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Abstract 
Introduction: This thesis examines how four health-related behaviours (HRBs) – smoking, 

alcohol, diet, physical activity – cluster within individuals during mid-adulthood, the 

relationship between socio-economic position (SEP) in pre-adolescence and mid-adulthood 

and HRB cluster membership in mid-adulthood and the extent to which mid-adulthood SEP 

influences change in HRB cluster membership during mid-life. 

Methods: The research used datasets from two British birth cohort studies: The National Child 

Development Study (born in 1958) and the British Birth Cohort study (born in 1970). Latent 

variable modelling was employed to: (i) identify cross-sectional membership of clusters, who 

shared patterns of HRBs: (ii) examine changes in cluster membership during mid-life: and iii) 

validate the relationship between SEP in pre-adolescence and mid-adulthood and HRB cluster 

membership.  

Results: Three distinct clustered patterns of HRBs were identified and subsequently labelled: 

‘Risky’ (1–9%), ‘Moderate Smokers’ (20–30%) and ‘Mainstream’ (68–77%). The Mainstream 

cluster was characterised by more health-promoting behavioural patterns, i.e. not smoking, 

frequent fruit and vegetable consumption, less frequent consumption of chips and fried food, 

being more physically active, although frequent consumption of sweet foods was common. 

HRB cluster patterns were largely consistent across cohort and gender groups, with some 

differences in prevalence. More disadvantaged SEP in pre-adolescence predicted more 

disadvantaged SEP in mid-adulthood which increased the probability of membership of the 

‘Risky’ and ‘Moderate Smokers’ clusters compared to the ‘Mainstream’ cluster. HRB cluster 

membership was found to be relatively stable during mid-life, although there was evidence of 

transitions to more health-promoting clusters. These transitions were not influenced by mid-

adulthood SEP. 

Discussion: Consistent findings for the two cohorts imply HRB clustering and their social 

patterning persists across time and provides a person-centred understanding that can inform 

interventions to improve HRBs. The contemporaneous influence of mid-adulthood SEP on 

cluster membership provides optimism, suggesting that mid-adulthood lifestyles may be 

modifiable. 
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1 Chapter 1: Introduction  
This doctoral research focuses on four health-related behaviours (HRBs): smoking, alcohol, diet 

and physical activity. These four HRBs have been selected due to their known effects on 

mortality and morbidity in high-income countries, including the United Kingdom (Lim et al., 

2013). These four HRBs are a major focus of domestic public health policy because they are 

major risk factors for a number of non-communicable diseases including cardiovascular 

disease, cancer and lung disease which are among the leading causes of premature mortality 

in the United Kingdom (DOH, 2014). 

Smoking, heavy alcohol consumption, physical inactivity, high consumption of sugar and fat, 

and low consumption of fruit and vegetables negatively impact on health (Schuit et al., 2002). 

In contrast, not smoking, moderate alcohol consumption, being physically active, consuming a 

higher proportion of fruit and vegetables and a low proportion of fat and sugar, positively 

impact on health (Byrne et al., 2016; Harrington et al., 2010). From a public health perspective, 

addressing negative HRBs and promoting positive HRBs is important because they are 

modifiable (Filippidis et al., 2016).  

Policymakers attempting to address negative HRBs and promote positive HRBs are currently 

working within siloes that consider them as individual and unrelated entities (Buck and Frosini, 

2012; Filippidis et al., 2016; Noble et al., 2015). This thesis takes the view that considering 

these HRBs as unrelated may not be appropriate, given a growing body of empirical evidence 

(Meader et al., 2016; Noble et al., 2015) which suggests that individuals have multiple HRBs 

which do not co-occur through chance and therefore cluster. Consequently, this thesis takes a 

person-centred approach by considering the underlying relationship between HRBs, in order to 

better understand the formation of health lifestyles in mid-adulthood.  

This thesis also identifies the influence of social circumstances on HRB clustering as well as 

how HRB clustering may change during mid-adulthood. This is based upon existing empirical 

evidence which suggests that the clustering of HRBs is socially patterned (Meader et al., 2016; 

Noble et al., 2015), multiple HRBs have the potential to change during mid-life (Mulder et al., 

1998) and social circumstances can influence multiple HRB change (Buck and Frosini, 2012).  

The thesis builds upon this existing evidence by considering differences in HRB clustering 

across two British cohorts and examines the influence of social circumstances at different 

points in the lifecourse on HRB clustering across the two cohorts. Change in HRB clustering 

during mid-adulthood is also investigated in the earlier-born cohort. 
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This chapter provides relevant background for the thesis and will be drawn upon throughout. 

Concepts of multiple HRBs and HRB clustering are introduced, the salience of HRB clustering in 

mid-adulthood and the social determinants and lifecourse framework are explained, as is the 

significance of cross-cohort comparisons. The structure of the thesis is also provided. 

1.1 Multiple health-related behaviours 

Individuals practise multiple HRBs in their everyday lives (Cockerham, 2005). Empirical 

evidence has identified that, on average, individuals in the UK engage in 2 to 3 negative HRBs 

out of the 4 listed above, with a very small number of people engaging in 0 or 1 negative HRBs 

(Buck and Frosini, 2012; Lawder et al., 2010; Poortinga, 2007; Shankar et al., 2010). This is of 

public health concern, given evidence that suggests that the presence of multiple negative 

HRBs increases the risk of mortality (Khaw et al., 2008; Kvaavik et al., 2010; Martin-Diener et 

al., 2014), morbidity (Alageel et al., 2016; Artaud et al., 2016; Chow et al., 2010; Sabia et al., 

2012) as well as pre-outcome indicators, such as cardiovascular disease biomarkers (Loprinzi et 

al., 2016).  

1.2 Health-related-behaviour clustering  

There are two main areas of investigation within multiple HRB research: co-occurrence and 

clustering (McAloney et al., 2013). Examination of co-occurrence involves analyses ‘of the 

concurrent but independent, engagement in two or more HRBs’ (McAloney et al., 2013: 366) 

whereas clustering investigates ‘underlying associations between co-occurring health-related 

behaviours’ (McAloney et al., 2013: 366). Therefore, the clustering of HRBs ‘implies that they 

are not independent of each other’ (Ebrahim et al., 2004: 4). Literature using these different 

approaches to investigate HRB has been appraised in this thesis. Studies which have used both 

approaches suggest that the presence of multiple HRBs is not through chance (Laaksonen et 

al., 2001; Poortinga, 2007; Schuit et al., 2002; Silva et al., 2013; Tobias et al., 2007). For 

example, the literature appraised in this thesis provides compelling evidence that individuals 

who smoke and drink alcohol heavily also have poorer (Meader et al., 2016; Noble et al., 

2015).  

This evidence suggests that these HRBs are inter-related and that the clustering approach is 

preferable in order to study patterns of health behaviour. This implies that current public 

health policies, which tackles these four HRBs as individual entities, may not be appropriate 

and that public health interventions need to take a more sophisticated approach and consider 

the inter-relatedness of these four HRBs. Moreover, a clustering approach to HRB allows a 

deeper understanding of the types of people who share these lifestyles which can inform the 
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development of lifestyle interventions that target specific subgroups of the population 

(Graham et al., 2016).  

At the same time, there is still a large amount of variability in the number and nature of HRB 

patterns being reported across studies investigating HRB clustering (Noble et al., 2015). The 

literature appraised in this thesis suggests that this lack of consensus is, in part, due to 

heterogeneity across the studies in terms of the populations under investigation, the 

measurement of HRBs and the analytical methods employed. Therefore, whilst insightful, this 

literature provides no a priori on which to base a theoretical approach.  

Consequently, a data driven clustering approach using latent variable models to investigate 

multiple HRBs is preferred and is the focus of this doctoral research. 

The clustered patterns of multiple HRBs are considered to reflect health lifestyles (Cockerham, 

2005; Jones et al., 2011; Maller, 2015; Pampel et al., 2010). The clusters may consist of 

negative HRBs that are health damaging (e.g. smoking, heavy alcohol consumption, a diet high 

in sugar and fat and low in fruit and vegetables, and physical inactivity), positive HRBs that are 

health promoting (e.g. not smoking, light or moderate alcohol consumption, a diet low in sugar 

and fat and high in fruit and vegetables and low in sugar and fat, and regular physical activity) 

or a mixture of both. 

These clusters of HRBs are considered to provide self-identity and meaning and reflect the 

consumption patterns of particular social groups (Blue et al., 2014; Cockerham, 2005). 

Therefore, groups of individuals who share clustered patterns of HRBs practise them within a 

particular social context located in a particular time and place (Burton-Jeangros et al., 2015). 

These subgroups dictate the persistence or demise of HRB clusters (Maller, 2015). Within this 

context, HRB clusters not only reflect social groups, but can also be considered dynamic and 

prone to change across historical time, generations and the lifecourse (Short and Mollborn, 

2015). 

Consequently, a comprehensive investigation of HRB cluster patterns in different subgroups of 

the population can provide a person-centred understanding of multiple HRBs which in turn 

can inform both individual-level and population-level interventions to improve HRBs that 

reflect the individual’s experience (Buck and Frosini, 2012; Watts et al., 2015).  
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1.3 The importance of health-related-behaviour clustering in mid-adulthood 

The focus of this doctoral research is HRB clustering in mid-adulthood. There is some evidence 

to support the notion that individual HRBs are relatively stable during this period of life 

(Benzies et al., 2008; Mulder et al., 1998). This is in contrast to adolescence and young 

adulthood (i.e. teens and twenties (Backett and Davison, 1995)) which are considered to be 

normative periods for behavioural experimentation (Fothergill et al., 2009; Schooling and Kuh, 

2002). 

HRB stability during mid-life implies that HRBs could be sustained across mid-adulthood which 

is considered to be an important period in the lifecourse when individuals play a central role in 

supporting younger and older generations and make a valuable contribution to the workforce 

and society (Lachman et al., 2015). Prolonged patterns of negative HRBs may adversely impact 

the next generation, with evidence demonstrating parental behaviours influence those of their 

children (Brown and Ogden, 2004; Crawley and While, 1996; Edwardson and Gorely, 2010; 

Gilman et al., 2009; Nash et al., 2005; Pearson et al., 2009; Van Der Vorst et al., 2005). There 

may also be repercussions for the economy, given that informal caregiving to older 

generations is most commonly performed by mid-age adults (Lachman et al., 2015) and is 

increasingly relied upon in developed countries (O’Reilly et al., 2015). From a labour force 

perspective, poor health in the working-age population, of which a high proportion are middle-

aged, costs the UK economy over £100 billion annually (Shreeve et al., 2015).  

This also has implications on health outcomes, given evidence that HRBs may continue to track 

from mid-adulthood into later life (Hamer et al., 2012) and that a persistent lifestyle consisting 

of multiple negative HRBs during mid-life is associated with earlier mortality (Berstad et al., 

2016). 

At the same time, some change in HRBs has been observed during mid-adulthood, tending to 

be in a positive direction – for example, increased fruit and vegetable consumption (Artaud et 

al., 2016; Backett and Davison, 1995; Benzies et al., 2008; Mulder et al., 1998; Sijtsma et al., 

2012), reductions in the number of cigarettes smoked or abstinence from smoking (Artaud et 

al., 2016; Backett and Davison, 1995; Mulder et al., 1998; Paffenbarger Jr et al., 1993) and 

reduced alcohol consumption (Backett and Davison, 1995; Benzies et al., 2008; Britton et al., 

2015; Meng et al., 2014; Molander et al., 2010; Mulder et al., 1998). Some research has also 

found HRB change in mid-life to be negative – for example, reductions in physical activity 

(Allender et al., 2008b; Artaud et al., 2016; Corder et al., 2009; Mulder et al., 1998; 

Wannamethee et al., 1998).  
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This line of enquiry is important given that to date, and to my knowledge, there is no research 

examining the stability of HRB clustering in mid-life in Britain. Furthermore, research indicates 

that positive change in HRBs during mid-adulthood may prevent early death (Berstad et al., 

2016) as well as improve physical functioning (Cooper et al., 2011) and reduce the risk of 

disability in later life (Artaud et al., 2016).  

Investigating the stability of HRB clustering during mid-life may elucidate ‘natural fluctuations’ 

in HRBs (Mulder et al., 1998) which can inform population-level interventions to improve HRBs 

in this particular age group. Therefore, the extent to which HRB stability in mid-life is 

applicable to the clustering of multiple HRBs is both questionable and salient and is 

subsequently investigated in this work. 

1.4 A cross-cohort comparison of two British birth cohort studies 

This thesis uses longitudinal prospectively collected data from two British birth cohort studies. 

The National Child Development Study (NCDS) which follows the lives of 17,514 live births born 

within the same week in 1958 across England, Scotland and Wales (Power and Elliott, 2006) 

and the 1970 British Birth Cohort Study (BCS70), following the lives of 16,571 people born 

across England, Scotland and Wales in one week in 1970 (Elliott and Shepherd, 2006). Further 

information on these studies is provided in section 5.1.1. 

The ability to take a data driven rather than theoretically driven approach to determine the 

clustering of HRBs is possible due to these two well-conducted cohort studies, the NCDS and 

the BCS70, that provide large samples containing information on all four HRBs. Moreover, the 

two cohort studies used in this thesis were selected because both contain rich longitudinal 

data on HRBs during mid-life and social circumstances at different points in the lifecourse. This 

information is prospectively, rather than retrospectively, collected, allowing for the temporal 

ordering of variables across the lifecourse, improving causal inference (Hoyle and Robinson, 

2003) and minimising recall bias (Cohen et al., 2010).  

A cohort comparison is made possible in these two cohorts due to their similarities in study 

design and both contain deliberately similar variables (Ekinsmyth et al., 1992). This ability to 

compare cohorts will be exploited in this thesis. Such a comparison maximises the research 

potential of these existing cohort studies (Khoury and Evans, 2015) by evidencing the 

successful replication of the research methodology. This approach allows for a valid 

comparison of the study results by reducing the likelihood of differences due to differential 

measurement. Moreover, the cross-cohort comparison controls for cohort effects which are 
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inherent to any single longitudinal study, and indicates the combined effects of period and age 

(Schoon, 2006). Additionally, there is a period of overlap across the two cohorts. Participants in 

both cohorts are in mid-adulthood in the early 2000s, with BCS70 participants being in their 

30s and NCDS participants being in their 40s. Consequently, similarities in findings at these 

ages may, to some extent, elucidate period effects (Schoon, 2006). 

 

Findings which are consistent across the two cohort studies provide a stronger argument that 

the results persist across time and may to some extent be generalised to later cohorts (i.e. 

mid-age adults within Britain today). At the same time, findings that are different across the 

two cohorts can increase our understanding of how the unique experiences of these groups of 

participants born 12 years apart influence the clustering of HRBs and the relationship between 

HRB cluster membership and social circumstances. In consequence, elucidating cohort 

differences may serve to generate new hypotheses as to how the unique experiences of later 

cohorts may influence their health lifestyles. 

1.5 Social determinants and lifecourse framework 

This thesis takes the view that social circumstances at different points in the lifecourse may be 

particularly salient in the development of health lifestyles in mid-adulthood. SEP during pre-

adolescence (age 8–11, (Maggs et al., 2008)) may be a critical period in the formation of HRB 

clustering in mid-adulthood. It is conceived that this effect, at least in part, could occur 

through the accumulation of resources dictating early mid-adulthood SEP which may in turn 

influence mid-adulthood HRB clustering. 

This doctoral research builds upon well-established determinants of health models (Brunner 

and Marmot, 2006; Dahlgren and Whitehead, 1991) whereby structural factors are considered 

to determine HRB clustering rather than individual agency. This approach diverts attention 

from individual choice as the driver of lifestyle and instead highlights the role of disadvantaged 

social circumstances at key stages in life, captured by their socio-economic position (SEP) 

consisting of material, occupational and cultural dimensions (Bartley et al., 1999; Sacker et al., 

2001), in relation to HRBs. Disadvantaged SEP may prevent participation in positive HRBs that 

are health promoting whilst at the same time encouraging negative HRBs that are health 

damaging (Katikireddi et al., 2013; Maller, 2015).  

Examining the role of SEP during pre-adolescence in relation to mid-adult HRB clustering could 

show how social circumstances at an early stage in the lifecourse would link to a particular HRB 

cluster, deepening our understanding of health inequalities previously observed in the two 
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cohort studies (i.e. the NCDS and the BCS70) used in this thesis (Ferri et al., 2003; Mensah and 

Hobcraft, 2008; Parsons et al., 2013), via behavioural or social pathways. This line of enquiry is 

important, given evidence that HRBs may explain between 54% (Laaksonen et al., 2008) and 

70% (Beauchamp et al., 2010) of the relationship between measures of SEP and mortality. The 

implications of this framework would be that policies and interventions to prevent health-

damaging HRB clustering in mid-age should take a lifecourse approach by considering social 

circumstances earlier in life. 

1.6 Structure of the thesis 

Chapter 2 outlines literature that guided the development of the conceptual model for this 

thesis and elaborates on the points raised in this section. The model to be tested is described 

in chapter 3. This is followed by the aims, objectives and research questions which are outlined 

in chapter 4. An overview of the data, variables and statistical analysis used in this thesis are 

presented in chapter 5. The three succeeding chapters 6, 7 and 8 relate to each of the research 

objectives outlined in chapter 4, each providing more detail on the methods used to address 

that specific objective, including the analytical sample and management of missing data as well 

as the results and an interim discussion. Chapter 9 summarises result chapters 6, 7 and 8, 

provides further interpretations and policy implications, outlines areas of future work, gives a 

brief final reflection and ends with concluding remarks. 
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2 Chapter 2: Literature review  

2.1 Introduction  

The literature reviewed in this chapter has guided the formulation of the research aim 

(outlined in chapter 4) and is divided into five parts. The literature outlined in the first three 

parts has contributed to the development of each of the three research objectives (outlined in 

chapter 4). Section 2.2 relates to objective 1 and outlines an appraisal of the body of research 

investigating HRB clustering and factors that have been found to predict HRB cluster 

membership. Section 2.3 relates to objective 2, presenting literature pertaining to the 

relationship between HRBs in adulthood and different aspects of social circumstances in 

childhood and adulthood. Section 2.4 relates to objective 3 and describes research 

investigating the stability of HRBs during mid-adulthood.  Section 2.5 of this chapter gives a 

brief summary of the literature reviewed and section 2.6 outlines gaps in knowledge.  

2.2 An appraisal of health-related-behaviour clustering research 

A growing body of research evidence indicates that four HRBs, smoking, alcohol, diet and 

physical activity, cluster together and do not co-occur by chance. Much of this work is 

succinctly described in two recently conducted literature reviews. The first was undertaken by 

Noble et al. (2015) which identified fifty-six studies conducted internationally exploring the 

clustering of smoking, nutrition, alcohol and physical activity risk factors. The second was 

conducted by Meader et al. (2016) who focused on studies conducted in the United Kingdom 

investigating the clustering of negative HRBs, including alcohol misuse, physical inactivity, poor 

diet and smoking alongside a wider range of risk behaviours (such as sexual behaviour, drug 

misuse and not wearing a seatbelt), identifying thirty-seven studies in total. 

Through examination of the references lists from these two literature reviews (Meader et al., 

2016; Noble et al., 2015) as well as conducting literature searches in several databases,1 

twenty-one studies2 investigating the clustering of all four HRBs within working-age adult 

population samples were appraised. A summary of these studies can be found in Table 2.1. 

 

                                                           
1 Including Web of Science, PubMed, Ovid, MEDLINE, Cochrane Library, CINAHL, AMED. 
2 Thirteen were identified via literature search engines and reference lists between 2013 and 2017, 
three of which are also mentioned by Meader et al. (2016). Seven additional studies were identified via 
the literature review conducted by Noble et al. (2015). 
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Table 2.1 Summary of studies used in the appraisal of HRB clustering research 

Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations found Limitations 

Bécue-Bertaut 
et al. (2008) 

Smokers 

Former smokers 

Non-smokers 

Drinkers 

Occasional 
drinkers 

Former drinkers 

Non-drinkers 

 

Open ended 
question ‘what did 
you eat yesterday?’ 

Physically inactive 

Walking 

Sport 

Running 

Cluster 
analysis 

Croatian 
population 
(age 18+) 

5,048 Seven clusters identified     

C1 ‘Drinkers/former 
drinkers, former smokers, 
physically inactive’                                 
C2 ‘Drinkers/former 
drinkers, smokers/former 
smokers, walking/running’                  
C3 ‘Drinkers, 
smokers/former  smokers, 
sport/running’                     
C4 ‘Non-drinkers, non-
smokers,  physically 
inactive, healthy diet 
[+poor SRH]’                                
C5 ‘Non-drinkers, non-
smokers, physically 
inactive [+good SRH]’        
C6 ‘Occasional drinkers, 
smokers, walking, healthy 
diet [+good SRH]’                              
C7 ‘Occasional drinkers, 
smokers, walking 
[+excellent SRH]’ 

SEP Covariates: Education                 
Economic status (i.e. 
employment) 

Lack of information on 
classification criterion 
used for health-related 
behaviour variable 
categories. Difficult to 
compare with other 
studies as a result. 
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Table 2.1 Summary of studies used in the appraisal of HRB clustering research 

Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations found Limitations 

Berrigan et al. 
(2003) 

 

Never/Former 
smokers combined. 

Current smokers. 

Average number of 
alcoholic drinks 
consumed per day 
and episodes of 
binge drinking (≥5 
drinks in one 
setting) in previous 
12 months. 

Adherence to 
recommendations: 
≤2 drinks per day 
(men)                               
≤1 drinks per day 
(women) 

And no episodes of 
binge drinking in 
previous 12 
months. 

Portions of fruit and 
vegetables 
consumed per day 
(via food frequency 
questionnaire). 

% of fat in diet (recall 
of fat consumption 
in last 24 hours). 

Adherence to 
recommendations: 

≥5 portions of fruit 
and vegetables 
consumed per day. 

<30% total calories 
from fat. 

Frequency and 
intensity of leisure-
time physical 
activity.  

Being physically 
active: 

3 x vigorous 
activity (METs > 6) 
per week. 

Or 

5 x moderate 
activity (METs 3–6) 
per week. 

Prevalence 
Odds Ratio 

American 
population 
(age 20+, 
mean=46) 

15,425 Patterns identified: 
Smoking and alcohol. 
Smoking, alcohol and 
diet.                                 
All four HRBs cluster 
(both positive and 
negative). 

Covariates:          
Education                   
Income 

Dichotomised health-
related behaviour 
measures. 

Using prevalence odds 
ratios to determine 
clustering. 

 

Bondy and 
Rehm (1998) 

 

Non-smoker 

Current smoker 

Alcohol 
consumption in last 
7 days. 

Average frequency 
of alcohol use in last 
12 months. 

Percentage of energy 
from fat. 

Level of total 
physical activity. 
Energy 
expenditure units. 

Cluster 
analysis 

American 
population 
(age 35–64) 

6,060 Men = 9 clusters                
‘Yuppies1’                   
‘Special event drinker’                  
‘Yuppies2’                  
‘Active middle-agers’                     
‘Gourmands’                 
‘Problem drinkers’ 
‘Poor and unwell’             
‘No check-ups’              
‘Over-doers’ 

Women = 8 clusters                        
‘Older and wiser’            
‘Hard drinkers’         
‘Yuppies’                      
‘Alcohol problems’         
‘Jocks’                  
‘Weekenders’                
‘Negative’               
‘Educated Jocks’            
SEP Covariate=Income 

Large number of 
clusters. Query 
application to health-
related behaviour 
policy/intervention? 
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Table 2.1 Summary of studies used in the appraisal of HRB clustering research 

Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Conry et al. 
(2011) 

 

Non-smokers (not 
smoking now and 
<100 cigarettes in 
lifetime) 

Former smokers (not 
smoking now and 
>100 cigarettes in 
lifetime) 

Current smokers (> 
100 cigarettes in 
lifetime) 

Alcohol use 
disorder 
identification test 
used. (AUDIT-C) 

Score of 1–5 
indicates moderate 
drinking. 

Score of 6+ 
indicates hazardous 
drinking. 

 

Food Frequency 
Questionnaire. 

Multiple food groups 
included. 

Dietary approaches 
to stop hypertension 
(DASH) score used.  
(1=poor; 
5=excellent) 

International 
Physical Activity 
Questionnaire. 

IPAQ gives 
continuous MET 
scores. 

Low=little/no 
exercise 

Moderate =5 days 
per week, 30 
minutes, 600 METs 
per week. 

Vigorous=3 days 
per week, 1500 
METs per week.   

Cluster 
analysis 

Irish 
population 
(age 18+)  

10,278 6 clusters 
identified 

‘Former Smokers’ 

‘Temperate’ 

‘Physically 
Inactive’ 

‘Healthy lifestyle’ 

‘Multiple risk 
factor’ 

‘Mixed lifestyle’ 

Covariates: 
Occupational 
social class 

Only one information 
criterion used to select the 
number of clusters (BIC). 

De Vries et al. 
(2008) 

 

Non-smokers. 

Occasional and daily 
smokers combined. 

Dutch Quantity-

Frequency-

Variability 

Questionnaire. 

≤3 glasses alcohol 

per day for men = 

adherence to norm. 

≤2 glasses alcohol 
per day for men = 
adherence to norm. 

Fruit and Vegetable 

consumption. 

≥2 pieces of fruit per 

day = adherence to 

norm. 

≥200g vegetables 
per day = adherence 
to norm. 

Frequency of 

activity for at least 

10 minutes. 

Engaging in 30 
minutes activity 5 
days a week = 
adherence to 
norm. 

Latent Class 
Analysis 

Dutch 
population 
(age 12+) 

9,449 3 clusters 

identified 

‘Healthy’ 

‘Unhealthy’ 

‘Poor Nutrition’ 

Covariates: 

Education 

Dichotomised health 
behaviour measures. 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Falkstedt et al. 
(2016) 

 

Daily smoker 

Non-daily smoker  

‘Do you currently 
smoke tobacco on a 
daily basis?’ 

‘Risky’ vs ‘non-risky’ 

alcohol 

consumption. 

Risky alcohol 
consumption 
defined as 
consuming > 168 g 
100% alcohol per 
week for men and > 
108 g 100% alcohol 
per week for 
women.  Or 
consuming the 
equivalent of half a 
bottle of spirits (35 
cl) on the same 
occasion at least 
once a month. 

Meeting 

recommended levels 

of fruit and 

vegetable 

consumption. 

Non-adherence to 
recommended levels 
defined as less than 
4 servings of fruit 
and vegetables per 
day (approximately 
400g per day). 

Below 

recommended 

levels of physically 

activity. 

Recommended 
levels of leisure 
physical activity 
defined as ≥150 
min of moderate 
intensity or ≥75 
min of high 
intensity activity 
per week or a 
combination of 
both. 

Prevalence 
Odds Ratio 

Swedish 
population 
(age 30–65) 

24,241 Having none and 

having all four 

health-risk 

behaviours were 

found to cluster. 

Information not 

provided on the 

clustering of 

specific HRBs. 

Covariates: 

Participant’s 

education. 

Participant’s 

parents’ 

education.  

Dichotomised health 

behaviour measures. 

Using prevalence odds 

ratios to determine 

clustering. 

No information on the 
clustering of specific HRBs. 

French et al. 
(2008) 

 

Current Smoker 

Non-smoker 

Number of drinkers 

per day in the past 

week. 

Unsafe drinker is ≥5 
or ≥3 drinks on any 
day for males or 
females. 

Average number of 

portions of fruit and 

vegetables per day. 

Low consumption is 
<2 servings or <cups 
of fruit and 
vegetables per day. 

Number of days of 

general or 

moderate physical 

activity in the past 

week. 

Inactive is <5 or <3 
days of general or 
moderate physical 
activity. 

Cluster 
analysis 

Australian 
population 
(age 16–69) 

8,668 Four clusters 

identified 

‘Safe’                  

‘Moderate’                     

‘Risky smokers’                

‘Risky drinkers’ 

SEP Covariates:   

Income  

Dichotomised health 
behaviour measures. 

 

 

 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Heroux et al. 
(2012) 
 
 

Current smokers. 
Non-smokers. 

Number of drinks 
consumed in past 
week. 
Non/light drinkers 
grouped. 
Heavy drinkers 
indicated by: 
≥8 drinks for 
women 
≥15 drinks for men 

3-day diet record. 
Coded using Cooper 
Clinic Nutrition and 
Exercise Evaluation 
System. 
Multiple food groups 
included. 
Scores categorised  
‘Unhealthy diet’ = 5th 
quintile. 
‘Healthy diet’ = 1st-
4th quintile. 

Frequency, 
distance and time 
spent exercising. 
Categorised into 
‘Physical active’ 
=doing sports or 
walk/jog 1–16km 
per week 
‘Physical inactive’ 
=no sports or 
walk/jog 0 km per 
week 
Cardiorespiratory 
fitness (measured 
using treadmill 
exercise) 
‘Unfit’ indicated 
by: Lowest 20%   

Latent Class 
Analysis 

US 
population 
(age 20–84) 

13,621 2 clusters 
identified  
 
‘Healthy’ 
 
‘Unhealthy’ 
(particularly diet) 
 
SEP Covariates: 
None 

Dichotomised health 
behaviour measures. 

Laaksonen et 
al. (2001) 
  

Non-smokers. 
Occasional and daily 
smokers combined. 

Units of alcohol per 
week. 
‘Unhealthy alcohol 
consumption’ 
indicated by: 
>8 units per week 
for men 
>5 units per week 
for women 

‘Unhealthy diet’ = 
scoring 2/3 on 
unhealthy choices 
index 
fresh vegetables <3 
times a week 
using butter on 
bread 
drinking whole milk 
eating >5 slices of 
bread per day 

‘Unhealthy 
physical activity’ =  
Leisure-time 
physical activity 
for 30 minutes 
duration < once 
per week. 

Prevalence 
Odds Ratio 

Finish 
population 
(age 20–64) 

22,745 Unhealthy 
behaviours 
positively 
associated.  
 
Alcohol 
consumption and 
diet had an 
inverse 
association. 
 
Presence of other 
health behaviours 
modified strength 
of associations 
between 2 
behaviours. 
 
Direction of 
alcohol and 
physical activity 
depended on 
presence of other 
health behaviours. 
 
SEP Covariate: 
Education 

Dichotomised health 
behaviour measures. 
Using prevalence odds 
ratios to determine 
clustering. 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Maibach et al. 
(1996) 

 

Average number of 

cigarettes per day 

Average frequency 

of alcohol 

consumption. 

Average number of 

drinks per drinking 

day. 

Average number of 

portions of fruit and 

vegetables per day. 

Fat consumption. 

Frequency of eating 
desserts. 

Days per week of 

20 minutes 

vigorous physical 

activity. 

Days per week of 
moderate physical 
activity and 
average duration. 

Cluster 
analysis 

American 
population 
(adults – age 
range not 
reported) 

2,910 Seven clusters 

identified 

‘Physical 

fantastics’ ‘Active 

attractives’ ‘Tense 

but trying’ ‘Decent 

dolittles’ ‘Passively 

healthy’ ‘Hard 

living hedonists’ 

‘Non-interested 

nihilists’ 

SEP Covariates: 

Household income 

Education 

No covariates included in 

the analysis. 

Age range not reported. 

Patterson et 
al. (1994) 

 

Average number of 
cigarettes per day. 

Average number of 
drinks per week. 

Diet quality score 
(24-hour diet recall 
and 2-day food 
diary). 

Frequency of 
leisure-time 
physical activity. 

Cluster 
analysis 

American 
population 
(age 21+) 

1,463 7 clusters 

identified 

‘Health 

promoting’ ‘Good 

diet’              

‘Fitness’                    

‘Passive’                   

‘Drinker’                       

‘Smoker’                    

‘Hedonic’ 

SEP Covariates: 

Education                     

Income 

Only measures quantity of 

alcohol consumption (no 

frequency). 

Only measures frequency 
of leisure-time physical 
activity (no other forms of 
physical activity 
considered or 
duration/intensity of 
activity). 

 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Poortinga 
(2007) 

 

Non-smokers 

Light/moderate/ 
heavy smokers 
combined 

Units of alcohol per 
week. 

‘Unhealthy alcohol 
consumption’ 
indicated by: 

>8 units on at least 
one day per week 
for men 

>6 units on at least 
one day per week 
for women 

Fruit and vegetable 
consumption. 

‘Unhealthy diet’ 
indicated by: 

<5 portions or fruit 
and vegetables per 
day 

Frequency, 
duration, intensity 
of physical activity 
(includes leisure-
time, commuting, 
occupational, 
domestic) 

‘Unhealthy 
physical activity’ 
indicated by: 

<30 minutes 
moderate activity 
5 days per week in 
the last 4 weeks. 

Prevalence 
Odds Ratio 

UK 
population 
(age 16–64) 

11,492 Smoking and 
heavy alcohol 
consumption 
cluster strongly 
with unhealthy 
diet.                           
Lack of physical 
activity cluster 
with unhealthy 
diet.                        
Inverse association 
between smoking 
and physical 
activity.                      
Inverse association 
between alcohol 
and physical 
activity.                

SEP Covariates: 
Occupation                          
Housing tenure 
Employment.  

Dichotomised health 
behaviour measures. 

Using prevalence odds 
ratios to determine 
clustering. 

Schneider et 
al. (2009) 

 

Non-smokers and 
occasional smokers 
combined. 

Daily smokers. 

Alcohol (in grams) 
consumed over past 
weekend and last 
day of week. 

‘Unhealthy alcohol 
consumption’ 
indicated by: 

>10g per day for 
women 

>20g per day for 
men 

Fruit and Vegetable 
consumption. 

‘Unhealthy diet’ 
indicated by: 

<250g fruit and 
vegetables per day 

Nature, duration, 
frequency and 
intensity of 
physical activity 
(sports only) 

‘Unhealthy 
physical activity’ 
indicated by: 

Sporting activity 
<1hr per week for 
a whole year. 

Cluster 
analysis 

German 
population 
(age 50–70) 

2,002 5 clusters 
identified:                   
‘No risk 
behaviours’ 
‘Physically 
inactive’ ‘Fruit and 
Vegetable 
avoiders’                  
‘Smokers with risk 
behaviours’               
‘Drinkers with risk 
behaviours’               
SEP Covariates: 
Income, 
education, 
occupation.                  

Dichotomised health 
behaviour measures. 

No information criterion 
used to determine number 
of clusters (R-squared, 
pseudo F, t-statistics used) 

Small sample (no power 
calculation provided). 

Restricted to those aged 
50+. 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 

Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 
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Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Schuit et al. 
(2002) 

 

Non-smokers 

Smokers (≥1 
cigarette per month) 

Glasses of alcohol 
per day.  

‘Unhealthy alcohol 
consumption’ 
indicated by: 

>3 glasses of 
alcohol per day for 
men 

>2 glasses of 
alcohol per day for 
women 

Fruit and Vegetable 
consumption 

‘Unhealthy diet’ 
indicated by: 

<350g vegetables 
and fruit per day. 

Duration and 
intensity of 
physical activity 
(includes 
commuting, 
leisure, domestic). 

‘Unhealthy 
physical activity’ 
indicated by: 

<30 minutes 
moderate or 
vigorous physical 
activity per day  

Prevalence 
Odds Ratio 

Dutch 
population 
(age 20–65) 

16,789 All behaviours 
associated with 
each other. 

Except heavy 
alcohol 
consumption and 
low physical 
activity (no 
association 
found). 

Alcohol and 
smoking had the 
strongest 
association. 

SEP Covariates: 
Education 

Dichotomised health 
behaviour measures. 

Using prevalence odds 
ratios to determine 
clustering. 

Silva et al. 
(2013) 

 

Non-smoker and 
former smokers 
combined. 

Current smokers. 

Alcohol use 
disorder 
identification test 
used. (AUDIT) 

Score ≥8 indicates 
problematic alcohol 
consumption. 

Fruit and vegetable 
consumption. 

‘Unhealthy diet’ 
indicated by: 

<5 portions or fruit 
and vegetables per 
day 

Frequency of 
physical activity 
(leisure-time only). 

‘Unhealthy 
physical activity’ 
indicated by: 

<once per week in 
the last 3 months. 

Prevalence 
Odds Ratio 

Brazil 
population 
(age 20–59) 

1,720 All behaviours 
associated with 
each other. 

Most common 
clustering was 
smoking, 
unhealthy diet, 
low physical 
activity. 

Strongest 
clustering was 
smoking, 
problematic 
alcohol use and 
unhealthy diet. 

SEP Covariates: 
Occupational class                
Income                       
Education. 

Dichotomised health 
behaviour measures. 

Using prevalence odds 
ratios to determine 
clustering. 

Small sample (power 
calculation is provided). 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 

Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 
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Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations found Limitations 

Slater and 
Flora (1991) 
 
 

Average number of 
cigarettes smoked 
per day. 

Average frequency 
of consuming 
alcoholic drinks. 

Dietary intake 
assessed using 9-
item index 
(classification of 
unhealthy diet not 
given) 

Index score of 
positive responses 
to physical activity 
involving walking, 
climbing stairs or 
vigorous exercise 
(classification of 
low physical 
activity not given) 

Cluster 
analysis 

American 
population 
(mean age 
37, no age 
range given) 

2,502 7 clusters identified 
(2 discarded – very 
small) 
‘Healthful adults’ 
‘Unhealthful adults’ 
‘Worried older 
adults’ ‘Healthful 
talkers’ ‘Healthful 
young adults’                    
‘Unhealthful young 
adults’                            
‘Young athletes’ 
 
SEP Covariates: 
Education                   
Income                 
Household size  

Dichotomised health-
related behaviours used 
for diet and physical 
activity.  
Classification of 
‘unhealthy’ diet / ‘low’ 
physical activity not given. 

Tobias et al. 
(2007) 
 
 

Non-smokers and 
occasional smokers 
combined. 
Daily smokers. 

Alcohol use 
disorder 
identification test 
used. (AUDIT) 
Score ≥8 indicates 
problematic 
alcohol 
consumption. 

Fruit and vegetable 
consumption. 
‘Unhealthy diet’ 
indicated by: 
<5 portions or fruit 
and vegetables per 
day 

Duration, 
frequency, 
intensity of 
physical activity 
(nature of activity 
not stated). 
‘Unhealthy 
physical activity’ 
indicated by: 
<150 minutes per 
week of moderate 
intensity (3 METs) 

Prevalence 
Odds Ratio 

New 
Zealand 
population 
(age 15+) 

10,241 Unhealthy 
behaviours had a 
stronger association 
compared to health 
behaviours. 
Healthy behaviours 
associated with one 
another. 
Except non-smoking 
and healthy physical 
activity. Healthy 
drinking and 
healthy physical 
activity. 
Unhealthy 
behaviours 
associated with one 
another. 
Strongest clustering 
was smoking, 
unhealthy alcohol 
and unhealthy diet. 
 
SEP Covariates: 
Deprivation index (9 
SES variables) 

Dichotomised health 
behaviour measures. 
Using prevalence odds 
ratios to determine 
clustering. 
 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and Year Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations 
found 

Limitations 

Tseng and Lin 
(2008) 

 

 

Average number 
of cigarettes per 
day. 

Average number of 
drinks per month. 

Frequency of fruit 
and vegetable 
consumption (days 
per week). 

Minutes of 
physical activity 
per week. 

Factor 
analysis 

Taiwanese 
population 
(age 15+) 

26,755 Two factors 

identified  

‘Risky’                    

‘Protective’ 

within each age 

group (15–24; 25–

39; 40–54; ≥55)  

for men and 

women 

SEP Covariates:                  

None 

Lack of comparability with 

other study results due to 

analysis type. 

Only gender and age 

considered in the analysis. 

 

van 
Nieuwenhuijzen 
et al. (2009) 

 

Total number of 
cigarettes per day 
(continuous) 

Number of days per 
week alcohol 
consumed 
(continuous) 

Total number of 
glasses consumed a 
day (range 0–7) 

Heavy drinking 
variable  (number 
of days x number of 
glasses)  

>4 indicates heavy 
drinking. 

Fruit and Vegetable 
consumption 

Number of days per 
week x number 
portions 
(continuous) 

Frequency, 
duration, intensity 
of physical activity 
(includes leisure, 
commuting, 
domestic, 
occupation) 

Exercise Light = 2–
4 METs 

Exercise Moderate 
= 4–6.5 METs  

Exercise vigorous 
= ≥6.5 METs 

Confirmator
y Factor 
Analysis 

Dutch 
population 
(age 12–40) 

4,395 3 clusters 
identified for 
adults (19–40) 
‘Health’                          
‘Alcohol’              
‘Delinquency’ 

Alcohol 
consumption 
identified as a 
separate cluster 
from smoking, diet 
and exercise. 
Negative 
association found 
between ‘Alcohol’ 
and ‘Health’ 
clusters. 

SEP Covariates: 
Education 

Included other health 
behaviours in model 
(sleep, unsafe sex, drug 
use, unsafe driving) 

Lack of comparability with 
other study results due to 
analysis type. 

Restricted to those aged 
≤40. 

 

Table 2.1 Summary of studies used in the appraisal of HRB clustering research 
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Cross-sectional studies investigating the clustering of four health behaviours (smoking, alcohol, diet, physical activity) in adults of working-age population samples 

Author and 
Year 

Smoking  Alcohol  Diet Physical Activity  Analysis 
type 

Sample Total N Associations found Limitations 

Verger et al. 
(2009) 

 

Non-smokers and 
occasional smokers 
combined. 

Daily smokers. 

Alcohol use 
disorder 
identification test 
used. (AUDIT) 

Regular users 
indicated by: 

Consumption at 
least 4–5 days per 
week. 

Binge users 
indicated by: 

Consuming 6 
glasses on the same 
occasion at least 
twice a month. 

Fruit and green 
vegetable 
consumption. 

‘Unhealthy Diet’ 
indicated by: 

<Daily or almost 
daily consumption. 

Physical activity 
frequency. 

‘Unhealthy 
Physical Activity’ 
indicated by: 

Stating ‘no’ to one 
question 

‘Do you regularly 
engage in some 
sport or activity 
that you would 
view as sport in 
terms of intensity 
or duration?’ 

Cluster 
analysis 

French 
population 
(age 18+) 

17,355 Five clusters 
identified    ‘Healthy 
lifestyle’ ‘Non-
consumers of fruit 
and green 
vegetables’               
‘Regular alcohol 
consumers’             
‘Smokers’              
‘Frequent binge 
drinkers’ 

SEP Covariates: 
Household income 
Occupational class 

Dichotomised health 
behaviour measures. 

 

Vermeulen-
Smit et al. 
(2015) 

 

Average number of 
cigarettes smoked 
per day in the last 4 
weeks. 

None                                
Less than one a 
week                                
Less than one a day      
1–5 per day                      
6–10 per day                        
11–20 per day                        
More than 20 per 
day 

Average frequency 
of alcohol 
consumption in last 
12 months.  

And Frequency of 
drinking ≥5 drinks 
in one day in last 12 
months. 

Every day               
Nearly every day    
3 to 4 days a week 
1 to 2 days a week 
1 to 3 days a month 
less than once a 
month                  
Average number of 
drinks per drinking 
day.                                
Range = 0 – 20.3 

Average number of 
days per week of 
groups consumed: 

Breakfast; 
Vegetables; Fresh 
fruit; Salty snacks; 
Sweet snacks; Deep-
fried meals; Sweet 
soft drinks. 

Ranging from 
never/<once per 
week (0) to once per 
week (7). 

 

Hours per week 
spent doing 
physical 
activity/sport? 

Range 0–30. 

Latent Class 
Analysis 

Dutch 
population 
(age 21–67) 

5,303 Four clusters 
identified:                     
Class 1: most 
healthy, mainly non-
smokers, moderate 
drinkers, active, 
healthy diet.              
Class 2: smokers, 
moderate drinkers, 
inactive, unhealthy 
diet. Class 3: 
smokers, heavy 
episodic drinkers, 
active, unhealthy 
diet. Class 4: 
smokers, frequent 
heavy drinkers, 
active, low fruit.            
SEP Covariates: 
Education, 
employment  
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2.2.1 Methodological considerations 

The methodologies of the twenty-one studies investigating HRB clustering have been 

appraised and have led to a number of factors being considered when comparing the study 

findings and in the development of this doctoral research. These factors are outlined below 

and relate to the treatment of HRB variables, sample characteristics and the statistical analyses 

employed. 

 Dichotomising HRB variables     

In the appraised HRB clustering literature, it appears that measures of the HRBs are commonly 

dichotomised into healthy and unhealthy categories. This practice leads to a substantial loss of 

information within each study. For example, studies dichotomised alcohol use into those 

drinking heavily compared to everyone else (De Vries et al., 2008; Falkstedt et al., 2016; 

Heroux et al., 2012; Laaksonen et al., 2001; Poortinga, 2007; Schneider et al., 2009; Schuit et 

al., 2002; Silva et al., 2013; Tobias et al., 2007). This comparison does not consider the 

differences between those who do not drink and those who drink light or moderate amounts. 

This is important, given that these groups may differ in terms of their socio-demographic 

characteristics (Bellis et al., 2016; Marmot, 1997; Power et al., 1998). 

Moreover, comparing the findings of these studies is problematic because dichotomised cut 

points vary, depending on how the HRB is conceptualised by the researchers. For example, 

some studies combine occasional and daily smokers together (De Vries et al., 2008; Laaksonen 

et al., 2001) while others combine occasional and non-smokers together (Schneider et al., 

2009; Tobias et al., 2007; Verger et al., 2009). 

Where possible, HRBs should not be dichotomised and instead treated as continuous or 

ordered. This approach not only increases statistical power (MacCallum et al., 2002), but more 

importantly it maximises the rich information in the data, potentially identifying clusters that 

may have been missed if variables were dichotomised (McAloney et al., 2013). 

 Statistical analyses used to identify HRB clustering 

Different statistical techniques have been used across the studies to determine clustering. 

Statistical techniques include prevalence odds ratios (Berrigan et al., 2003; Falkstedt et al., 

2016; Laaksonen et al., 2001; Poortinga, 2007; Schuit et al., 2002; Silva et al., 2013; Tobias et 

al., 2007), cluster analysis (Bécue-Bertaut et al., 2008; Bondy and Rehm, 1998; Conry et al., 

2011; French et al., 2008; Maibach et al., 1996; Schneider et al., 2009; Slater and Flora, 1991; 

Verger et al., 2009), latent class analysis (De Vries et al., 2008; Heroux et al., 2012; Vermeulen-

Smit et al., 2015) and confirmatory factor analysis (Tseng and Lin, 2008; van Nieuwenhuijzen et 
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al., 2009). The latter three, i.e. cluster analysis, latent class analysis and confirmatory factor 

analysis, are data reduction techniques (Hofstetter et al., 2014).  

Data reduction techniques may be preferable to prevalence odds ratios because they 

maximise efficiencies in the data by summarising information on multiple HRB variables into a 

select few (Hofstetter et al., 2014). Prevalence odds ratios are intended to capture the odds of 

having one negative HRB, given the prevalence of another negative HRB (Schuit et al., 2002). 

Prevalence odds ratios compare the observed prevalence of HRBs with the expected 

prevalence. If the prevalence odds ratio is above one, this indicates the clustering of HRBs3 

(Schuit et al., 2002). This method of analysis only allows researchers to treat HRB variables as 

dichotomous, potentially leading to a loss of rich information (McAloney et al., 2013). 

Furthermore, prevalence odds ratios have to be calculated for each potential combination of 

HRBs (McAloney et al., 2013). Unlike prevalence odds ratios, data reduction techniques do not 

require each HRB variable to be dichotomised into categories such as ‘risky’ and ‘non-risky’. 

Instead, data reduction techniques can incorporate a combination of dichotomous, ordinal and 

continuous variables into the model (Wang and Wang, 2012). Using variables with an array of 

categories retains valuable information on individual differences that may be present in the 

data (MacCallum et al., 2002). 

These three data reduction techniques (cluster analysis, latent class analysis, confirmatory 

factor analysis) can be further divided into those that are person-centred or variable-centred 

(Hofstetter et al., 2014). Cluster analysis and latent class analysis are person-centred 

approaches whilst confirmatory analysis is variable-centred. Person-centred approaches 

conceptualise interrelationships between HRBs as clustering together, with HRB patterns being 

shared by subgroups of the population (McAloney et al., 2013). This implies that an individual’s 

HRBs are represented through belonging to a single group. In contrast variable-centred 

approaches consider the interrelationship between HRBs to be a single continuum upon which 

individuals are placed (Hofstetter et al., 2014).  

A person-centred, rather than variable-centred, approach may be preferable because unlike 

other processes, such as ageing or cognitive decline, lifestyle is not an inevitable linear process. 

Consequently, HRB clustering may be better considered as categorical and therefore person-

centred, with each category reflecting distinct groups who are distinguished from one another 

                                                           
3 For example a POR of 2.5 for smoking and heavy alcohol consumption clustering indicates that individuals who smoke have 2.5 

higher odds of heavy alcohol consumption in comparison to individuals who do not smoke. 
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by different characteristics, rather than a purely linear and variable-centred process which 

implies a severity continuum (Stapinski et al., 2016). 

Whilst latent class analysis and cluster analysis are both considered acceptable person-centred 

data reduction methods which can be used to identify subgroups who share HRB patterns 

(McAloney et al., 2013), latent class analysis may be preferable to cluster analysis. Unlike 

cluster analysis, latent class analysis has a number of statistical procedures to guide the 

selection of clusters (Wang and Wang, 2012) and is more flexible when working with large 

sample sizes and non-standardised variables (Hofstetter et al., 2014). Moreover, latent class 

analysis is considered to have stronger theoretical underpinnings because it is based upon 

probability modelling rather than cluster analysis which uses distance to merge individuals into 

clusters (Hofstetter et al., 2014). Finally, latent class analysis is used to identify an unobserved 

categorical latent variable conceived to explain associations between observed variables 

(Collins and Lanza, 2010). This latent variable approach minimises potential measurement 

error which is inherent in observed measures (Hagger-Johnson et al., 2011). 

2.2.2 Health-related-behaviour cluster patterns   

Despite the different methodologies of the twenty-one studies (see Table 2.1) outlined above 

(see section 2.2.1), all of them found underlying associations between these four HRBs, 

identifying distinct behavioural patterns of smoking, alcohol consumption, diet and physical 

activity. These findings support theories that suggest the collective patterning of HRBs (Blue et 

al., 2014; Cockerham, 2005). 

The studies found that positive4 HRBs tend to cluster, as do negative5 HRBs. This supports the 

concept of binary lifestyles which consist of either positive or negative HRBs (Cockerham, 

2005). The HRBs can be distinguished according to participation and maintenance. Some HRBs 

require active participation and can be hard to maintain (i.e. diet and physical activity) whilst 

others require restraint and may be difficult to reduce (i.e. alcohol use and smoking) (Borland, 

2013e). For example, twenty of the studies appraised identified the clustering of a poor diet 

and physical inactivity (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Bondy and Rehm, 

1998; Conry et al., 2011; De Vries et al., 2008; French et al., 2008; Heroux et al., 2012; 

Laaksonen et al., 2001; Maibach et al., 1996; Patterson et al., 1994; Poortinga, 2007; Schneider 

et al., 2009; Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; Tobias et al., 2007; 

                                                           
4 Broadly defined as not smoking; none, light or moderate alcohol consumption; moderate to high levels of physical activity; low 
intake of fat and sugar; daily consumption of fruit and vegetables. 
5 Broadly defined as smoking daily; heavy alcohol consumption; low levels of physical activity; high intake of fat and sugar; less 
than daily consumption of fruit and vegetables. 
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Tseng and Lin, 2008; van Nieuwenhuijzen et al., 2009; Verger et al., 2009; Vermeulen-Smit et 

al., 2015). The remaining study by Falkstedt et al. (2016) only provided information on the 

number of negative HRBs and the corresponding prevalence odds ratios, rather than providing 

information pertaining to specific combinations of HRBs. Therefore, the extent to which these 

two HRBs clustered together could not be verified.  

The majority of the appraised studies also found the clustering of smoking and heavy alcohol 

consumption (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Bondy and Rehm, 1998; Conry 

et al., 2011; De Vries et al., 2008; Heroux et al., 2012; Laaksonen et al., 2001; Maibach et al., 

1996; Patterson et al., 1994; Poortinga, 2007; Schneider et al., 2009; Schuit et al., 2002; Slater 

and Flora, 1991; Tobias et al., 2007; Tseng and Lin, 2008; Verger et al., 2009; Vermeulen-Smit 

et al., 2015). Again, information pertaining to the clustering of these two specific HRBs could 

not be obtained from Falkstedt et al. (2016). 

However, two studies found no clustering between smoking and alcohol consumption (Silva et 

al., 2013; van Nieuwenhuijzen et al., 2009). The findings of Silva et al. (2013) suggested the 

odds of smoking and problematic alcohol use was lower than would be expected randomly 

(indicated by a prevalence odds ratio <1). The authors suggest that possible reasons for any 

discrepancies between their findings and those of other HRB cluster studies could be that their 

study was conducted in a developing as opposed to a fully developed country. The vast 

majority of the studies included in this appraisal and in the literature reviews of studies 

investigating HRB clustering (Meader et al., 2016; Noble et al., 2015) are conducted in 

developed countries. Van Nieuwenhuijzen et al. (2009) found alcohol consumption sat within a 

separate cluster to smoking, diet and physical activity. In this study, confirmatory factor 

analysis was used to determine clustering, treating alcohol and smoking variables continuously 

as opposed to other studies which dichotomised these variables. This may help to explain 

discrepancies given their different conceptualisations of behavioural patterning. Confirmatory 

factor analysis is a variable-centred approach whereas latent class and cluster analysis are 

person-centred approaches (Hofstetter et al., 2014).  

Additionally, the appraised studies identified the clustering of multiple negative HRBs, 

combining HRBs that are considered hard to maintain (i.e. diet and physical activity) with those 

that are hard to reduce (i.e. alcohol use and smoking) (Borland, 2013e). For example, many of 

the studies identified that individuals who smoke and drink alcohol heavily also have poorer 

diets (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Bondy and Rehm, 1998; Conry et al., 

2011; French et al., 2008; Laaksonen et al., 2001; Maibach et al., 1996; Patterson et al., 1994; 
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Poortinga, 2007; Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; Tobias et al., 

2007; Verger et al., 2009; Vermeulen-Smit et al., 2015) and lower levels of physical activity 

(Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Conry et al., 2011; French et al., 2008; 

Laaksonen et al., 2001; Silva et al., 2013; Tobias et al., 2007; Verger et al., 2009). 

However, the clustered patterns of these negative HRBs were not found universally. Three 

studies did not identify clustering of smoking, alcohol consumption and fruit and vegetable 

consumption (De Vries et al., 2008; Schneider et al., 2009; Verger et al., 2009). Instead, these 

studies found that low fruit and vegetable consumption sat within a separate cluster to alcohol 

and smoking behaviour. These studies all used data reduction techniques to determine 

clustering. One used latent class analysis (De Vries et al., 2008), the other two used cluster 

analysis (Schneider et al., 2009; Verger et al., 2009). Notably, these three studies (De Vries et 

al., 2008; Schneider et al., 2009; Verger et al., 2009) also used lower thresholds to identify 

participants with ‘healthy’ fruit and vegetable consumption in comparison to the rest of the 

studies included in this appraisal. For example, these studies found 71% (De Vries et al., 2008), 

29% (Schneider et al., 2009) and 18% (Verger et al., 2009) of their population samples did not 

have a ‘healthy’ fruit and vegetable consumption. In constrast, three studies (Poortinga, 2007; 

Silva et al., 2013; Tobias et al., 2007) using higher thresholds to define ‘healthy’ fruit and 

vegetable consumption found 76% (Poortinga, 2007), 46% (Tobias et al., 2007) and 81% (Silva 

et al., 2013) of their population samples did not have a ‘healthy’ fruit and vegetable 

consumption. The use of a higher threshold to define ‘healthy’ fruit and vegetable 

consumption has the potential to underestimate the influence of poor diet on cluster 

formation. This illustrates how dichotomising HRB variables can be problematic when 

comparing findings. 

Further discrepancies in study findings pertaining to the clustering of multiple negative HRBs 

are apparent. For example, Laaksonen et al. (2001) identified that the clustering of heavy 

alcohol consumption, smoking daily and low fruit and vegetable consumption was only present 

in women (indicated by a prevalence odd ratio above 1). The authors suggested that in the 

overall sample the clustering of smoking, alcohol and physical activity was stronger than the 

clustering of alcohol, smoking and fruit and vegetable consumption. This contrasts with other 

studies that find no association between smoking, alcohol consumption and physical activity 

(Conry et al., 2011; Heroux et al., 2012; Poortinga, 2007; Schneider et al., 2009; Schuit et al., 

2002; Silva et al., 2013; Tobias et al., 2007).  
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Again, the utilisation of different statistical techniques across the studies makes comparing 

their findings difficult. For example, research conducted by Schneider et al. (2009) and Conry 

et al. (2011) found physical inactivity to sit within a different cluster to that of heavy alcohol 

consumption and smoking daily, which contrasts with the findings of Laaksonen et al. (2001). 

Notably, these studies utilised cluster analysis (a data reduction technique) to determine 

clustering, whereas Laaksonen et al. (2001) used prevalence odds ratios. Moreover, Laaksonen 

et al. (2001) used a lower threshold to define ‘healthy’ physical activity compared to other 

studies that found no association between smoking, alcohol consumption and physical activity 

(Conry et al., 2011; Heroux et al., 2012; Poortinga, 2007; Schneider et al., 2009; Schuit et al., 

2002; Silva et al., 2013; Tobias et al., 2007). 

Alongside HRB patterns indicating that positive HRBs tend to cluster, as do negative ones, the 

studies also indicate complexity, identifying inverse associations between positive and 

negative HRBs. This provides some evidence that HRB clustering extends beyond a binary 

concept of health lifestyles (Cockerham, 2005). Amongst the appraised studies there was an 

association between heavy alcohol consumption and higher levels of physical activity (Bécue-

Bertaut et al., 2008; Bondy and Rehm, 1998; Laaksonen et al., 2001; Maibach et al., 1996; 

Patterson et al., 1994; Poortinga, 2007; Slater and Flora, 1991; Vermeulen-Smit et al., 2015). 

This research also suggests higher levels of physical activity in smokers and former smokers 

compared to non-smokers (Bécue-Bertaut et al., 2008; Conry et al., 2011; Maibach et al., 1996; 

Patterson et al., 1994; Poortinga, 2007) and that smokers and heavy drinkers were less likely to 

consume sweet snacks (Bécue-Bertaut et al., 2008; Maibach et al., 1996; Vermeulen-Smit et 

al., 2015). Moreover, some studies have found an association between high levels of physical 

activity and a poor diet (Bécue-Bertaut et al., 2008; Maibach et al., 1996; Patterson et al., 

1994).  

The inverse associations between positive and negative HRBs highlighted above have also 

been evidenced elsewhere. For example, studies indicate a relationship between heavy alcohol 

consumption and higher levels of physical activity (French et al., 2009; Leasure et al., 2015). 

Scholars suggest that these behaviours may become mutually dependent in particular social 

contexts (Blue et al., 2014), such as drinking alcohol after participating in sport (French et al., 

2009). There is also evidence of a relationship between reduced sugar intake and smoking 

(Crawley and While, 1996; Méjean et al., 2011; O'Doherty et al., 2011; Whichelow et al., 1991), 

although some have found this only to be the case for light and moderate smokers as opposed 

to heavy smokers (Iredale et al., 2016). It is conceived that smoking may have an effect on 
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dietary preferences (Colditz et al., 1991; Lampure et al., 2014), by influencing taste buds 

(Iredale et al., 2016). Eating less sugar has also been found to be associated with heavy alcohol 

consumption when compared to abstainers (Méjean et al., 2011).  

One explanation for these inverse associations between positive and negative HRBs comes 

from qualitative research which suggests that individuals ‘balance out’ positive and negative 

HRBs (Backett and Davison, 1995), known as compensatory health beliefs (Knäuper et al., 

2004). It may therefore be possible that people who drink alcohol heavily and/or smoke may 

be aware that these HRBs could be damaging for health and compensate by partaking in HRBs 

conceived to be health promoting, such as doing more exercise and/or eating less sugar. For 

example, the inverse patterns of alcohol consumption and sugar may reflect a replacement of 

sugar intake with alcohol use (Colditz et al., 1991). 

As mentioned in section 2.2.1, whilst the inverse associations between HRBs elucidated in the 

appraised HRB cluster studies are insightful, comparing their findings directly is difficult 

because different statistical techniques are used to determine HRB clustering. Moreover, 

dichotomising HRB measures into healthy and unhealthy categories reduces comparability 

across the studies and may be too simplistic, leading to a loss of rich information which could 

elucidate more complex HRB clustered patterns that extend beyond a binary concept of health 

lifestyles (Cockerham, 2005).
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2.2.3 Predictors of health-related-behaviour cluster membership  

Age, gender and socio-economic position (SEP) are three predictors that are related to HRB 

clustering (Meader et al., 2016; Noble et al., 2015). The influence of these predictors on HRB 

clustering can either be in relation to cluster membership (i.e. the same HRB cluster patterns 

are found to exist across population subgroups but prevalence rates differ) or in relation to the 

nature of the HRB cluster patterns (i.e. HRB cluster patterns are not equivalent across 

population subgroups) (Collins and Lanza, 2010). 

All of the authors claimed their samples were representative of the populations from which 

they came. The samples are relatively large, ranging from 1,463 (Patterson et al., 1994) to 

26,755 (Tseng and Lin, 2008). These large samples suggest adequate statistical power to detect 

HRB clustering and the predictive effect of covariates, such as age, gender and SEP. However, 

Silva et al. (2013) was the only study in this review to mention undertaking a power 

calculation. 

 Age 

Of the twenty-one appraised studies investigating the clustering of HRBs, fourteen have 

explored age differences according to HRB cluster membership (Bécue-Bertaut et al., 2008; 

Berrigan et al., 2003; Bondy and Rehm, 1998; Conry et al., 2011; Patterson et al., 1994; 

Poortinga, 2007; Schneider et al., 2009; Schuit et al., 2002; Slater and Flora, 1991; Tobias et al., 

2007; Tseng and Lin, 2008; van Nieuwenhuijzen et al., 2009; Verger et al., 2009; Vermeulen-

Smit et al., 2015) and four according to the nature of the HRB cluster patterns (Laaksonen et 

al., 2001; Schuit et al., 2002; Tseng and Lin, 2008; van Nieuwenhuijzen et al., 2009).  

Studies investigating the relationship between age and HRB cluster membership suggest a 

higher membership of older participants in clusters characterised by multiple positive HRBs in 

comparison to younger participants, more likely to be members of HRB clusters characterised 

by multiple negative HRBs (Berrigan et al., 2003; Conry et al., 2011; Patterson et al., 1994; 

Poortinga, 2007; Schneider et al., 2009; Tseng and Lin, 2008; Verger et al., 2009; Vermeulen-

Smit et al., 2015).  

However, inconsistencies in the relationship between age and HRB cluster membership are 

apparent in relation to physical activity. For example, ten studies identified an HRB cluster 

characterised by physical inactivity (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Bondy 

and Rehm, 1998; Conry et al., 2011; Patterson et al., 1994; Schneider et al., 2009; Slater and 

Flora, 1991; Tseng and Lin, 2008; Verger et al., 2009; Vermeulen-Smit et al., 2015). Three of 

these studies found a higher membership of older people in this physically inactive HRB cluster 
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(Berrigan et al., 2003; Patterson et al., 1994; Slater and Flora, 1991), whereas five studies 

found a higher membership of younger people in HRB clusters characterised by physical 

inactivity (Bécue-Bertaut et al., 2008; Conry et al., 2011; Tseng and Lin, 2008; Verger et al., 

2009; Vermeulen-Smit et al., 2015). By contrast, two studies found no age difference in 

membership of this physically inactive HRB cluster (Bondy and Rehm, 1998; Schneider et al., 

2009). 

Four studies investigated age differences in the nature of the HRB patterns (Laaksonen et al., 

2001; Schuit et al., 2002; Tseng and Lin, 2008; van Nieuwenhuijzen et al., 2009). Three of these 

studies found HRB patterns differed according to age (Laaksonen et al., 2001; Schuit et al., 

2002; Tseng and Lin, 2008). For example, Schuit et al. (2002) found smoking and heavy alcohol 

consumption clustered strongly in participants aged 20–29 whereas smoking and low fruit and 

vegetable consumption clustered strongly in participants aged 50–59. Tseng and Lin (2008) 

identified that, for men, HRB patterns characterised by multiple negative HRBs were more 

prevalent in those under 55 and HRB patterns characterised by multiple positive HRBs were 

more prevalent in those over 55. Laaksonen et al. (2001) found that, in men, the relationship 

between smoking and diet differed according to age as did alcohol and diet, although the 

authors do not elaborate on the nature of this relationship. For women, Laaksonen et al. 

(2001) found little difference in the nature of HRB cluster patterns between age groups. The 

remaining study found no difference in the nature of HRB cluster patterns amongst younger 

(19–24) and older (25–40) adults (van Nieuwenhuijzen et al., 2009).  

These results highlight the complexity of health-related-behaviour clustering prevalence and 

the nature of the cluster patterns across age groups. Some studies included individuals as 

young as 12 years old in their samples (De Vries et al., 2008; van Nieuwenhuijzen et al., 2009) 

and others up to 84 years old (Heroux et al., 2012), which may contribute to inconsistent 

findings across the studies.   

Inconsistencies in the relationship between age and HRB clustering are also highlighted by the 

authors of the two systematic literature reviews of research investigating HRB clustering 

(Meader et al., 2016; Noble et al., 2015). Both reviews indicate that, whilst younger age does 

appear to predict membership of clusters characterised by multiple negative HRBs, this finding 

is less consistent across studies in comparison to the other two common predictors of HRB 

clustering, namely gender and SEP.  
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However, before turning attention to gender and SEP as predictors of HRB clustering, another 

factor strongly related to age is considered, namely participant cohort (i.e. year of birth). 

Notably, whilst many of the appraised studies consider participant age on HRB clustering, none 

consider the effect of cohort.  

 Cohort  

The lack of consideration to potential cohort differences in HRB clustering amongst the 

appraised studies is an important gap in the evidence base. Cohort is considered to influence 

lifestyle formation because HRBs change over historical time and people’s lives play out within 

a specific historical context (Burton-Jeangros et al., 2015). An example is given by Wadsworth 

and Kuh (1997): 

‘It is possible to be born into a period of high prevalence of parental smoking and to have lived 

middle life in a time of much reduced likelihood of smoking’ (Wadsworth and Kuh, 1997: 864).  

This perspective is supported by empirical evidence finding cohort differences in the 

prevalence of smoking, alcohol consumption, diet and physical activity among British adults 

(Elliott et al., 2007; Schoon and Parsons, 2003; Whitley et al., 2014). Previous work comparing 

individual HRBs of people born in 1958 and 1970 (Schoon and Parsons, 2003) found some HRBs 

were better amongst those born in 1970, e.g. eating chips less frequently for both genders and 

fewer women smokers (Schoon and Parsons, 2003), the latter finding being consistent with 

declines in the prevalence of smoking over the past 50 years (RCP, 2012). Other HRBs were 

worse in the later-born cohort, e.g. eating fruit less frequently for both genders (Schoon and 

Parsons, 2003).  

The influence of cohort on HRB change over time is further considered in section 2.4.3 of this 

chapter. 

 

 Gender  

As mentioned above (see section 2.2.3.1), the findings from two literature reviews of HRB 

clustering research (Meader et al., 2016; Noble et al., 2015) implicate gender as a predictor of 

HRB clustering. This is not surprising, given that gender differences in HRBs are inextricably 

linked to gender-specific roles within the family and society (Bartley, 2016b; Devine, 2005; 

Schoon and Parsons, 2003). Negative HRBs, such as smoking and alcohol consumption, are 

often associated with masculinity (Fleming and Agnew-Brune, 2015). Historically a higher 

proportion of men smoked because it was not socially acceptable for women to smoke 
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(Schoon and Parsons, 2003). Moreover, drinking alcohol heavily and avoiding healthy foods 

were historically considered to be more normative among men (Fleming and Agnew-Brune, 

2015). Some positive HRBs, such as physical activity, are often perceived as unfeminine 

(Fleming and Agnew-Brune, 2015).  

These two literature reviews of evidence regarding HRB clustering suggest that men are more 

likely to belong to clusters characterised by negative HRBs compared to women. However, one 

of the authors suggests this relationship between gender and the presence of multiple HRBs is 

relatively weak (Meader et al., 2016).  

Amongst the twenty-one appraised studies investigating HRB clustering (outlined in Table 2.1), 

sixteen assessed gender differences in HRB cluster membership (Bécue-Bertaut et al., 2008; 

Berrigan et al., 2003; Conry et al., 2011; French et al., 2008; Laaksonen et al., 2001; Maibach et 

al., 1996; Patterson et al., 1994; Poortinga, 2007; Schneider et al., 2009; Schuit et al., 2002; 

Silva et al., 2013; Slater and Flora, 1991; Tobias et al., 2007; Tseng and Lin, 2008; Verger et al., 

2009; Vermeulen-Smit et al., 2015). All of the studies found a higher membership of women 

compared to men in clusters characterised by positive HRBs in respect to smoking, diet and 

alcohol consumption, although the relationships were not always consistent in terms of 

physical activity. Some studies found a higher membership of women in physically inactive 

clusters (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; Patterson et al., 1994; Poortinga, 

2007; Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; Tobias et al., 2007; Verger et 

al., 2009), others found a higher membership of men in inactive clusters (Conry et al., 2011; 

French et al., 2008; Tseng and Lin, 2008; Vermeulen-Smit et al., 2015). Moreover, one study 

found no gender difference in membership of the cluster labelled ‘Physically Inactives’ 

(Schneider et al., 2009).  

Seven studies also examined gender differences in the nature of HRB cluster patterns (Bondy 

and Rehm, 1998; Laaksonen et al., 2001; Poortinga, 2007; Schuit et al., 2002; Tobias et al., 

2007; Tseng and Lin, 2008; van Nieuwenhuijzen et al., 2009). Two of these studies found the 

clustering of positive HRBs was stronger amongst women (Tseng and Lin, 2008; van 

Nieuwenhuijzen et al., 2009), although for one of the studies this was only found amongst 

adolescents (age 16–18), not adults (age 19–24; age 25–40) (van Nieuwenhuijzen et al., 2009). 

One study selected different numbers of HRB clusters for men (=9) and women (=8), indicating 

that HRB patterns were not equivalent across gender groups (Bondy and Rehm, 1998). Three 

studies found a stronger clustering of negative HRBs, particularly heavy alcohol consumption 

and smoking daily (indicated by a higher prevalence odds ratio), in women compared to men 
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(Laaksonen et al., 2001; Poortinga, 2007; Tobias et al., 2007). The remaining study found no 

gender differences in the nature of HRB cluster patterns (Schuit et al., 2002). 

Whilst inconsistencies are apparent, this appraisal of HRB cluster research does indicate that 

gender has the potential to predict both HRB cluster membership and differences in the nature 

of the HRB cluster patterns. The view that HRBs differ according to gender is also supported by 

other empirical evidence suggesting that, compared to men, women consume less alcohol 

(Britton et al., 2015; Meng et al., 2014), are less likely to smoke (Jarvis, 1994) and those that do 

smoke consume fewer cigarettes per day (Allen et al., 2016). Compared to men, women are 

less physically active (Blaxter, 1990; Hunt et al., 2001; Sullivan et al., 2013). Women tend to 

have healthier diets than men (Wardle et al., 2004) although there is research to suggest that 

women consume more sugar in comparison to men (Colditz et al., 1991; Méjean et al., 2011; 

Worsley et al., 2012).  

There is also research to suggest historical shifts in HRB and gender relations over time. For 

example, research undertaken in a British cohort born in 1970 at age 42 suggested that 

women were found to do substantially less physical activity in comparison to men (Sullivan et 

al., 2013). However, gender differences in physical activity were not found for women of the 

same age born 12 years earlier in 1958 (Parsons et al., 2006). Moreover, there is evidence 

suggesting a convergence of smoking (HSCIC, 2014b; McCartney et al., 2011) and alcohol 

consumption (Elliott et al., 2007; Keyes et al., 2011; Meng et al., 2014; Purshouse et al., 2017; 

Schoon and Parsons, 2003; Slade et al., 2016) amongst men and women over time. An increase 

in alcohol consumption was observed amongst women born in 1970 in comparison to women 

born in 1958 (Elliott et al., 2007; Schoon and Parsons, 2003). These results suggest a complex 

relationship between gender and cohort, thus adding further support to the argument raised 

in section 2.2.3.2 that there is a need to consider the impact of cohort, alongside gender, on 

HRB clustering (Pavalko and Caputo, 2013). 

Alongside empirical evidence, the mechanisms through which gender influences HRB cluster 

patterns have been made explicit. For example, it is proposed that the finding of higher levels 

of physical inactivity and sugar consumption amongst women may be due to the competing 

time demands that disproportionately affect women as a consequence of their increased 

participation in the labour market in recent decades whilst continuing to undertake domestic 

chores (Chou et al., 2004; Nomaguchi and Bianchi, 2004). This in turn could be associated with 

a fall in home-cooked meals and rises in the availability of processed food (POST, 2015, 
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Swinburn et al., 2011), increasingly relied upon due to such restrictions on time (Devine, 2005; 

Worsley et al., 2012).  

Furthermore, the suggestion of a convergence in smoking (HSCIC, 2014b; McCartney et al., 

2011) and alcohol consumption (Elliott et al., 2007; Keyes et al., 2011; Meng et al., 2014; 

Purshouse et al., 2017; Schoon and Parsons, 2003; Slade et al., 2016) amongst men and 

women over time may be linked to improvements in the economic conditions of women in 

relation to their educational attainment, participation in the labour force and delays in child 

birth leading to more permissive attitudes towards women’s drinking (Keyes et al., 2011; Slade 

et al., 2016) and increased opportunities for women to consume alcohol and targeted 

marketing of alcohol products at women (Bosque-Prous et al., 2015; Keyes et al., 2011).   

Together this work suggests a potential complex relationship between gender, cohort and HRB 

clustering, both in terms of membership and the nature of the HRB cluster patterns. Plausible 

mechanisms through which gender and cohort may influence HRBs are proposed, relating to 

historical shifts in HRB and gender relations over time. 

 Socio-economic position (SEP) in adulthood 

The two literature reviews of studies investigating HRB clustering suggest that HRB clustering is 

socially patterned, finding SEP to be a consistent predictor of HRB clustering (Meader et al., 

2016; Noble et al., 2015). These two literature reviews (Meader et al., 2016; Noble et al., 2015) 

found a clear cross-sectional relationship between disadvantaged SEP in adulthood and 

membership of clusters characterised by negative HRBs.  

Seventeen studies, out of the twenty-one studies appraised, considered the relationship 

between HRB cluster membership and SEP (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; 

Bondy and Rehm, 1998; Conry et al., 2011; De Vries et al., 2008; Falkstedt et al., 2016; French 

et al., 2008; Maibach et al., 1996; Patterson et al., 1994; Poortinga, 2007; Schneider et al., 

2009; Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; Tobias et al., 2007; Verger et 

al., 2009; Vermeulen-Smit et al., 2015). Four studies explored the influence of SEP on the 

nature of HRB cluster patterns (De Vries et al., 2008; Falkstedt et al., 2016; Laaksonen et al., 

2001; Schuit et al., 2002). 

Fourteen studies identified advantaged SEP to be associated with membership of clusters 

characterised by positive HRBs and disadvantaged SEP to be associated with membership of 

clusters characterised by negative HRBs (Bécue-Bertaut et al., 2008; Berrigan et al., 2003; 

Bondy and Rehm, 1998; Conry et al., 2011; De Vries et al., 2008; Falkstedt et al., 2016; French 
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et al., 2008; Patterson et al., 1994; Poortinga, 2007; Schneider et al., 2009; Schuit et al., 2002; 

Silva et al., 2013; Slater and Flora, 1991; Vermeulen-Smit et al., 2015). In contrast, Tobias et al. 

(2007) found the reverse, i.e. a higher prevalence of individuals in disadvantaged 

circumstances in clusters characterised by positive HRBs and a higher prevalence of individuals 

in advantaged circumstances in clusters characterised by negative HRBs. Maibach et al. (1996) 

found no relationship between SEP and HRB cluster membership. Patterson et al. (1994) 

identified ‘smoker lifestyle’, ‘drinker lifestyle’ and ‘hedonic lifestyle’ clusters, the latter cluster 

characterised by both smoking and alcohol consumption. The authors (Patterson et al., 1994) 

noted that the ‘drinker lifestyle’ was associated with higher family income and the ‘smoker 

lifestyle’ was associated with lower family income.  

Notably, all of the studies used different measures of SEP. For example, education (Bécue-

Bertaut et al., 2008; Berrigan et al., 2003; De Vries et al., 2008; Falkstedt et al., 2016; 

Laaksonen et al., 2001; Maibach et al., 1996; Patterson et al., 1994; Schneider et al., 2009; 

Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; van Nieuwenhuijzen et al., 2009; 

Vermeulen-Smit et al., 2015), occupational grade (Conry et al., 2011; Poortinga, 2007; 

Schneider et al., 2009; Silva et al., 2013; Verger et al., 2009) and income (Berrigan et al., 2003; 

Bondy and Rehm, 1998; French et al., 2008; Maibach et al., 1996; Patterson et al., 1994; 

Schneider et al., 2009; Silva et al., 2013; Slater and Flora, 1991; Verger et al., 2009). These 

differences in the measurement of SEP make cross-study comparisons difficult and may 

explain some inconsistencies in the results.  

However, despite this variation in the measurement of SEP across the studies, a clear 

association prevails in the majority of the studies. This consistency provides compelling 

evidence of a relationship between SEP and HRB cluster membership.   

Four of the twenty-one studies tested for SEP differences in the nature of HRB clustered 

patterns (De Vries et al., 2008; Falkstedt et al., 2016; Laaksonen et al., 2001; Schuit et al., 

2002). All four of these studies used education as the only marker of SEP. Relying on this 

individual variable may be inadequate, given that SEP is considered to be multi-faceted 

(Pavalko and Caputo, 2013) and includes material, occupational and cultural dimensions 

(Bartley et al., 1999). One study categorised educational attainment into three groups: high, 

middle and low (De Vries et al., 2008). The other study (Schuit et al., 2002) used five 

educational categories. Conversely, Laaksonen et al. (2001) measured years of education, 

collapsed into three categories. The remaining study incorporated information on the 

education levels of participants as well as those of their parents in order to capture four 
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educational trajectories: stable high, stable low, upwardly mobile and downwardly mobile 

(Falkstedt et al., 2016).  

Out of the four studies investigating SEP differences in HRB cluster patterns, three found that, 

whilst education predicted HRB cluster membership, the nature of the HRB clusters did not 

differ according to educational attainment (De Vries et al., 2008; Falkstedt et al., 2016; Schuit 

et al., 2002). Conversely, Laaksonen et al. (2001) found that the combination of smoking and 

physical activity differed according to education in men. Among women, the combinations of 

smoking and alcohol and smoking and diet differed according to education. However, the 

authors of the latter study (Laaksonen et al., 2001) do not elaborate on the nature or strength 

of these associations.  

The findings of a clear relationship between HRB cluster membership and SEP in the appraised 

studies is consistent with research comparing HRBs in two British birth cohorts, born in 1958 

and 1970. This research suggests that disadvantaged adulthood SEP increases the likelihood of 

smoking, poor diet and physical inactivity for both men and women (Schoon and Parsons, 

2003).  

Together this body of research supports the social determinants of health models (Brunner 

and Marmot, 2006; Dahlgren and Whitehead, 1991) which suggest that HRBs are influenced by 

structural factors in adulthood.  

2.3 The relationship between health-related behaviour in adulthood and dimensions of 

socio-economic position in childhood and adulthood 

 

This section of the literature review relates to objective 2 and presents evidence from studies 

investigating the relationship between HRBs in adulthood and different aspects of social 

circumstances in childhood and adulthood. 

2.3.1 Socio-economic position in childhood and adult health-related behaviours 

The two literature reviews suggest that HRB clustering is socially patterned (Meader et al., 

2016; Noble et al., 2015). However, to date there is a lack of research investigating the role of 

social circumstances in childhood and HRB clustering in adulthood. Only one of the twenty-one 

studies considered how socio-economic position (SEP) early in life shapes HRB clustering in 

adulthood (Falkstedt et al., 2016). The study was based on a sample of Swedish working-age 

adults and found that disadvantaged childhood SEP (measured by parental education) and 

disadvantaged adulthood SEP (measured by participant education) were together predictive of 
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membership of clusters characterised by three or four health-damaging behaviours (Falkstedt 

et al., 2016). Whilst insightful, this study was subject to a number of methodological 

limitations outlined in section 2.2.1, measuring HRBs with dichotomised variables, using 

prevalence odds ratios to detect HRB clustering and including education as the only measure 

of SEP. Moreover, parental education was based on retrospective accounts from participants 

as opposed to being measured prospectively which may be subject to recall bias (Cohen et al., 

2010). This could lead to an underestimation of the effects of childhood SEP, given the better 

measurement of adulthood SEP (Power et al., 2005).  

Investigating the role of SEP in childhood on HRB clustering is an important area of enquiry. 

Disadvantaged SEP in childhood has been found to be positively associated with health-

damaging HRBs among British adults, including smoking (Andersson and Maralani, 2015; Bann 

et al., 2016; Clouston et al., 2015; Lacey et al., 2010), heavy alcohol consumption (Bann et al., 

2016; Clouston et al., 2015; Maggs et al., 2008), poor diet (Bann et al., 2016; Power and 

Hertzman, 1997) and physical inactivity (Bann et al., 2016; Juneau et al., 2014; Pereira et al., 

2014). Moreover, research undertaken with US twins suggests that the clustering of smoking 

and alcohol consumption in adulthood can be partially explained by shared environmental 

factors in childhood (Sudharsanan et al., 2016). 

Based on this evidence and upon well-established determinants of health models (Brunner and 

Marmot, 2006; Dahlgren and Whitehead, 1991) whereby structural factors are considered to 

determine HRBs, it is possible that childhood SEP could determine adult HRB clustering via a 

behavioural pathway. This implies a direct effect of childhood SEP on adulthood lifestyles by 

embedding some HRBs through regular participation (Blue et al., 2014; Fennis et al., 2015) 

which are carried through into mid-adulthood (James et al., 1997; Parry, 2013; Patrick and 

Nicklas, 2005; Savage et al., 2007; Schooling and Kuh, 2002) and establishing attitudes and 

beliefs towards other HRBs they are yet to experience (Cohen et al., 2010).  

It is also possible that the effect of childhood SEP on adulthood HRB may occur via a social 

pathway, based on research which has found childhood SEP strongly influences adulthood SEP 

amongst participants from two British birth cohorts, born in 1958 and 1970 (Anders and 

Dorsett, 2017; Breen and Goldthorpe, 2001; Bukodi and Goldthorpe, 2012). This implies an 

indirect effect, the influence of childhood SEP on adulthood HRB occurring through adulthood 

SEP, which may reinforce HRBs embedded in childhood (Schooling and Kuh, 2002) and 

influence HRBs at the same age.  
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Other empirical evidence also lends support to the existence of both the behavioural and 

social pathways. Studies have identified that childhood SEP has a direct association with 

adulthood HRBs, despite a large proportion of this effect occurring indirectly via adulthood SEP 

(Elhakeem et al., 2015; Kamphuis et al., 2013; Pudrovska and Anishkin, 2013; Schooling and 

Kuh, 2002; van de Mheen et al., 1998; Watt et al., 2009; Yang et al., 2008). However, other 

studies only suggest a social pathway, finding that the effect of childhood SEP on HRBs in 

adulthood is fully explained by adulthood SEP (Kestila et al., 2015; Kvaavik et al., 2012; Paavola 

et al., 2004).  

2.3.2 The relationship between material, cultural and occupational dimensions of socio-

economic position and adult health-related behaviours 

This thesis conceives there to be three dimensions of SEP – namely, material, occupational and 

cultural – given the consensus amongst leading scholars (Bartley et al., 1999; Cohen et al., 

2010; Duncan and Magnuson, 2012; Pavalko and Caputo, 2013). There is evidence to suggest 

that these dimensions may differentially shape HRBs in adulthood (Bartley et al., 1999; Sacker 

et al., 2001; Stait and Calnan, 2016).  

Below is an outline of literature suggesting that the effect of material, occupational and 

cultural dimensions of SEP on HRBs may occur through physical access, psychosocial stress and 

social group habitus. Physical access to HRBs could be restricted by a lack of material 

resources, psychosocial stress may be the result of material disadvantage and/or lower grade 

occupations, and social group habitus potentially shapes HRBs through exposure to particular 

cultural resources and networks.  

 Material dimension 

The material dimension of SEP may restrict physical access to positive HRBs that are likely to 

promote health and wellbeing by dictating the purchasing power for those HRBs, such as 

buying fresh fruit and vegetables (Jones et al., 2014; Kelly et al., 2016; Pechey et al., 2013) and 

leisure-time physical activity (Beenackers et al., 2012; Chinn et al., 1999; Kelly et al., 2016; 

Parry, 2013). Disadvantaged circumstances could also trigger individual psychosocial stress, 

increasing the likelihood of engaging in negative HRBs that are health damaging as a coping 

method (Krueger and Chang, 2008). For example, smoking (Hoek and Smith, 2016; Lindström 

et al., 2013; Pampel et al., 2010) and concurrent smoking and heavy alcohol consumption 

(Twyman et al., 2016). Children in materially disadvantaged households may have greater 

exposure to adults who partake in negative HRBs to cope with economically challenging 

circumstances (Cohen et al., 2010; McKenna et al., 2016).  
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Some pathways between SEP and HRBs, particularly those relating to psychosocial stress, are 

associated with relative as opposed to absolute material disadvantage (Schnittker and McLeod, 

2005). However, absolute material circumstances may also play a role. Partaking in health-

damaging HRBs may contribute to increased absolute material deprivation, given evidence 

that taxes on cigarettes and alcohol have the potential to be regressive by disproportionately 

affecting those in lower income brackets (Dragone et al., 2015; Garrett et al., 2015; Townsend 

et al., 1994; Vandenberg and Sharma, 2015; Warner et al., 1995), further reducing their ability 

to engage in other health-promoting HRBs. 

Commonly used indicators to capture the material dimension of SEP are living in social housing 

(Lacey et al., 2014; Sacker et al., 2001), overcrowding (Elliott and Lawrence, 2014; Lacey et al., 

2014; Morgan and Baker, 2006; Sacker et al., 2001; Schoon, 2006), receiving free school meals 

in childhood (Elliott and Lawrence, 2014), lack of car ownership in adulthood (Morgan and 

Baker, 2006; Sacker et al., 2001), and receiving state benefits associated with disadvantage 

(Elliott and Lawrence, 2014; Lacey et al., 2014; Sacker et al., 2001; Schoon, 2006), as well as 

household income (Duncan and Magnuson, 2012; Elliott and Lawrence, 2014). 

Living in social housing is associated with greater material disadvantage compared to other 

forms of housing tenure (Lupton et al., 2009). Overcrowding is a well-established indicator of 

material disadvantage (Morgan and Baker, 2006). Car ownership has been identified as highly 

correlated with income (Phillimore et al., 1994). Historically, free school meals (Gorard, 2012) 

and state benefits (e.g. unemployment or family income supplementary benefit) (Lacey et al., 

2014) have been allocated on the basis of financial hardship. Household income is a material 

measure which elucidates gradients in society (Lynch et al., 2004). These measures are 

considered to adequately capture the economic circumstances of households (Duncan and 

Magnuson, 2012; Elliott and Lawrence, 2014; Lacey et al., 2014; Schoon, 2006).  

 Occupational dimension 

The occupational dimension of SEP closely associates with employment relations that 

determine job strain (low job control and high job demand) (Bartley et al., 1999; Sacker et al., 

2001). Those in lower occupational grades have less control over their working conditions 

(Gallie et al., 2016). Exposure to job strain tends to be higher in lower occupational grades 

(Marmot et al., 1991). Empirical research has found that higher job strain is associated with 

increased odds of adopting multiple negative HRBs (Heikkilä et al., 2012; Lallukka et al., 2008) 

and that the relationship between job strain and poor health outcomes is explained to some 

extent by negative HRBs (Brunner et al., 2007; Kivimäki et al., 2013; Nyberg et al., 2015), 
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although this has not been found universally (Magnusson Hanson et al., 2016). In 

consequence, positive associations between the occupational dimension of SEP and negative 

HRBs (Brunner et al., 2007; Kivimäki et al., 2013; Lallukka et al., 2008; Nyberg et al., 2015) may 

be explained by maladaptive coping methods used to manage stress related to insecure 

employment relationships (Pampel et al., 2010).  

The National Statistics Socio-Economic Classification (NS-SEC) was designed to adequately 

capture occupational grade and employment relations (ONS, 2010a). The stress associated 

with employment relations is experienced at the individual level (Sacker et al., 2001). Thus, the 

occupational SEP of the individual is often considered, rather than the highest occupational 

grade in the household (Sacker et al., 2001). The types of benefits participants receive through 

their occupation, such as a pension scheme, could also capture employment relations by 

reflecting more stable employment and better working conditions. For example, pension 

schemes are more likely to be offered to those in higher occupational grades (Ginn and Arber, 

1993). 

 Cultural dimension 

The cultural dimension of SEP, referred to as the norms and cultures of distinct social groups 

(Bartley, 2016a), could also shape habitual behaviours of individuals in childhood and 

adulthood. Bourdieu’s theory of ‘habitus’ claims the regular adoption of behaviour could 

become habitual and intuitive and inform ‘dispositions’ to participate in particular HRBs (Blue 

et al., 2014). A collection of dispositions shared by social groups would become the habitus of 

that group who reproduce and reinforce the habitus from which they came (Cockerham, 

2005).  Parents with higher levels of education have acquired knowledge and skills that 

promote HRBs beneficial for health (Burton-Jeangros et al., 2015) and likely adhere to a 

particular social group habitus of behaviour (Bartley, 2016a).  

Whilst education is a multi-faceted measure of SEP (Cockerham, 2005), academic and 

vocational qualifications are considered a type of ‘institutionalised cultural capital’ (i.e. official 

qualifications) (Kamphuis et al., 2015). Empirical research has identified associations between 

parental education and adulthood smoking (Gagné et al., 2015; Hayward and Gorman, 2004) 

and physical activity (Pereira et al., 2014). Moreover, receiving an elite education has been 

found to be associated with a reduced likelihood of smoking and increased physical activity in 

mid-adulthood (Bann et al., 2016), which may in part be explained by their ‘educational’ 

habitus (Georg, 2016). Empirical evidence suggests a strong relationship between education, 

social circles and HRBs, with research suggesting 10% of the relationship between HRBs and 
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education can be accounted for by the exposure to particular social networks (Cutler and 

Lleras-Muney, 2010). In addition, parental interest in education could be considered to fall 

under ‘incorporated cultural capital’ (i.e. knowledge, skills and beliefs) (Kamphuis et al., 2015). 

Such cultural beliefs are likely to be transferred from a parent to a child (Abel and Frohlich, 

2012; Georg, 2016; Singh-Manoux et al., 2005). For example, the value placed on education by 

parents is transmitted to their children and predictive of their educational attainment (Bartley, 

2004).  

Furthermore, education in adulthood dictates social group habitus through its influence on 

social norms, friendship choices and social interactions (Bann et al., 2016; Bartley, 2016a), 

contributing to an individual’s identity which is strongly linked to lifestyle (Fennis et al., 2015; 

Geronimus et al., 2016; Kelly et al., 2016; Reid et al., 2010). For example, there are strong links 

between diet and identity (Hedegaard, 2016). It is suggested that amongst more 

disadvantaged status groups there is a stronger culture of participating in health-damaging 

HRBs, such as smoking (Pampel et al., 2010). This is considered to be the product of ‘unequal 

power and privilege’ (Geronimus et al., 2016: 109), tied to an identity of non-conformity and 

toughness (Pampel et al., 2010).  

The Cambridge scale captures patterns of social relationships (Prandy, 1999; Rose, 2008). This 

measure indicates social distance between the participant and individuals in other occupations 

by measuring their friendship choices (Bartley, 2016a; Sacker et al., 2001), which could be used 

as an indicator of the cultural dimension of SEP. 

 The interrelationship between material, occupational and cultural dimensions of 

socio-economic position 

The three dimensions of SEP mentioned above, material, occupational and cultural, are 

considered highly correlated with each other (Abel et al., 2011; Cable, 2014; Hayward and 

Gorman, 2004). For example, whilst education can provide health-promoting knowledge, 

material resources are also needed in order take advantage of health-promoting opportunities 

(Herd et al., 2007). 

In childhood, material and cultural dimensions intertwine. Educational attainment is strongly 

related to income (Bukodi and Goldthorpe, 2012), therefore parents with lower educational 

attainment are more likely to experience financial hardship. Households with fewer material 

resources are considered to have poorer home learning environments which impact on 

children’s educational attainment (Duncan et al., 2010; Goodman and Gregg, 2010). Parental 

education is highly related to the educational attainment of their children, partly through 
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higher quality parent-child interactions (Harding et al., 2015). However, the quality of parent-

child interactions is likely to be poorer for parents struggling financially (Duncan et al., 2010). 

In adulthood, dimensions of SEP are inextricably linked. For example, education is strongly 

predictive of occupational and material circumstances in adulthood (Bukodi and Goldthorpe, 

2011; Kamphuis et al., 2015) which can in turn enhance the ability to obtain further 

qualifications (Abel et al., 2011; Bukodi and Goldthorpe, 2011). 

2.3.3 Sensitive periods in the lifecourse and adult health-related behaviours 

Pre-adolescence (age 8–11 (Maggs et al., 2008)) may be a ‘sensitive period’ (Cable, 2014; 

Mishra et al., 2011) for the formation of HRBs in adulthood. Compared to younger peers, 

children in pre-adolescence are more conscious of their identity (West et al., 2010) and how 

they differ from others in terms of their social background (Leahy, 1981). During pre-

adolescence a superficial perspective on the differences between SEP groups, which is based 

on differences in possessions or appearance, may be superseded by a deeper understanding of 

people that are attached to certain SEP groups (Leahy, 1981).  

Individuals are likely to settle into their adult roles during mid-adulthood (considered to start 

in the third decade of life (Backett and Davison, 1995)). At this point in life, resources (e.g. 

skills and knowledge) that were acquired in childhood are likely to re-emerge, referred to as a 

‘pull from the past’ (Fennis et al., 2015: 2). Mid-adulthood may be a period in which there is a 

refocusing on past experience triggered by a growing awareness of finite time and key events, 

such as having children (Backett and Davison, 1995).  

Mid-adulthood SEP reflects adulthood SEP attainment, which has occurred through the 

accumulation of resources from earlier in life (Hayward and Gorman, 2004). This is a period in 

the lifecourse when individuals reach occupational maturity, see the economic returns of 

previous educational achievement, and occupational status tends to be highest (Bukodi and 

Goldthorpe, 2011; Herd et al., 2007). Behavioural differentials according to SEP may be 

particularly pertinent in mid-life, given that disparities in SEP and associated HRBs have been 

found to be wider in mid-adulthood compared to older ages (Pavalko and Caputo, 2013; 

Willson et al., 2007). Research also suggests that health outcomes at older ages are associated 

with SEP in mid-adulthood via an increased prevalence of health-damaging HRBs (heavy 

alcohol consumption, smoking and physical inactivity) amongst disadvantaged SEP groups 

(Hessel and Avendano, 2016). 
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2.3.4 The relationship between pre-adolescent socio-economic position and mid-

adulthood health-related behaviours 

Pre-adolescent SEP dictates exposure to particular patterns of HRBs, such as diet and physical 

activity, which are routinely performed (Blue et al., 2014; Fennis et al., 2015) and thus likely to 

be carried into mid-adulthood (James et al., 1997; Parry, 2013; Patrick and Nicklas, 2005; 

Savage et al., 2007; Schooling and Kuh, 2002).  

Whilst adolescence and young adulthood (i.e. teens and twenties (Backett and Davison, 1995)) 

may be ages at which individuals begin to engage in health-damaging HRBs, such as heavy 

alcohol consumption and smoking, these are considered to be normative periods of 

behavioural experimentation (Fothergill et al., 2009; Schooling and Kuh, 2002) whereby the 

uptake of health-damaging HRBs increases but then behaviours tend to improve (Dutra et al., 

2017; Wiium et al., 2015). Moreover, HRBs at these ages are increasingly influenced by 

external factors, such as peer groups and popular media, relative to the social circumstances of 

the individual’s family (Vallejo-Torres et al., 2014; West, 1997; Weyers et al., 2010).  

With a re-emphasis on past experiences in mid-adulthood, it is plausible that mid-adulthood 

HRB clustering is more likely to be affected by pre-adolescent SEP.  Family SEP could shape 

children’s attitudes and beliefs on the appropriateness of patterns of HRBs they are yet to 

experience, such as smoking and alcohol consumption, which are later observed in mid-

adulthood (Cohen et al., 2010). Children view parents as role models, normalising their HRBs 

(Cohen et al., 2010; Pampel et al., 2010; Wickrama and Wickrama, 2010). Cultural resources, 

such as social values and norms, are in part acquired through social learning that varies 

according to SEP (Abel, 2008). Social learning theory (Bandura, 1991) claims that behaviour is 

learnt through environmental observations which are then internalised and imitated later in 

life. 

2.3.5 The mediating effect of mid-adulthood socio-economic position  

As mentioned above (see section 2.3.3), mid-adulthood SEP reflects adulthood SEP attainment. 

This attainment is conceived to occur through the accumulation of resources in childhood 

(Hayward and Gorman, 2004) which strongly predicts SEP and HRBs in adulthood (Cohen et al., 

2010; Hayward and Gorman, 2004). Therefore, mid-adulthood SEP may reinforce HRBs 

embedded earlier in life through regular participation (Blue et al., 2014). The ability to partake 

in health-promoting, and avoid health-damaging, HRBs will be determined by physical access, 

psychosocial stress and social group habitus pathways described above. Disadvantaged SEP in 

childhood has been found to predict disadvantaged SEP in adulthood for men and women in 
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two British cohorts, born in 1958 and 1970 (Anders and Dorsett, 2017; Breen and Goldthorpe, 

2001; Bukodi and Goldthorpe, 2012). Below is a description of how material and cultural 

dimensions of SEP in pre-adolescence may influence material, occupational and cultural 

dimensions of SEP in mid-adulthood. 

 The potential pathway between the material dimension of SEP in pre-adolescence 

and in mid-adulthood 

Direct transmission of material resources from pre-adolescence to mid-adulthood may occur. 

Advantaged SEP in pre-adolescence implies higher household resources which are considered 

to largely determine those generated in adulthood (Carvalho, 2012; Hayward and Gorman, 

2004). Children from disadvantaged households with fewer resources have less chance of 

accruing them (Heinz and Marshall, 2003). For example, material resources can accumulate via 

the intergenerational transfer of income and household wealth, implying that material 

resources in childhood are likely to be transmitted to material resources in adulthood (Davies 

and Shorrocks, 2000; De Nardi, 2004). 

 The potential pathway between the cultural dimension of SEP in pre-adolescence and 

the material and cultural dimensions of SEP in mid-adulthood 

Familial cultural resources may predict cultural and material resources in adulthood. Both 

parental education (Harding et al., 2015; Howe et al., 2013a) and parental interest in their 

child’s education (Harding et al., 2015) have been found to be predictive of the educational 

outcomes of their children. Educational outcomes shape material resources in adulthood 

through higher incomes (Cutler and Lleras-Muney, 2010). Moreover, educational habitus 

(Georg, 2016) experienced during in pre-adolescence can shape mid-adulthood social norms, 

friendship choices and social interactions (Bann et al., 2016; Bartley, 2016a). 

 The potential pathway between the material dimension of SEP in pre-adolescence 

and the cultural dimension of SEP in mid-adulthood 

Material resources in early life can determine cultural resources at older ages (Hayward and 

Gorman, 2004). Material disadvantage in childhood reduces the ability to buy books, or pay for 

school trips or extra-curricular activities, which may impede learning and educational 

attainment (Amato, 1994; Horgan, 2007). Financial constraints may dictate the quality of 

schooling. Despite education being free in the United Kingdom, families who are unable to 

afford to move to an affluent area will be excluded from catchment areas with better 

comprehensive schools (Singleton et al., 2011; Smithers and Robinson, 2010). Living in 

overcrowded accommodation can be disruptive to children’s education by reducing their 

ability to concentrate and do homework (Solari and Mare, 2012). Familial financial worries may 
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also be a barrier to entering or effectively engaging in higher education, preventing their child 

from obtaining a degree (Greenbank and Hepworth, 2008; Raque-Bogdan and Lucas, 2016).  

 The potential pathway between material and cultural dimensions of SEP in pre-

adolescence and the occupational dimension of SEP in mid-adulthood 

Material and cultural resources can also influence occupational outcomes (Greenbank and 

Hepworth, 2008; Halleröd and Gustafsson, 2011). From a material perspective, work may be 

entered at a younger age for those from poorer households in order to earn money (Lynch and 

O'riordan, 1998). Culturally speaking, research in the United States has found that first-

generation college (i.e. undergraduate) students from ‘blue collar’ backgrounds (i.e. parents 

without a bachelor’s degree) tend to have lower career aspirations than those whose parents 

went to college (Martinez et al., 2009; Raque-Bogdan and Lucas, 2016). Duncan and Magnuson 

(2012) suggest that parents who may not have been exposed to higher education and whose 

occupational experience has been within lower-grade jobs (associated with less autonomy and 

self-direction than higher occupational grades) will place more emphasis on discipline and 

conformity as skills their children will need in the future, compared to parents in higher 

occupational grades who may instead encourage the development of autonomy in their 

children.  

2.4 The stability of health-related behaviours during mid-adulthood 

Research investigating HRB clustering has provided useful insights. As mentioned above in 

section 2.2, the HRB clustering literature suggests that clustered patterns of HRBs are likely to 

exist, that these HRB patterns are shared by subgroups of the population and that they may be 

socially patterned. However, to date, research investigating HRBs and their relationship with 

SEP has tended to assume stability of HRBs over time. This is articulated by Oude Groeniger 

and van Lenthe (2016): 

‘The underlying assumption is that health behaviours are fairly stable over time, and that the 

initial baseline measurement is a good indicator for lifelong exposure’ (Oude Groeniger and van 

Lenthe, 2016: 1). 

A similar observation was made by Laaksonen et al. (2002), who investigated the 

interrelatedness of multiple HRBs over time and suggested that examining HRB stability was 

worthwhile, given that, whilst some studies had found HRBs to be stable over time, this was 

not always the case. 
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On this basis, a review of the literature has been undertaken in order to identify whether there 

is sufficient evidence to support the commonly held assumption of stability in HRBs during 

mid-life and whether this assumption should be challenged in regard to HRB clustering. 

 

Below is a review of literature pertaining to change in multiple HRBs over time. Change in HRBs 

over time may relate to age, period and/or cohort effects (Jiang et al., 2013; Meng et al., 2014; 

Vedøy, 2014) and the spillover effect (Poortinga et al., 2013) of change in one HRB on another 

(Prochaska et al., 2008a). As mentioned in section 2.2.3.2, cohort comparisons of participants 

of the same age control for age and highlight a combination of period and cohort effects 

(Schoon, 2006). Moreover, using information from one cohort at two different ages controls 

for cohort effects and indicates the combined effects of period and age (Schoon, 2006).  

 

This review has been separated according to studies investigating HRB change during mid-

adulthood (indicating age effects), studies that consider HRB over historical time (indicating 

period effects), evidence from research utilising birth cohort studies (indicating cohort effects), 

and research investigating the interrelatedness of change amongst multiple HRBs (indicating 

spillover effects). The final consideration is of research implicating gender and SEP as 

predictors of change in HRBs. 

2.4.1 Health-related behaviour change during mid-adulthood 

To date, research on the clustering of smoking, alcohol, diet and physical activity has been 

largely cross-sectional with no examinations of HRB clustering longitudinally amongst British 

men and women in mid-age. Whilst there has been research investigating multiple HRB 

stability amongst individuals during childhood, adolescence and young adulthood (Childs and 

Sullivan, 2013; Chung et al., 2005; de Winter et al., 2016; White et al., 2009), there is little 

evidence focusing on individuals during mid-adulthood. 

Four studies have been identified investigating stability of all four HRBs across an individual’s 

lifecourse (Benzies et al., 2008; de Winter et al., 2016; Mulder et al., 1998; Paavola et al., 

2004). Two of these studies investigated HRB clustering (Benzies et al., 2008; de Winter et al., 

2016), one used a sample of adolescents (de Winter et al., 2016) and the other used a sample 

of Swedish women in mid-life (Benzies et al., 2008). Whilst all of these studies were different in 

their design and sample, all four suggested that smoking behaviour had greater continuity over 

time compared to alcohol, diet and physical activity (Benzies et al., 2008; de Winter et al., 

2016; Mulder et al., 1998; Paavola et al., 2004).  
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This is line with behaviour change theory which suggests smoking is particularly addictive 

because nicotine acts directly on the brain leading to noticeable physiological changes and 

thus over time a strong conditioning effect occurs, whereby the body begins to anticipate 

these physiological changes (Borland, 2013b). Moreover, whilst alcohol could also be 

considered an addictive behaviour, it has a different temporal rhythm to smoking (Room, 

2004). It is common for smoking occasions to take place multiple times throughout the day, 

whereas, for most people, alcohol consumption tends to occur less frequently (Room, 2004). 

Moreover, whilst smoking does not tend to act as a cue for alcohol consumption, drinking 

alcohol is often a cue to smoke (Room, 2004). 

   

Amongst the two studies focusing on mid-aged adults (Benzies et al., 2008; Mulder et al., 

1998), both found alcohol to be more stable than diet and physical activity. The first study 

employed a variable-centred data reduction technique (i.e. principal components analysis) to 

investigate the interrelatedness of multiple HRBs during mid-adulthood amongst women 

(Benzies et al., 2008). The authors found two distinct constructs subsequently labelled ‘healthy 

eating’ and ‘addictions’; these correlated weakly with each other and most women remained 

stable within each dimension (pearson correlation between time 1 and time 2, ‘healthy 

eating’=0.7, ‘addictions’=0.8). Change that did occur within each dimension tended to be 

positive (i.e. increased consumption of fruit and vegetables and reductions in smoking and 

alcohol consumption). The second study (Mulder et al., 1998) focused on a sample of middle-

aged men and found that HRBs were relatively stable (35% physical activity, 50% diet, 65% 

alcohol, 71% smoking). The study found change in a positive direction (30% physical activity, 

26% diet, 21% alcohol, 18% smoking) and negative direction (35% physical activity, diet 25%, 

15% alcohol, 11% smoking), with 11% of the sample changing two or more HRBs over a four-

year period.  HRB change was related to age. Participants in the two older age groups (age 

range 50–70) were more likely to reduce or stop smoking, have healthier diets and reduce 

their alcohol consumption in comparison to the younger age groups (age range 30–49), 

indicating positive HRB change. However, physical activity amongst participants in the two 

older age groups was more likely to decline than among the younger participants. 

Although the sample in the first study (Benzies et al., 2008) was considered to be 

representative of Swedish women in mid-life, the sample could be considered small (N=569). 

Therefore, the extent to which the results can be generalised to other populations is poor. 

Similarly, whilst the results of the second study investigating HRB stability in mid-life (Mulder 
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et al., 1998) are insightful, comparability is limited, given that this research was based on a 

sample of Dutch men in mid-life located in two northern provinces of the Netherlands. 

Findings from studies investigating stability of behavioural patterns for multiple HRBs in mid-

adulthood (Benzies et al., 2008; Mulder et al., 1998) is supported by empirical research 

investigating individual HRBs, which suggests that during mid-age there is a degree of stability 

in smoking (Fidler et al., 2013; Mathew et al., 2016), alcohol consumption (Britton et al., 2010; 

Johnstone et al., 1996; Kaplan et al., 2012), diet (Harrington et al., 2014; Parsons et al., 2006) 

and physical activity (Mertens et al., 2016; Pereira et al., 2014). From a theoretical perspective, 

it is possible that little change occurs in HRBs during this period of the lifecourse, compared to 

the experimental and more turbulent periods of adolescence and young adulthood (Fothergill 

et al., 2009; Schooling and Kuh, 2002). Mid-adulthood is generally considered a period of 

increased regularity and routine (Backett and Davison, 1995). For example, it is a time when 

child rearing and employment are most common (Lachman et al., 2015). 

However, the studies also suggest that some change in multiple HRBs during mid-adulthood 

may occur (Benzies et al., 2008; Mulder et al., 1998). Although cross-sectional research 

investigating HRB clustering according to age (outlined fully in section 2.2.3.1) cannot detect 

stability, it does provide some useful insights into the relationship between HRB clustering and 

age, suggesting a higher membership of older participants in clusters characterised by health-

promoting HRBs compared to younger participants who are more likely to be members of 

clusters characterised by health-damaging HRBs (Berrigan et al., 2003; Conry et al., 2011; 

Patterson et al., 1994; Poortinga, 2007; Schneider et al., 2009; Tseng and Lin, 2008; Verger et 

al., 2009; Vermeulen-Smit et al., 2015). This suggests that, as people age, their HRB cluster 

patterns tend to improve. 

Other empirical evidence lends itself to the hypothesis that during middle age individuals tend 

to improve their diets (Artaud et al., 2016; Backett and Davison, 1995; Benzies et al., 2008; 

Mulder et al., 1998; Parsons et al., 2006; Sijtsma et al., 2012), reduce or abstain from smoking 

(Artaud et al., 2016; Backett and Davison, 1995; Mulder et al., 1998; Paffenbarger Jr et al., 

1993) decrease alcohol consumption (Backett and Davison, 1995; Benzies et al., 2008; Britton 

et al., 2010; Meng et al., 2014; Molander et al., 2010; Mulder et al., 1998) and increase their 

levels of physical activity (Backett and Davison, 1995; Lissner et al., 1996). As mentioned in 

section 2.3.3, mid-adulthood is associated with a growing awareness of finite time and key 

events, such as having children (Backett and Davison, 1995). Thus, as people age, their future 

health becomes more salient and motivation to adopt health-promoting HRBs and stop health-
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damaging HRBs may increase, either to prevent or respond to chronic illness (Backett and 

Davison, 1995).  

On the other hand, it may also be the case that HRBs worsen during mid-life. This period in the 

lifecourse is associated with increased responsibilities (Lachman et al., 2015). Such 

responsibilities may restrict the ability to partake in health-promoting HRBs (Chou et al., 2004; 

Cutler et al., 2003; Lachman and James, 1997; Worsley et al., 2012) by depleting both the 

motivation and time required to actively participate in positive HRBs (Borland, 2013a; Kelly et 

al., 2016). This may explain observed declines in physical activity during mid-adulthood 

(Allender et al., 2008b; Artaud et al., 2016; Corder et al., 2009; Meyer et al., 2016; Mulder et 

al., 1998; Wannamethee et al., 1998) and research suggesting that activity levels may increase 

again after retirement (Feng et al., 2016; Menai et al., 2014). Competing time demands in mid-

life are also linked to poorer diet, due to an increased consumption of convenience, rather 

than home-cooked, meals and snacks which are often high in sugar and fat (Chou et al., 2004; 

Cutler et al., 2003; Worsley et al., 2012). Moreover, changing negative HRBs is challenging and 

therefore depleted time and energy levels due to such responsibilities are likely to impinge on 

the ability to refrain from negative HRBs (Borland, 2013b). This may to some extent explain the 

relative stability of smoking and alcohol consumption during this period of life (Benzies et al., 

2008; Mulder et al., 1998). 

Finally, it should also be noted that some research has elucidated complexity in HRB stability 

for alcohol and physical activity. For example, Kerr et al. (2002) identified that stability in 

alcohol consumption differs depending on the level of alcohol consumed, being more stable 

for abstainers and moderate drinkers compared to heavy drinkers. In regard to physical 

activity, Lissner et al. (1996) found in a sample of middle-aged women that similar proportions 

increased (19.8%) and decreased (20.9%) their physical activity over a six-year period. Due to 

such inconsistencies and a lack of evidence concerning the stability of HRB clustering during 

mid-life, it appears that the assumption of absolute stability in multiple HRBs over time may 

not be valid (Laaksonen et al., 2002; Oude Groeniger and van Lenthe, 2016) and that there is a 

need for further investigations into the stability of HRB clustering during mid-life. 

2.4.2 Health-related behaviour change over historical time 

General trends over historical time have been observed at a population level for these four 

HRBs in the United Kingdom and other developed countries. Since the 1950s there have been 

declines in smoking (RCP, 2012) and since the early 1990s there have been increases in the 

consumption of fruit and vegetables (Ezzati et al., 2015) and leisure-time physical activity (An 
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et al., 2016; Stamatakis et al., 2007). At the same time, there have been increases in sugar 

consumption (Chang et al., 2017; Singh et al., 2015; WHO, 2015) and alcohol consumption 

(Meng et al., 2014).  

Research investigating multiple HRBs has observed a decline in the prevalence of individuals 

reporting to have all four health-damaging HRBs (i.e. smoking, heavy alcohol consumption, low 

consumption of fruit and vegetables, physical inactivity) in the United Kingdom (Alageel et al., 

2016; Buck and Frosini, 2012) and other developed countries (DeRuiter et al., 2014; Ding et al., 

2015). Two studies investigating change in all four HRBs during the 1990s and early 2000s 

(DeRuiter et al., 2014; Ding et al., 2015) identified that the most change occurred for those 

who were physically inactive smokers. In contrast, research conducted in the United Kingdom 

(Buck and Frosini, 2012), studying change between 2003 and 2008, found that the biggest 

decrease was for individuals with co-occurring heavy alcohol consumption, low fruit and 

vegetable consumption and low levels of physical activity.6 This is supported by research 

investigating change between 2003 and 2013 in the United Kingdom finding decreases in 

cigarette smoking, low physical activity, low fruit and vegetable intake and excessive alcohol 

consumption (Alageel et al., 2016). In contrast, research conducted in the United States found 

that between 1996 and 2007 the proportion who reported to have health-promoting HRBs in 

relation to smoking, diet and physical activity reduced (Ford et al., 2010).  

Furthermore, research detecting different drinking typologies in a UK population sample 

observed that those characterised by heavier alcohol consumption had higher than average 

rates of smoking in comparison to the population average, but the prevalence of smoking in all 

of the typologies reduced between 1978 and 2010 (Purshouse et al., 2017).  

2.4.3 Cohort and health-related behaviour change 

The above literature suggests that both circumstances unique to those in mid-age as well as 

wider population trends over historical time may influence HRB stability during mid-life. A 

review of research using prospectively collected data from British birth cohorts, controls for 

potential cohort differences and can therefore be useful in further elucidating the effects of 

historical time and/or age (Schoon, 2006), although the latter two cannot be distinguished 

from one another. 

                                                           
6 Clustering was not investigated by Buck & Frosini (2012). See chapter 1, section 2, for an outline of the 
two approaches. 
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Cross-comparisons of birth cohorts in terms of smoking behaviour (Kemm, 2001; Schulze and 

Mons, 2005) have identified that overall smoking prevalence has decreased over successive 

cohorts born after the 1920s, although women’s smoking prevalence increased between the 

1920s and 1960s before decreasing. These studies also found the age at which smokers quit 

has fallen across subsequent cohorts over time. 

Parsons et al. (2006) considered the stability of diet and physical activity using the National 

Child Development Study, a cohort of British people born in 1958, at ages 33 and 42. They 

used Spearman correlation coefficients to assess the continuity of these behaviours and 

determined that it was low to moderate for diet (ranging from 0.23 to 0.49) and physical 

activity (0.31 men; 0.23 women). During this nine-year period, fruit and vegetable 

consumption increased, sweet food consumption decreased, fried food consumption 

increased and there was little change in levels of physical activity.  

Another study (Pereira et al., 2014) used the same cohort to examine physical activity over a 

longer time period (ages 33, 42 and 50) and found continuity, stating that 52% of those who 

were inactive at age 33 were also inactive at age 42, and 48% of those inactive at age 42 were 

also inactive at age 50.  

Mishra et al. (2006) investigated changes in diet and alcohol consumption over a ten-year 

period amongst an earlier cohort of middle-aged British adults who were born in 1946. 

Similarly to Parsons et al. (2006), the authors found marked changes in diet during mid-age. 

More specifically, they identified a decline in meat, potatoes and sweet foods and increases in 

fruit and vegetable consumption. The authors also identified increases in alcohol consumption. 

The latter finding is supported by research which found increases in alcohol consumption in 

mid-age adults from the 1970 British Birth Cohort Study (Elliott et al., 2007). This increase in 

alcohol consumption among cohorts of mid-age adults has also been identified elsewhere 

(Britton et al., 2015; Ilomäki et al., 2010; Kraus et al., 2015; Meng et al., 2014; Molander et al., 

2010). 

2.4.4 Interrelatedness of change of health-related behaviours 

As mentioned in section 2.2, HRBs are considered to be mutually dependent (Blue et al., 2014).   

Therefore, change in one HRB may lead to change in another (Prochaska et al., 2008a), 

through behavioural spillover effects (Poortinga et al., 2013) 

Empirical evidence suggests that change in smoking is highly related to changes in diet, alcohol 

and physical activity (Brown et al., 2016; DeRuiter et al., 2014; Laaksonen et al., 2002; Noonan 
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et al., 2016; Prättälä et al., 1998; Tian et al., 2016; Unger, 1996; Yusufov et al., 2016). For 

example, Laaksonen et al. (2002) found that changes in diet, alcohol and physical activity in 

adults over a 7-year period involved changes in smoking behaviour. In a population sample of 

adults in England who were followed for one week, smokers who commenced a quit attempt 

consumed less alcohol within the same period (Brown et al., 2016). DeRuiter et al. (2014) used 

latent variable modelling to identify change in HRBs over a 12-year period in a representative 

population sample of working-age adults and found that increases in physical activity and 

decreases in alcohol consumption were both associated with lower tobacco use but not with 

each other. Prättälä et al. (1998) found that, in adults over a 15-year period, the consumption 

of vegetables increased more for non-smokers and ex-smokers than for smokers and Yusufov 

et al. (2016) found that positive changes in smoking were related to positive changes in diet.  

Moreover, in a sample of young women, heavy alcohol consumption predicted the adoption of 

smoking (McDermott et al., 2009). Heavy alcohol consumption was predictive of persistent 

smoking and the re-uptake of smoking after quitting (McDermott et al., 2009). The authors 

also found being physically active was associated with remaining an ex-smoker (McDermott et 

al., 2009). A literature review of studies conducted in human laboratories concludes that 

nicotine and alcohol have a reciprocal relationship, with each substance influencing the craving 

and use of the other (Verplaetse and McKee, 2017).  

The relationship between changes in physical activity, diet and alcohol consumption is less 

consistent. DeRuiter et al. (2014) found no relationship between changes in physical activity 

and alcohol consumption. In contrast, Conroy et al. (2015) identified that on days when 

individuals are physically active they tend to drink more alcohol. Furthermore, increased 

physical activity has been identified as an effective strategy in reducing alcohol consumption 

amongst those with problematic alcohol use (Stoutenberg et al., 2016). In terms of diet and 

alcohol use, individuals with an unhealthy diet at baseline have been found to drink less 

alcohol 7 years later (Laaksonen et al., 2002). Some studies have identified that increases in 

physical activity are associated with an improved diet (Fleig et al., 2015; Parsons et al., 2006). 

In contrast, another study found no association suggesting that diet and physical activity may 

not be interrelated over time (Woolcott et al., 2013).  

2.4.5 Gender and health-related behaviour change  

There is evidence to suggest that change in HRB clustering may vary according to gender. 

Research investigating change in multiple HRBs over time in the United Kingdom found that 

the proportion of individuals participating in all four health-damaging HRBs (i.e. smoking, 
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heavy alcohol consumption, low fruit and vegetable intake, physical inactivity) reduced more 

markedly for women compared to men between 2002 and 2008 (Buck and Frosini, 2012). 

However, the study also identified significant increases in the proportion of women with low 

fruit and vegetable consumption and heavy alcohol consumption compared to men in the 

same time period. 

 
The above is indicative of other work that suggests that there has been a convergence in 

smoking (HSCIC, 2014b; McCartney et al., 2011) and alcohol consumption amongst men and 

women over time (Elliott et al., 2007; Keyes et al., 2011; Meng et al., 2014; Purshouse et al., 

2017; Schoon and Parsons, 2003; Slade et al., 2016). 

 

This convergence is considered to be largely due to an increase in the uptake of smoking 

(McCartney et al., 2011; Schooling and Kuh, 2002) and heavier alcohol consumption 

(McCartney et al., 2011; Purshouse et al., 2017) amongst women rather than marked 

reductions in these health-damaging HRBs amongst men. Research suggests that whilst the 

uptake of smoking amongst women occurred later in historical time compared to men the 

decline in smoking has also been slower (McCartney et al., 2011; Schooling and Kuh, 2002). 

Moreover, whilst alcohol consumption has increased for both men and women in subsequent 

cohorts born before 1980 (Kerr et al., 2009; Kraus et al., 2015; Meng et al., 2014), amongst 

drinkers born after 1980 there is evidence to suggest that consumption levels have declined 

for men but have continued to increase for women (Meng et al., 2014). This suggests a 

complex and dynamic relationship between smoking, alcohol consumption and cultural 

constructions of gender over time (McCartney et al., 2011).     

 
Gender differences in the dietary patterns have also been identified in a cohort of British 

middle-aged adults born in 1946 (Mishra et al., 2006) whereby changes in dietary patterns 

over a ten-year period differed for men and women. Most notably, sweet food consumption 

reduced for women but not men (Mishra et al., 2006). Prättälä et al. (1998) identified changes 

over time in the association between dietary intake and never, ex and current smoking status 

with never and ex-smokers consuming more vegetables compared to current smokers. The 

authors also found that amongst men differences in consumption of vegetables between ex-

smokers and current smokers increased over time whereas for women these differences 

increased and then decreased. 

Whilst body mass index (BMI) is not considered to be an HRB it is often used as a proxy for diet 

(Campostrini and McQueen, 2003). Research investigating the relationship between smoking, 
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alcohol and obesity (BMI≥30) has identified gender differences (Lahti-Koski et al., 2002). This 

research found alcohol abstinent women and heavy drinking men were more likely to be obese 

and that male smokers were more likely to be obese than never smokers but this was not the 

case for women. 

Parsons et al. (2006) found in a cohort of British adults born in 1958 that there were significant 

decreases in physical activity levels for women between the ages of 33 and 42 (p<0.01), which 

were not found for men (p>0.05). In a cohort of British middle-aged adults born in 1946, 

longitudinal patterns of physical activity were found to differ for men and women (Silverwood 

et al., 2011). The study results suggested more women belonged to patterns characterised by 

higher levels of physical activity than men. Furthermore, changes in physical inactivity and 

unhealthy diet have been found to be associated with one another in men but not women 

(Laaksonen et al., 2002).  

2.4.6 Socio-economic position and health-related behaviour change 

Scholars suggest that the action required to change specific HRBs may differ according to SEP 

(Borland, 2013c). As mentioned above, whilst some HRBs will require active participation (e.g. 

diet and physical activity) and others will require restraint (e.g. smoking and alcohol) (Borland, 

2013e), in both cases changing health habits is considered challenging and increased access to 

particular resources is considered to make HRB change easier (Borland, 2013c; Dixon and 

Banwell, 2009).  

 

The influence of SEP on HRB change highlights how individual agency to change lifestyle is 

heavily determined by structural factors (Cockerham, 2005). As mentioned in section 2.3.2, it is 

theorised that material and occupational dimensions of SEP are linked to psychosocial stress 

(Pampel et al., 2010; Sacker et al., 2001). Stress is considered a major contributor to the 

persistence of health-damaging HRBs, such as smoking and heavy alcohol, and a lack of 

participation in health-promoting HRBs, such as a healthy diet and physical activity (Borland, 

2013c). Increased exposure to stress reduces motivation and capacity for self-restraint 

(Borland, 2013c). Moreover, scholars argue that factors such as psychosocial stress are 

considered to operate at multiple levels (i.e. macro, meso and micro) and hence have a strong 

proximal influence on the context in which people live and thus on their HRBs (Short and 

Mollborn, 2015). 

Behaviour change theory states that changing HRBs through reduction or restraint requires the 

introduction of a substitute of some kind (Borland, 2013a). This is consistent with Pampel et al. 
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(2010) who suggest that increased access to material resources gives smokers attempting to 

stop the opportunity to choose alternative pleasurable activities. This is supported by the 

findings of a systematic review of literature investigating the barriers and facilitators of HRBs in 

mid-life, which found that financial cost associated with health-promoting HRBs was a barrier 

to their uptake and continuation (Kelly et al., 2016). Moreover, this systematic review found 

that having one health-promoting HRB encouraged the uptake and maintenance of others.  

 

Furthermore, Chinn et al. (1999) identified that adults in the United Kingdom occupying more 

advantaged social positions cited ‘internal’ barriers to physical activity, such as time and 

motivation, whereas those occupying more disadvantaged social positions cited ‘external’ 

barriers to physical activity, such as lack of economic resources and transport, implying a 

possible double burden (i.e. internal and external) of disadvantaged SEP on HRB change in mid-

life. Pampel et al. (2010) theorised that health-damaging HRBs may be used as a way to cope 

with material hardship and therefore those with lower incomes may be managing this 

additional burden when it comes to cessation. These mechanisms may help to explain why 

HRB change interventions appear to be less effective amongst those with a low income (Bull et 

al., 2014). 

 

The decision to sustain or change a particular health-damaging HRB may differ by SEP. Some 

suggest that higher educational attainment will not necessarily increase exposure to health 

messages but may lead individuals to respond to them due to more efficient information 

processing (Cutler and Lleras-Muney, 2010; Schooling and Kuh, 2002). This may, to some 

extent, explain the finding that individuals from more disadvantaged SEP are less likely to 

reduce their alcohol consumption as a health precaution (Britton and Bell, 2015). Others have 

found that beliefs on the relationship between diet and health were weaker amongst 

individuals with lower levels of education (Miura and Turrell, 2014). 

Employment relations have also been found to influence change in HRBs. One study found that 

amongst physically active individuals, those who had higher levels of job strain at baseline were 

more likely to become physically inactive over time compared to those with lower job strain 

(Fransson et al., 2012). Experimental research suggests that different levels of nicotine 

dependence are associated with different levels of biological responses to stress (Morris et al., 

2016), thus if nicotine dependence were to increase over time the stress reduction associated 

with smoking may diminish.  
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Self-identity and cultural norms are implicated in the uptake and maintenance of health-

promoting HRBs (Kelly et al., 2016). Fennis et al. (2015) postulate that HRBs are a crucial 

element of personal identity and that these are often ingrained and automatic. Higher 

earnings may allow access to new or luxurious HRBs, which may be health promoting or 

damaging, changing tastes and preferences of the collective who can afford them (Cutler and 

Lleras-Muney, 2010). Moreover, whilst individuals in more advantaged SEP groups may be the 

first to adopt health-promoting HRBs in response to health messages these can also become 

ingrained as part of a global lifestyle and social group identity (Bartley, 2016a; Pampel et al., 

2010), which individuals subsequently strive to maintain (Fennis et al., 2015). It is theorised 

that over time HRBs synonymous with the most advantaged SEP group are imitated by other 

SEP groups, known as ‘diffusion’ (Dixon and Banwell, 2009). This may help to explain historical 

trends in women’s smoking behaviour, with advantaged SEP women being the first to start and 

the first to stop (Schooling and Kuh, 2002). It may also explain the uptake of HRBs appear to 

match those of the social group to which an individual attains in adulthood as opposed to the 

social group from which they were part of in childhood (Borodulin et al., 2012; Karvonen et al., 

1999).  

However, the inclination to hold onto self-identity (Fennis et al., 2015) can also lead to the 

maintenance of health-damaging HRBs. Pampel et al. (2010) suggests that health-damaging 

HRBs, such as smoking, are tied up with a collective identity amongst individuals in more 

disadvantaged social circumstances of toughness and non-conformity. This may contribute to 

explaining why, despite being aware of the harms of smoking (Blaxter, 1990), a higher 

proportion of individuals within more disadvantaged SEP groups smoke in comparison to the 

rest of the population (Jefferis et al., 2004).   

Whilst declines in smoking have been observed over time at a population level (RCP, 2012), this 

has not been uniform across SEP groups leading to an increase in SEP inequality in smoking 

across subsequent cohorts (Jefferis et al., 2004; Martikainen et al., 2013; Vedøy, 2014). 

Research using data from a cohort of British adults born in 1958 found that between age 23 

and 41 participants from more disadvantaged SEP backgrounds (captured via four categories of 

occupational social class) were not only more likely to smoke but less likely to quit than their 

more advantaged peers (Jefferis et al., 2004). In a sample of US adults aged 50–75 the 

likelihood of both quitting smoking and sustaining cessation was greater for those with higher 

educational attainment (Margolis, 2013). Similarly, in a sample of young women lower 

educational attainment was associated with continued smoking over a ten-year period 
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(McDermott et al., 2009). Using a sample of Swedish middle-aged women, Benzies et al. (2008) 

found that higher levels of education predicted change in smoking during a four-year period. 

Moreover, a study of Italian adults found that successful smoking cessation was related to 

higher levels of education and the absence of financial difficulties (Coppo et al., 2017). 

However, Vedøy (2014) did not find evidence that advantaged SEP was related to an increase in 

smoking cessation, instead advantaged SEP was associated with a lower likelihood of smoking 

initiation. Laaksonen et al. (2008) found a complex interplay between gender, SEP and smoking. 

The investigators identified that among men there was little influence of educational 

differences on smoking initiation or cessation whereas in less educated women there was an 

increase in smoking initiation, not observed amongst more educated women. 

In a cohort of British middle-aged British adults born in 1946, increases over a ten-year period 

in fruit and vegetable consumption were more likely for participants with advantaged SEP 

(higher education and non-manual class) (Mishra et al., 2006). Interestingly, both this study 

and research conducted on a cohort of British civil servants (Britton et al., 2010) found that 

participants with advantaged SEP were more likely to increase their alcohol consumption 

compared to those with disadvantaged SEP.  

Trends suggest an increase in leisure-time physical activity over time but a reduction in 

domestic and occupational physical activity due to technological advances (Stamatakis et al., 

2007). This has implications for SEP differences in physical activity over time given that 

historically lower grade occupations involved higher levels of activity due to the manual nature 

of the work (Allender et al., 2008a) and domestic activities are associated with manual 

occupational grades (Stamatakis et al., 2007). Moreover, empirical research has found that 

moving from lower to higher occupational grades over time is associated with higher levels of 

physical activity (Borodulin et al., 2012) and that increases in leisure-time physical activity over 

time are more likely among higher occupational grades and decreases are more likely amongst 

lower occupational grades (Seiluri et al., 2011). In a sample of US adults aged 50–75, whilst 

educational differences in commencing physical activity were explained by health status the 

likelihood of sustaining physical activity over time was not (Margolis, 2013). Instead the study 

physical activity found to be greater for those with higher educational attainment (Margolis, 

2013). 

There is also evidence to suggest that decreases in the proportion of individuals with multiple 

health-damaging HRBs differs according to SEP (Buck and Frosini, 2012; Ding et al., 2015). In a 

sample of British adults between 2003 and 2008, participants with disadvantaged SEP were 
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found to be less likely to improve their HRBs over time (Buck and Frosini, 2012). The 

investigators found that an observed decrease in participants with multiple health-damaging 

HRBs over time was disproportionately represented by those with advantaged SEP. The same 

relationship was observed for Australian adults between 2002 and 2012 (Ding et al., 2015). 

Prättälä et al. (1998) found significant associations between changes in dietary intake and 

smoking status (current, ex, never) over time were largely explained by educational level, 

whereas, Mulder et al. (1998) found in a sample of middle-aged men from the Netherlands 

that SEP did not influence change in multiple HRBs over a four-year period. 

 

To date and to my knowledge, there appears to be no research investigating the influence of 

SEP on stability in HRB clustering during mid-adulthood. 

2.5 Summary of the literature review  

An appraisal of the literature (outlined in Table 2.1) investigating HRB clustering, suggested 

that smoking, alcohol consumption, diet and physical activity, do not co-occur by chance and 

therefore cluster. HRB cluster patterns appear complex consisting of both positive and 

negative HRBs. Age, gender and SEP are implicated in the formation of HRB clusters, although 

gender and SEP are considered to be more consistent predictors of HRB clustering in 

comparison to age (Meader et al., 2016; Noble et al., 2015). A complex relationship between 

gender and cohort in the formation of HRB clusters may exist, both factors have the potential 

to predict HRB cluster membership as well as differences in the nature of the HRB cluster 

patterns.  

The literature reviewed suggests material, occupational and cultural pathways through which 

HRBs in mid-adulthood are influenced by social circumstances during pre-adolescence and 

mid-adulthood. Moreover, this review indicates that whilst HRB clustering appears relatively 

stable during mid-adulthood it does have the potential to change and that social circumstances 

may influence change in HRBs over time through differential access to material, occupational 

and cultural resources. 

The appraisal uncovered inconsistencies across the studies in terms of the HRB cluster patterns 

and the relationship between age, gender, SEP and HRB clustering. These inconsistencies are 

likely due to differences in methodology, thus making comparability across the studies poor. 

Consequently, these methodological differences have been considered in this thesis.  

The first methodological consideration is the measurement of HRBs, where dichotomising 

HRBs should be avoided as this may reduce comparability across studies and leads to a loss of 



 69 
 

rich information.  Secondly, advanced person-centred data reduction techniques, such as 

latent class analysis, appear to be preferable in comparison to using prevalence odds ratios or 

cluster analysis to identify HRB clustering. In comparison to cluster analysis, latent class 

analysis has stronger theoretical underpinnings and statistical procedures to guide model 

selection and has the ability to incorporate measurement error. Thirdly, large representative 

samples are required in order to provide adequate statistical power to elucidate HRB patterns 

and detect differences according to gender, cohort and SEP. Fourthly, the review found that 

studies tend to use an inadequate number of SEP indicators, which may not fully capture the 

different dimensions of SEP (i.e. material, occupational and cultural). These measures are 

often included as observed variables which are prone to measurement error. Using advanced 

data reduction techniques, such as factor analysis, may circumvent this by detecting a latent 

variable which can incorporate information from multiple SEP variables and takes into account 

measurement error. Finally, the only study focusing on SEP in childhood and HRB clustering 

used retrospective information on SEP in childhood. Ideally, prospectively collected data 

should be used in order to establish reliable effects between social circumstances earlier in life 

and HRBs in mid-adulthood. 

2.6 Gaps in knowledge 

This literature review has highlighted some important gaps in the evidence base. Firstly, there 

is a lack of research examining the clustering of HRBs across cohorts and only one study, 

conducted in Sweden, has been found that considers the influence of SEP in childhood on HRB 

clustering in mid-adulthood. There is a clear need for further research on the effects of 

childhood SEP on HRB clustering within a British context. 

Secondly, there are very few studies investigating multiple HRBs and HRB clustering 

longitudinally and to my knowledge none have focused on British men and women in mid-

adulthood. It is also apparent that most studies investigating multiple HRBs in mid-adulthood 

assume that they are stable during this period, only measuring them at one time point. 

Notably, it appears that no studies have considered the extent to which SEP in mid-adulthood 

influence change in HRB clustering during mid-life. 

In light of the above, it is considered that this doctoral project makes novel and valid 

contributions to existing evidence in three important ways: 1) in elucidating distinct patterns 

of HRBs shared by subgroups from two British cohorts born 12 years apart; 2) in identifying the 

role of pre-adolescent SEP in predicting HRB cluster membership in mid-adulthood; 3) in 

demonstrating the stability of HRB cluster membership during mid-life. 
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3 Chapter 3: Conceptual model 
Based on the reviewed literature (outlined fully in chapter 2), a conceptual model has been 

developed for this thesis and can be viewed as a diagram in Figure 3.1.  

HRB clustering 

This model conceptualises four HRBs: smoking, alcohol, diet and physical activity, as clustering 

together and being interrelated. The model therefore incorporates multiple HRBs. HRB clusters 

may consist of those that are negative and considered to be health damaging (e.g. smoking, 

heavy alcohol consumption, a diet high in sugar and fat and low in fruit and vegetables and 

physical inactivity), positive and considered to be health promoting (e.g. not smoking, light or 

moderate alcohol consumption, a diet low in sugar and fat and high in fruit and vegetables and 

regular physical activity) or a mixture of both.  These HRB clusters are considered to represent 

health lifestyles which are shared by subgroups of mid-age adults in the British population. The 

HRB clusters provide self-identity and meaning and reflect the consumption patterns of 

particular social groups. Therefore, these health lifestyles hold symbolic value and reflect the 

social context of subgroups who share them, which is both place and time specific. It is 

possible that both gender and cohort will influence the formation of HRB clusters and are thus 

considered as effect modifiers. The same HRB cluster patterns may emerge for men and 

women in both cohorts and gender/cohort differences are only apparent in terms of cluster 

membership (e.g. more women and those in the later-born cohort belong to clusters 

characterised by multiple positive HRBs). At the same time, it may be that the nature of the 

HRB cluster patterns differs according to cohort and gender. For example, given gender 

convergence for smoking and alcohol consumption over time, gender differences in HRB 

cluster patterns may be less apparent in the later-born cohort. 

Change in HRB clustering over time 

The model focuses on change in HRB clustering during mid-adulthood. It is considered likely 

that HRB clustering during in mid-life will be relatively stable because this period in the 

lifecourse is characterised by increased regularity and routine. For example, this is a time when 

individuals tend to settle into mid-adult roles, such as raising children and employment.  At the 

same time, it is plausible that some change in HRB clustering will occur during this period of 

the lifecourse. For example, as individuals gain more responsibilities during mid-adulthood 

accompanied by an increased awareness of finite time and future health, their motivation to 

adopt positive HRBs (e.g. eating more fruit and vegetables and partaking in physical activity) 

and stop negative HRBs (e.g. smoking and heavy alcohol consumption) may increase. 
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Consequently, their lifestyles change for the better. Conversely, lifestyles may worsen during 

mid-life. For example, the increased responsibilities associated with mid-adulthood may lead 

to competing demands depleting the time and motivation required to participate in positive 

HRBs (e.g. leisure-time physical activity and preparing healthy meals) and stop negative HRBs 

(e.g. smoking and alcohol consumption). 

Moreover, the place and time specific context in which HRB clusters are embedded is 

considered to dictate the extent to which particular HRBs continue or cease to exist. General 

trends observed in the United Kingdom in the latter half of the 20thcentury are likely to play a 

role, for example declines in smoking prevalence. This model also perceives HRBs as being 

interrelated and therefore it is considered likely that change in one HRB, may lead to change in 

others. 

Therefore, HRB clusters are considered in this model to be dynamic and may change as a 

consequence of factors associated with year of birth (cohort) and age (mid-adulthood) as well 

as place and period (1990s and early 2000s in the United Kingdom).  

The relationship between HRB clustering and material, cultural and occupational dimensions of 

socio-economic position at different stages in the lifecourse 

The model incorporates a social determinants and lifecourse framework by considering the 

role of social circumstances, captured by individual and household SEP, during pre-

adolescence and mid-adulthood in shaping mid-adulthood HRBs. It is conceived possible that 

SEP experienced during pre-adolescence may directly influence HRBs in mid-adulthood 

through a behavioural pathway. Pre-adolescence SEP is considered particularly salient because 

it is a period in which children become more aware of their own identity and how they differ 

from others in terms of their social background.  

Pre-adolescent SEP will embed some HRBs through regular participation and establishing 

attitudes and beliefs towards other HRBs they are yet to experience. Exposure to particular 

HRBs will vary according to pre-adolescent SEP via differentials in the social group habitus of 

the family (determined by cultural resources) and physical access (determined by material 

resources). These material and cultural dimensions of SEP in pre-adolescence are considered 

to be highly interrelated.  The pull of pre-adolescent SEP will re-emerge in mid-adulthood 

following the normative experimental stages of adolescence and young adulthood who are 

more heavily influenced by external factors compared to household SEP and when individuals 

are considered to have settled into their mid-adulthood roles.  
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It is also conceived possible in this model that pre-adolescent SEP will influence mid-adulthood 

HRBs via a social pathway. Pre-adolescent SEP will set children on lifelong SEP trajectories, 

shaping their SEP in mid-adulthood. Access to material and cultural resources in pre-

adolescence are considered to accumulate and consequently dictate access to material, 

cultural and occupational resources in mid-adulthood. This accumulation is conceived to occur 

through transmission of material and cultural resources on later material, cultural and 

occupational resources.  

Consequently, mid-adulthood SEP will reinforce HRBs embedded in pre-adolescence through 

the accumulation of resources and subsequently influence HRB cluster membership at the 

same age. The pathway through which mid-adulthood SEP will dictate HRB cluster membership 

is conceived to occur via physical access (determined by material resources) to positive HRBs, 

psychosocial stress (determined by material and occupational resources) leading to differential 

uptake of negative HRBs and social group habitus (determined by cultural resources) shaping 

overall lifestyle and encompassing these four HRBs. The material, cultural and occupational 

dimensions of SEP in mid-adulthood are considered to be highly interrelated. 

Finally, this model considers possible differentials in HRB change during mid-life according to 

SEP. Those in more advantaged social circumstances will have increased access to material, 

occupational and cultural resources, making HRB change easier in comparison to those in more 

disadvantaged circumstances. 
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Figure 3.1 The conceptual model to be tested in this thesis  

 

Note: Solid arrows represent tested paths. Dashed arrows represent hypothesised mechanisms. Gender and cohort are considered to modify HRB 
clustering. 
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4 Chapter 4: Aims, objectives and hypotheses 

4.1 Aims 

The aim of this doctoral project is to investigate the patterning, formation and change over 

time of HRBs. 

4.2 Objectives                 

The research aim described above is addressed through three research objectives listed below. 

1. To identify clustered patterns of four HRBs: smoking, alcohol, diet and physical activity, 

using the data from two British birth cohort studies at one point in mid-adulthood and 

compare the results for men and women across those cohorts. More specifically, using 

the 1958 National Child Development Study (NCDS) at age 33 and the 1970 British 

Birth Cohort Study (BCS70) at age 34, to investigate: 

a. Cohort and gender differences in cluster membership. 

b. Cohort and gender differences in cluster patterns. 

2. To investigate the predictive effect of pre-adolescent SEP at age 11 (NCDS) and age 10 

(BCS70) on mid-adulthood HRB cluster membership at age 33 (NCDS) and 34 (BCS70). 

More specifically: 

a. The effect of pre-adolescent material and cultural dimensions of SEP on mid-

adulthood HRB cluster membership. 

b. The extent to which these effects are explained by material, occupational and 

cultural dimensions of mid-adulthood SEP at age 33 (NCDS) and 34 (BCS70). 

3. To assess stability in HRB cluster membership between age 33 and age 42 in the NCDS7  

and the role of dimensions of SEP at age 33 in predicting change in HRB cluster 

membership. 

 

 

 

 

                                                           
7 Only information from the earlier-born cohort was used to address objective 3 due to a lack of 
equivalence in HRB measurement at ages 34 and 42 in the BCS70. 



75 
 

4.3 Hypotheses 

Hypotheses corresponding to the three research objectives are as follows:                                                                                                                                                                      

Objective 1:  

• Distinct clustered patterns of HRB will be identified, some will consist of multiple 

positive HRBs, others will be characterised by multiple negative HRBs. Based on the 

appraised literature (see section 2.2.2), there will be a cluster of non-smokers with 

healthier diets and lower levels of alcohol consumption in comparison to clusters 

consisting of people who smoke (=multiple positive HRBs) and a smaller cluster 

consisting of heavy smokers and drinkers with poorer diets but higher levels of 

physical activity than the cluster consisting of non-smokers (=multiple negative HRBs). 

• HRB cluster patterns and/or membership will differ according to cohort and gender. 

More women and those in the later-born cohort will belong to clusters characterised 

by multiple positive HRBs and more men and those born earlier will belong to clusters 

characterised by multiple negative HRBs. Gender convergence over time for smoking 

and alcohol consumption will mean gender differences in HRB cluster patterns will be 

less apparent in the later-born cohort. 

Objective 2: 

• More disadvantaged pre-adolescent SEP will predict membership of mid-adulthood 

HRB clusters characterised by multiple negative HRBs.  

• More disadvantaged mid-adulthood SEP will predict membership of mid-adulthood 

HRB clusters characterised by multiple negative HRBs.  

• The relationship between pre-adolescent SEP and mid-adulthood HRB cluster 

membership will be partially mediated by mid-adulthood SEP. 

Objective 3: 

• HRB cluster membership between ages 33 and 42 will be relatively stable with a high 

probability (>70%) of individuals remaining in the same cluster. There will be a smaller 

probability (approximately 20%) of moving from a cluster characterised by multiple 

negative HRBs to a cluster characterised by multiple positive HRBs.8 

• Age 33 SEP will predict change in HRB clustering during mid-adulthood. More 

advantaged SEP at age 33 will be associated with change from a smoking to non-

smoking cluster.  

                                                           
8 Probabilities based on the findings of Mulder et al (1998) and Benzies et al (2008), see section 2.4.1. 
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5 Chapter 5: Methods 
This chapter describes the methods used to achieve the research objectives outlined in 

chapter 4. This includes a more detailed account of the data taken from two British birth 

cohort studies (first introduced in section 1.4), a description of the research variables and an 

overview of the statistical analytical approach. 

5.1 Data  

5.1.1 An introduction to the two birth cohort studies 

 The National Child Development Study (NCDS). 

The National Child Development Study (NCDS) follows the lives of 17,514 live births born 

within the same week in 1958 across England, Scotland and Wales (Power and Elliott, 2006). 

The parents of these participants were followed up in order to ascertain the child’s 

development at ages 7, 11 and 16. Immigrants born in the same week, identified through their 

schools, were added to the sample at age 7, 11 and 16.  Participants have been followed 

throughout their adulthood at ages 20, 23, 33, 42, 46, 50 and 55. The NCDS is a 

multidisciplinary study which has collated information from a number of sources on the 

educational, developmental, medical, economic and social aspects of participants’ lives (Power 

and Elliott, 2006).  

Data were taken from different data collection sweeps in order to address the three research 

objectives outlined in chapter 4. To achieve objective 1, information from participants at age 

33 (CLS, 2008a) was used. For objective 2, information at birth (CLS, 2014) and ages 7 (CLS, 

2014), 11 (CLS, 2014) and 33 (CLS, 2008a) were included. Finally, to address objective 3, 

information was taken from age 33 (CLS, 2008a) and 42 (CLS, 2008b).    

 The 1970 British Birth Cohort Study (BCS70). 

The 1970 British Birth Cohort Study (BCS70) follows the lives of 16,571 people born across 

England, Scotland and Wales in one week in 1970(Elliott and Shepherd, 2006). Information was 

initially collected from their parents at age 5, 10 and 16. The participants have been followed 

during adulthood at ages 26, 30, 34, 38, 42 and 46. Like the NCDS, the BCS70 is a 

multidisciplinary study which has collated information in relation to many aspects of 

participants’ lives, making it a rich data resource (Elliott and Shepherd, 2006).  

Again, data from different sweeps was used to address research objectives 1 and 2 outlined in 

chapter 4. For objective 1, information was taken from participants at age 30 (CLS, 2016c) and 

34 (CLS, 2016b). To achieve objective 2, information from ages 5 (Butler, 2016), 10 (CLS, 
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2016a), 30 (CLS, 2016c) and 34 (CLS, 2016b) were included.  Data from the BCS70 was not used 

to address objective 3 due to a lack of equivalence in HRB measurement at ages 34 and 42. 

5.1.2 Study attrition 

Similarly to all longitudinal epidemiological studies, the two cohorts had missing data at each 

data collection sweep (i.e. unavailable at one sweep but then returned for the next), missing 

data due to a loss of participants over time (i.e. lost in all subsequent sweeps) and non-

response to individual items at each sweep.  

Table 5.1, presents the response rates for the relevant data collection sweeps of each study. 

Ferri et al. (2003) conducted a cross-cohort comparison of the two birth cohorts. The authors 

found the response rates of these cohorts remained high over time and showed relatively little 

bias. However, the authors do indicate that more men than women and those with the least 

education have a higher propensity to leave the study over time.  

Analytical samples were derived corresponding to each of the three research objectives (see 

chapter 4). Information on the derivation of each analytical sample and the management of 

missing data pertaining to that sample are provided in the methods sections of chapters 6, 7 

and 8, corresponding to research objectives 1, 2 and 3 respectively. 
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Table 5.1 Sample sizes and response rates for relevant data collection sweeps in the NCDS and BCS70 

 

 

 

 

 

 

 

 

Note: NCDS source is Power & Elliott (2006) BCS70 source is Elliott & Shepherd (2006). *The respondents listed are those that provided data to achieve each 

research objective.  

 

NCDS BCS70 

Year Age Collection method* Sample 
achieved 

% of 
eligible 
sample 

Year Age Collection method* Sample 
achieved 

% of 
eligible 
sample  

1958 Birth Mother; medical 
records 

17,416 99% 1970 Birth Mother; medical 
records 

16,571 96% 

1965 7 Parents; cohort 
member 

15,425 92% 1975 5 Parents; cohort 
member 

13,071 78% 

1969 11 Parents; teacher; 
cohort member 

15,337 92% 1980 10 Parents; teacher; 
cohort member 

14,874 86% 

1991 33 Cohort member; 
spouse/partner;  

11,407 70% 2000 30 Cohort member;   11,261 66% 

2000 42 Cohort member; 11,419 70% 2004 34 Cohort member; 
spouse/partner 

9,665 74% 
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5.1.3 Ethical considerations 

In both cohorts, data were collected for participants during childhood by trained staff who 

interviewed the cohort member’s parents. In mid-adulthood information was obtained from 

the participants via home interviews and self-completed questionnaires.  Informed consent 

was obtained from the participants’ parents for data collected in childhood and from the 

participants themselves for data collected in mid-adulthood (Shepherd, 2012a, Shepherd, 

2012b). Consent was based on participants’ parents and participants agreeing to be 

interviewed and completing questionnaires, after receiving information on the study and the 

choice to opt out (Shepherd, 2012a, Shepherd, 2012b).  

In both cohorts, ethical approval for data collected from 2000 onwards (i.e. age 42 in the NCDS 

and age 30 and 34 in the BCS70) was obtained from the appropriate research ethics committee 

(Shepherd, 2012a, Shepherd, 2012b). Pre-2000 data collection was subject to internal ethical 

review (Shepherd, 2012a, Shepherd, 2012b). 

Both the NCDS and BCS70 are managed by the Centre for Longitudinal Studies. The data 

pertaining to these two studies can be accessed via the UK Data Archive and is freely available 

for researchers to download. The data has been carefully anonymised to protect the 

confidentiality of study participants prior to being used in this doctoral work. Therefore, ethical 

approval was not required in order to conduct research on these data. 

5.2 Variables  

5.2.1 HRB measures 

 Age 33 NCDS and age 34 NCDS 

Four HRBs – smoking, alcohol, diet and physical activity – were measured using six variables: 

cigarette smoking, alcohol consumption, fruit and vegetable consumption, chips and fried food 

consumption, sweets, chocolate, biscuits and cakes consumption, physical activity frequency. 

The alcohol measure is based upon UK government guidelines active in 1991 (when NCDS 

participants were 33) and 2004 (when BCS70 participants were 34) for ‘safe’ weekly 

consumption (DOH, 1995). The measures of smoking, diet and physical activity are 

pragmatically determined according to the survey questions and the distribution of the 

variables. As mentioned above, HRB measures were similar, although not identical, in the 

NCDS at age 33 and BCS70 at age 34. Appendix 5.1 describes the questionnaire items for each 

cohort and the process of cohort harmonisation. 
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Smoking                                                                                                                                                               

Participants were asked if they smoked cigarettes and the average number smoked per day 

(range 0–80) those who reported not smoking cigarettes were coded as 0. Those reporting 

smoking occasionally (BCS70 only, n=645, 6.4%), were also coded as 0. 

Alcohol                                                                                                                                                                     

Participants alcohol consumption was measured according to average drinking frequency and 

the number of alcoholic beverages consumed in the previous week. Beverage categories were 

combined to provide the total number of units consumed (1 unit=8g ethanol, range 0–210 

units). This total was categorised according to consumption frequency and quantity, reflecting 

gender-specific UK guidelines for ‘safe’ weekly consumption that were in effect at the time the 

data were collated (DOH, 1995). Participants reporting 0 units in the previous week were 

coded as ‘no units’ alongside never and infrequent drinkers. Men reporting 1–21 units and 

women reporting 1–14 units were coded as ‘within limits’ as were frequent drinkers, reporting 

0 units in the previous week. Men reporting >21 units and women reporting >14 units were 

coded as ‘above limits’.  

Leisure-time physical activity                                                                                                                                                                            

Participants were asked whether they regularly took part in leisure-time physical activity, 

defined as ‘at least once a month, for most of the year’, and the frequency: ‘every day’, ‘4–5 

days per week’, ‘2–3 days per week’, ‘once a week’, ‘2–3 times a month’, ‘less often’. 

Responses with sparse data were combined to a neighbouring point, creating four categories: 

‘≤3 times a month’, ‘Once a week’, ‘2–3 days a week’, ‘4–7 days a week’.  

Diet                                                                                                                                                                                   

Diet was indicated by the average frequency of consumption of six variables: ‘fruit’; 

‘vegetables’; ‘chips’; ‘fried foods’; ‘sweets or chocolate’; ‘biscuits’ (NCDS), and ‘biscuits or 

cakes’ (BCS70). In both studies, participants were asked if they consumed these foods ‘more 

than once a day’, ‘once a day’, ‘3–6 days a week’, ‘1–2 days a week’, ‘less than 1 day a week’ or 

‘ never’. An additional ‘occasional’ category, present in the BCS70, was combined with ‘less 

than 1 day a week’.  

Principal Components Analysis (PCA) is considered an appropriate data reduction method to 

identify common patterns of food consumption based upon a correlation matrix (Thorpe et al., 

2016). PCA was used to reduce the six diet variables into three composite variables: ‘fruit and 

vegetables’, ‘chips and fried food’ (hereafter fried food) and ‘sweets, chocolate, biscuits or 
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cakes’ (hereafter sweet food). Eigenvalues >1 and factor loadings >0.2 guided the selection of 

these three components (Thorpe et al., 2016). Frequency scores for each individual diet 

variable (range 0 to 5) were added together, creating scores ranging from 0 (never) to 10 

(more than once a day).   

 Age 42 NCDS 

The derivation of the four HRBs at age 42 was very similar to that at age 33 in the NCDS.9 The 

same six variables were derived: cigarette smoking, alcohol unit consumption, leisure-time 

physical activity frequency and the consumption frequency of three food groups: fruit and 

vegetables, chips and fried food, sweets, chocolate, biscuits and cakes. Again, the alcohol 

measure was based upon UK government guidelines active in 2000 (when NCDS participants 

were 42) for ‘safe’ weekly consumption (DOH, 1995). The measures of smoking, diet and 

physical activity were pragmatically determined, dependent on the survey questions as well as 

the distribution of the variables.  

Slight differences in the wording of the questionnaire items at ages 33 and 42 in the NCDS 

meant that the variables required harmonisation across the two time points. Appendix 5.2 

describes the questionnaire items at each time point and outlines how the six HRB variables 

were harmonised.  

Smoking 

Participants were asked if they smoked cigarettes and the average number smoked per day 

(range age 42=0–70) those who reported not smoking cigarettes were coded as 0. Those 

reporting to smoke occasionally (age 42 only, n=484, 3.8%), were also coded as 0. 

Alcohol 

Alcohol consumption was measured according to average drinking frequency and the number 

of alcoholic beverages consumed in the previous week. At age 42 the consumption of 

beer/stout/lager/ale/cider (shortened hereafter to ‘beer’) was incorrectly coded for some 

participants as units instead of pints (2 units = 1 pint) (Elliott et al., 2007). Moreover, at this 

sweep incorrect instructions were given to ‘beer’ drinkers who consumed cans rather than 

pints of beer (i.e. they were incorrectly advised that 1 large can = 4 * 1 half pint and 1 small 

can = 2 * 1 half pint whereas the correct conversion was 1 large can = 2 * 1 half pint and 1 

small can = 1 * 1 half pint) (CLS, 2004). In consequence, there is potential for an over-

                                                           
9 Data relating to age 42 in the BCS70 was not included due to HRB variables being different at age 34 
and 42 and these variables could not be reasonably harmonised. 
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estimation of ‘beer’ consumption at age 42. Appendix 5.3 describes the methods employed to 

correct for this measurement error.  

All alcoholic beverage categories (see Appendix 5.2 for a list of beverages included at each age) 

were combined to provide the total number of units consumed (1 unit=8g ethanol, range age 

33=0–210 units; age 42=0–277 units) and categorised according to consumption frequency and 

quantity, reflecting UK ‘safe’ weekly consumption guidelines (DOH, 1995) for the years of data 

collection (age 42=2000). Participants reporting 0 units in the previous week were coded as ‘no 

units’ alongside never and infrequent drinkers. Men reporting 1–21 units and women 

reporting 1–14 units were coded as ‘within limits’ as were frequent drinkers, reporting 0 units 

in the previous week. Men reporting >21 units and women reporting >14 units were coded as 

‘above limits’.  

Leisure-time physical activity 

Participants were asked whether they regularly took part in leisure-time physical activity, 

defined as ‘at least once a month, for most of the year’, and the frequency: ‘every day’, ‘4–5 

days per week’, ‘2–3 days per week’, ‘once a week’, ‘2–3 times a month’, ‘less often’. 

Responses with sparse data were combined, creating four categories: ‘≤3 times a month’, 

‘Once a week’, ‘2–3 days a week’, ‘4–7 days a week’.  

Diet  

Diet was indicated by the average frequency of consumption of six variables: ‘Fruit’, 

‘vegetables’, ‘chips’, ‘fried foods’, ‘sweets or chocolate’ and ‘biscuits or cakes’.  In both studies, 

participants were asked if they consumed these foods ‘more than once a day’, ‘once a day’, ‘3–

6 days a week’, ‘1–2 days a week’, ‘less than 1 day a week’ or ‘ never’. An additional 

‘occasional’ category, present at age 42, was combined with ‘less than 1 day a week’. Again, 

similarly to age 33, a principal components analysis was undertaken which suggested 

collapsing the six diet variables into three composite variables: ‘fruit and vegetables’, ‘chips 

and fried food’ (hereafter fried food) and ‘sweets, chocolate, biscuits or cakes’ (hereafter 

sweet food). Frequency scores (range 0 to 5) were added together, creating a score ranging 

from 0 (never) to 10 (more than once a day).   

5.2.2 Socio-economic position (SEP) 

 Pre-adolescent SEP 

Indicators capturing material and cultural dimensions of SEP in pre-adolescence (age 11 in the 

NCDS and age 10 in the BCS70) were selected. These selections were both theoretically driven 
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(i.e. based on the conceptual framework outlined in chapter 3) and pragmatically driven (i.e. 

based on the variables available during pre-adolescence). 

Material dimension of SEP                                                                                                                                    

Indicators of the material dimension of SEP were taken from age 11 in the NCDS and age 10 in 

the BCS70 and were as follows: housing tenure, overcrowding, receiving free school meals, 

being in receipt of state benefits and where available household income. These measures 

captured the economic circumstances of the household during pre-adolescence. 

In order to aid convergence in statistical models and improve interpretability of the results, 

nominal variables (housing tenure, receiving benefits) were dichotomised. For both cohorts 

living in council rented housing was distinguished from those not living in council housing (i.e. 

home owners, private renters, other). Being in receipt of benefits was dichotomised according 

to three benefit types associated with disadvantage (unemployment benefit, income support 

and family income supplement). Receiving free school meals remained a binary variable. All 

variables were coded 1 if disadvantaged and 0 if advantaged.  

Although dichotomous in nature, these indicators were not considered to only capture 

individuals at the bottom of the social hierarchy, i.e. separating individuals experiencing the 

most disadvantaged from the rest of the sample. This was indicated by cross-tabulations 

suggesting a varied distribution of the indicators in each cohort.   

Overcrowding in pre-adolescence was available as an ordinal variable in both cohorts, 

consisting of five categories: ‘up to 1 person per room’, ‘1 person per room’, ‘>1 to 1.5 people 

per room’, ‘>1.5 to 2 people per room’, ‘>2 people per room’.  

A seven-category ordinal measure of family gross weekly income at age 10 in the BCS70 was 

also included to better reflect the gradient of material circumstances amongst this cohort (a 

continuous measure of net family income was not available). Parents were not directly asked 

their income level, instead they were given seven income bands to choose from, these were: 

‘<£35 per week’, ‘£35–49 per week’, ‘£50–99 per week’, ‘£100–149 per week’, ‘£150–199 per 

week’, ‘£200–249 per week’, ‘≥£250 per week’. Family income at age 11 in the NCDS was not 

available. 

Cultural dimension of SEP                                                                                                                                       

Parental education and parental interest in their child’s education were selected to capture 

the cultural dimension of SEP during pre-adolescence. 
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Parental education was not available at age 11 in the NCDS or age 10 in the BCS70. Information 

was therefore taken from earlier ages. In the NCDS, mother’s education was taken from birth 

and father’s education was taken from age 7. In the BCS70, mother’s and father’s education 

was taken from age 5.  

In both cohorts, parental education was measured according to the amount of time parents 

were in school, dichotomised into whether parents remained in education past minimum 

school-leaving age; this was either ˃ 14 or ˃ 15 in the NCDS (depending on the age of the 

parent) and ˃ 15 in the BCS70 (Galindo-Rueda, 2003). Parents who did not stay were coded as 

1, those who did were coded as 0.  

Using information from an earlier time point was justified on the assumption that parental 

education was unlikely to change substantially during the participant’s childhood. This 

assumption was verified by cross-tabulating parental education at ages 7 (NCDS) and 5 (BCS70) 

with parental education at age 16 in both cohorts (excluding information for participants 

whose mother or father was a different person at each age). This analysis found that in both 

cohorts only a small proportion of mothers (NCDS=13%; BCS70=9%) and fathers (NCDS=14%; 

BCS70=10%) moved from the ‘didn’t participate in education past minimum school-leaving 

age’ to the ‘did participate in education past minimum school-leaving age’ category. Given that 

this analysis referred to a longer duration (i.e. from age 5 or 7 to age 16) than that assumed 

(i.e. from age 5 or 7 to age 10 or 11), the level of stability in the educational status of parents 

during the participant’s childhood was considered adequate. 

Parental interest in their child’s education was measured at age 11 in the NCDS and age 10 in 

the BCS70, ascertained via the child’s school teacher. In the NCDS, the categories were: ‘over 

concerned’, ‘very interested’, ‘some interest’, ‘little interest’, coded 1–4 respectively. In the 

BCS70, the categories were: ‘very interested’, ‘moderately interested’, ‘very little interest’, 

‘uninterested’, coded 1–4 respectively.  

 Mid-adulthood SEP 

Similarly to pre-adolescence, both theoretically and pragmatically based indicators capturing 

material, occupational and cultural dimensions of SEP were selected in mid-adulthood. 

Material dimension of SEP                                                                                                                                                      

Indicators for the material dimension of SEP in mid-adulthood were: receiving benefits, 

housing tenure, not owning a car, overcrowding and household income all of which captured 

the purchasing power of the household. The pre-adolescent indicator receiving free school 
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meals, not applicable to adults, was replaced here with car ownership on the basis that during 

these later periods of data collection in Britain (NCDS=1991; BCS70=2000) it was normative for 

households to own a car (ONS, 2010b). 

Again, nominal variables (housing tenure, receiving benefits) were dichotomised (coded 1 if 

disadvantaged). Living in council rented housing was distinguished from other tenure 

categories (i.e. home owners, private renters, other). Individuals receiving any one of three 

benefits associated with disadvantage (income support, unemployment benefit and housing 

benefit) were separated from the rest of the sample. Information on car ownership in mid-

adulthood was not available at age 34 in the BCS70 and was therefore taken from age 30, 

under the assumption that there would be little change in car ownership during this four-year 

period.  

Similarly to the material dimension in pre-adolescence, together these dichotomous indicators 

were considered to capture the social circumstances of participants at different levels of the 

social hierarchy, rather than only separating the most disadvantaged from the rest of the 

sample. This was demonstrated by cross-tabulations identifying a varied distribution of the 

indicators in each cohort.  

Overcrowding was again included as an ordinal variable. A continuous version of the variable 

was discounted in both cohorts after it was found to have a non-normal distribution (with right 

skewed distributions indicated by positive skewness coefficients and heavy tailed distributions 

indicated by kurtosis coefficients of >3, (Kirkwood and Sterne, 2003)) and no appropriate 

transformation (examined using the ‘gladder’ command in Stata version 14, (StataCorp, 2014)). 

The continuous variable was therefore divided into four categories: ‘up to 1 person per room’, 

‘1 person per room’, ‘>1 to 1.5 people per room’, ‘>1.5 people per room’. Unlike in pre-

adolescence there were a smaller number of participants living in housing with more than 2 

people per room in mid-adulthood therefore this small proportion of participants were 

incorporated into the ‘>1.5 people per room’ category. This is line with trends of households 

becoming smaller over time in the United Kingdom (Druckman and Jackson, 2008). 

To capture the family unit (Corna, 2013), total household weekly net income was measured on 

a continuous scale, accounting for the cohort members take home pay and that of any spouse 

or cohabiting partner. Income was log transformed due to its long right-tailed distribution and 

was adjusted for the size of the household using the OECD square root method (Anyaegbu, 

2010).  
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Occupational dimension of SEP                                                                                                                                 

In mid-adulthood, the occupational dimension of SEP was represented by employment 

relations. This was operationalised using the National Statistics Socio-Economic Classification 

(NS-SEC) (ONS, 2010a) which can be used to assign individuals into one of three ordinal 

categories. Appendix 5.4 outlines the Office for National Statistics procedure of collapsing the 

nominal eight- and five-category versions of the NS-SEC in order to construct an ordinal three-

category version of the NS-SEC: ‘Higher managerial, administrative and professional’, 

‘Intermediate’ and ‘Routine and manual’, coded 1, 2 and 3 respectively. 

Participants were allocated to an NS-SEC category using employment type (i.e. employer, self-

employed, employee) and the most recent versions of the social occupational classification at 

the time of data collection (SOC90 in the NCDS; SOC00 in the BCS70), both of which have the 

same conceptual basis and correspond to one another but the latter has been updated to 

reflect changes in occupations over time (Elias et al., 1999). Employment relations were 

conceived to be experienced at an individual level (Sacker et al., 2001) and therefore captured 

by the occupational SEP of each participant rather than the highest in the household. In both 

cohorts, participants who were not employed at the time of data collection were asked about 

their most recent employment experience. Individuals who had never been employed (NCDS 

unemployed=39, permanently sick/disabled=57, homemakers=303, other=42; BCS70 

unemployed=40, permanently sick/disabled=143, homemakers=474, other=67) were classified 

as missing on the basis that their HRBs would not be influenced by employment relations but 

via material and cultural dimensions of SEP. 

The types of employee benefits participants received through their occupation were also 

included to capture employment relations, reflecting more stable occupations with better 

employment conditions (Ginn and Arber, 1993). In the NCDS, participants indicated whether 

their employer offered four types of employee benefits these were: an employer pension 

scheme, the chance to buy company shares, access to a company car and private medical 

insurance (coded 1 if offered and 0 if not offered). In the BCS70, two variables were included. 

The first related to whether participants were offered a pension scheme by their employer 

(coded 1 if they were offered the scheme and 0 if they were not). For those who indicated that 

they were offered the pension scheme, the second variable captured whether the participant 

was a member of their employer’s pension scheme (coded 1 if they were part of the scheme 

and 0 if they were not). 
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Cultural dimension of SEP                                                                                                                                                 

In mid-adulthood, the cultural dimension of SEP was captured by the participant’s highest held 

qualification. This was considered an indicator of ‘institutionalised cultural capital’, theorised 

to encompass all official qualifications (Kamphuis et al., 2015). In both cohorts, education was 

based on broad classifications of academic and vocational qualifications (Schoon, 2006). The 

variable had five categories: ‘no qualifications’, ‘CSE 2–5/NVQ1’, ‘O Level/ NVQ2’, ‘A 

Level/NVQ3’, ‘Diploma or higher qualification below degree/NVQ4’, ‘Degree or higher/NVQ5 

or 6’, coded 0–5 respectively.  

A continuous variable on the age the cohort member left full-time education was also 

included. This variable was only available at age 42 in the NCDS. There were a small number of 

participants who reported having left full-time continuous education after age 33 (n=10) and 

these were assigned to the ‘still in full-time education’ category. The number of participants 

reported to still be in full-time continuous education at age 42 was surprisingly high (n=206). 

Cross-tabulation of this variable at age 42 with the variable capturing age left full-time 

continuous education at age 33 found that the majority of these participants classified 

themselves as employed at age 33 (n=175). Moreover, at age 23 participants were asked the 

year in which they commenced full-time employment. It may be that these individuals 

returned to education between ages 23, 33 and 42. However, given that we are interested in 

participant’s continuous educational experiences up to the age of 33, participants reporting 

being in education after this age or who did not have information at age 42 were recoded 

according to the age at which they started employment which was asked at age 23 (n=1,341) 

or if this information was unavailable were coded as missing (n=454). In the NCDS, this variable 

ranged from 14 to 33. In the BCS70, the small number who reported to still be in full-time 

continuous education at age 34 (n=8) were coded as missing due to incongruence. A cross-

tabulation with employment found that the majority of these participants reported being 

employed and none reported being students.  

The Cambridge scale, a validated measure of the social distance between the participant and 

individuals in other occupations (Prandy and Lambert, 2003), was also selected to capture 

patterns of social relationships thus informing the cultural dimension of SEP. The theoretical 

premise of the scale is that individuals are more likely to socialise with people who share a 

similar social position to them (Prandy and Lambert, 2003). The scale is based upon 

information from four surveys, which together reached more than 7,000 individuals, living in 
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five British regions,10 between the late 1960s and mid-1970s (Prandy, 1990). During these 

surveys individuals were asked about the occupations of up to four ‘people with whom you are 

friendly’ (Prandy, 1990). The survey provided information on patterns of social interaction 

between occupational units which were used to construct a scale representing the relative 

position of the occupational unit within the order of social interaction and stratification. A 

more detailed description of the ranking of occupational units in the scale can be found here. 

Latest versions of the social occupational classification at the time of data collection (SOC90 in 

the NCDS and SOC00 in the BCS70) and employment type (i.e. employer, self-employed, 

employee) were used to allocate gender-specific Cambridge scale codes to the participants 

and their partners (Prandy and Lambert, 2003). The highest household Cambridge score was 

used. Participants’ own gender-specific Cambridge score was included and for those married 

or cohabiting the score of their spouse or partner was also considered if higher, on the premise 

that married or cohabiting couples are commonly exposed to each other’s friendship choices 

(Sacker et al., 2001). In the NCDS, this resulted in a continuous scale ranging from 10 (least 

advantaged) to 99 (most advantaged). In the BCS70, highest household Cambridge scale 

ranged from 20 (least advantaged) to 99 (most advantaged). 

5.3 Overview of the statistical analytical approach 

In this section, an overview of the statistical analytical methods used to achieve each research 

objective is provided along with a rationale for their selection. A more detailed description of 

the operationalisation of each analytical method is provided in the methods sections of 

chapters 6, 7 and 8, corresponding to research objectives 1, 2 and 3 respectively. 

5.3.1 Objective 1: A cross-cohort comparison of HRB clustering 

 Latent Profile Analysis 

In order to test the hypothesis that distinct HRB cluster patterns will be present (see section 

4.3), Latent Profile Analysis (LPA) (Collins and Lanza, 2010) was chosen to identify HRB 

clustering in the two cohort studies. LPA incorporates continuous variables, but is otherwise 

identical to latent class analysis (Collins and Lanza, 2010). LPA models have two parameters: 

the probability of a participant being in a certain class (or in this case HRB cluster) and the 

probability of their response to the observed variables given their class (or HRB cluster) 

membership (Colman et al., 2007).   

 
                                                           
10 Participants lived in the cities and surrounding areas of Cambridge, Peterborough, Glasgow, Leeds and 
Leicester. 

http://www.camsis.stir.ac.uk/Data/Britain91.html
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The rationale for selecting this method was four-fold: 1) it has a number of statistical 

procedures to guide the selection of clusters (Wang and Wang, 2012); 2) it is more flexible 

when working with large sample sizes and non-standardised variables (Hofstetter et al., 2014); 

3) LPA was also considered advantageous in comparison to cluster analysis due to its 

theoretical underpinnings (i.e. probability modelling11) (Hofstetter et al., 2014); 4) unlike 

cluster analysis, LPA identifies an unobserved categorical latent variable which explains 

associations between observed variables (Collins and Lanza, 2010). Using latent rather than 

observed variables is advantageous because it takes into account variance in the observed 

variables and consequently minimises measurement error (Hoyle, 2012). Despite the 

advantages of such data reduction techniques, they have been criticised for being subjective 

and therefore difficult to replicate across different population samples (Martinez et al., 1998; 

McAloney et al., 2013). The replication of this analysis within two cohort studies will serve to 

reduce this element of subjectivity. 

 

In order to explicitly test the hypothesis of differences in HRB cluster patterns according to 

cohort and gender groups (see section 4.3), measurement invariance analysis was conducted. 

Measurement invariance assesses ‘whether the nature of latent classes differs across known 

subgroups in the populations’ (Finch, 2015: 192). 

5.3.2 Objective 2: Pre-adolescent SEP predicting HRB cluster membership in mid-adulthood 

In order to test the hypotheses for research objective 2, that pre-adolescent SEP will predict 

HRB cluster membership in mid-adulthood both directly and indirectly via mid-adulthood SEP, 

two types of analysis were used. The first approach was used to derive latent variables 

representing dimensions of SEP in pre-adolescence in mid-adulthood and the second tested 

the paths between these latent variables and HRB cluster membership. 

 Exploratory and confirmatory factor analysis 

As with objective 1, two data reduction techniques were chosen to capture latent dimensions 

of SEP in pre-adolescence and mid-adulthood. These latent variables incorporate 

measurement error inherent in observed variables (Hoyle, 2012). These were exploratory 

factor analysis (EFA) and confirmatory factor analysis (CFA) (Wang and Wang, 2012). However, 

in contrast to LPA, EFA and CFA are considered to be variable-centred (Hofstetter et al., 2014). 

Each dimension of SEP is conceptualised as being a single continuum on which participants in 

each cohort are placed (Graham, 2007). 

                                                           
11 Unlike cluster analysis, LPA takes into account uncertainty in cluster assignment and considers the size 
of the cluster when assigning participants. 
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EFA is used in the first instance to explore the shared component of observed indicator 

variables (Tabachnick et al., 2001). This is followed by CFA which allows measurement errors of 

the observed variables to be correlated and tests for correlations between the latent variables 

(Wang and Wang, 2012). 

 

 Path analysis 

Path analysis was undertaken to ascertain the extent to which latent variables representing 

dimensions of SEP in pre-adolescence predict HRB cluster membership in mid-adulthood and 

whether this association is mediated by dimensions of SEP in mid-adulthood. Path models 

which can test relations between latent continuous or categorical variables are a type of 

structural equation model (SEM) (Hoyle, 2012). SEM refers to a wider family of statistical 

models which bring together narrower statistical models into one framework (Hoyle, 2012). 

All SEMs, including the path models used in this thesis, consist of measurement models, 

representing data reduction methods used to derive the latent variables, which are 

incorporated into a structural part which is built to conceptually to illustrate relationships 

between latent and/or observed variables (Hayes, 2013). Section 7.2.3.6 in chapter 7 provides 

a detailed description along with diagrams of these path models. 

Path analysis is considered to be a more powerful tool to elucidate mediation effects when 

compared to simple regression analysis (Hayes, 2013). This approach allows all conceptualised 

relationships between variables to be estimated simultaneously. These path models provide 

evidence of a statistical relationship between variables and thus cannot infer causality (Krieger 

and Smith, 2016; Russo and Williamson, 2007). Nevertheless, these path models take us a step 

forward in detecting causal effects due to the temporal ordering of the independent and the 

dependent variable (Hoyle, 2012), the distance in time between the independent and 

mediator variable (i.e. reducing the likelihood of variance in the mediator variable being 

accounted for by the independent variable) (Hoyle and Robinson, 2003) and the use of a latent 

mediator variable (i.e. measurement error in the mediator variable can be problematic in 

estimating indirect effects) (Howe et al., 2016).  
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5.3.3 Objective 3: Transitions in HRB cluster membership over time and the role of mid-

adulthood SEP 

 Latent Transition Analysis 

To test the first hypothesis relating to objective 3 (see section 4.3), that HRB cluster 

membership will remain relatively stable between ages 33 and 42 although some change is 

likely to occur, Latent Transition Analysis (LTA) was used.  

LTA is a longitudinal extension of LPA (Collins and Lanza, 2010) and is another type of SEM 

(Hoyle, 2012). LTA is used in this thesis to methodologically build upon the LPA models 

undertaken to achieve objective 1. The measurement part of the LTA models is the derivation 

of the HRB clusters at each age (i.e. 33 and 42) and the structural part of the LTA models 

identifies transitions between HRB clusters at ages 33 and 42 in the NCDS.  

LTA models consist of three parameters (Collins and Lanza, 2010). The first is the probability of 

being in a particular class (or, in this case, HRB cluster) at each time point. The second is the 

probability of a participants’ response to the observed variables given their class (or HRB 

cluster) membership at each time point, thus assessing the degree of error in each observed 

indicator in capturing the latent variable. The third is the probability of transitioning to a class 

(or cluster) at the second time point (i.e. age 42), given class (or HRB cluster) membership at 

the first time point (i.e. age 33). 

 Latent Transition Analysis with a covariate  

To test the second hypothesis (see section 4.3), that more advantaged mid-adulthood SEP will 

be associated with positive transitions in HRB cluster membership, LTA models incorporating 

mid-adulthood SEP as a covariate were used. 

LTA models that incorporate a covariate are also considered a type of SEM (Hoyle, 2012). 

These ‘LTA with a covariate’ models build upon the LTA models mentioned above by including 

additional structural paths testing the extent to which dimensions of SEP in mid-adulthood 

predict HRB cluster membership at age 33 and their relationship with transitions between HRB 

clusters during mid-life. Section 8.2.3.4 in chapter 8 provides a detailed description along with 

diagrams of these ‘LTA with a covariate’ models. 
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6 Chapter 6: A cross-cohort comparison of HRB clustering (objective 1) 

6.1 Introduction 

This chapter addresses the first of the three research objectives set out in chapter 4 of this 

thesis. In brief, the chapter outlines work undertaken to elucidate the distinct clustering of 

four HRBs – smoking, alcohol consumption, diet and physical activity – in two British birth 

cohort studies in order to test for cohort and gender differences. 

It is hypothesised that distinct patterns of HRB clusters will be identified some will consist of 

multiple positive HRBs (i.e. a cluster of non-smokers who will have healthier diets and lower 

levels of alcohol consumption), others will be characterised by multiple negative HRBs (i.e. a 

cluster consisting of heavy smokers and drinkers who will have poorer diets but higher levels 

of physical activity). 

Moreover, it is hypothesised that cohort and gender differences in HRB cluster membership 

and patterns will be detected. More women and those in the later-born cohort will belong to 

clusters characterised by multiple positive HRBs and more men and those born earlier will 

belong to clusters characterised by multiple negative HRBs. Gender convergence for smoking 

and alcohol consumption over time will mean differences in HRB cluster patterns will be less 

apparent in the later-born cohort. 

Latent profile analysis (LPA), an advanced person-centred data reduction technique (Hofstetter 

et al., 2014; McAloney et al., 2013), is used to elucidate the clustered patterns of HRBs (see 

section 5.3.1.1). These clustered patterns are perceived as representing underlying health 

lifestyles that are shared by population subgroups (see chapter 3 for a fuller description of the 

conceptual framework).  

Similarities in HRB clustering across two cohort studies can evidence a generalisation to mid-

age adults within Britain today. Cohort differences can increase our understanding of how the 

experiences unique to a particular cohort may influence their health lifestyles and can serve to 

generate new hypotheses in relation to the health lifestyles of later-born cohorts. 

This chapter begins with an outline of the methods used to achieve objective 1. This is 

followed by the results and a brief summary of the findings, and it concludes by discussing the 

strengths and limitations of the research. 
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6.2 Methods 

6.2.1 Analytical sample 

Data were taken from the National Child Development Study (NCDS) and the British Cohort 

Study (BCS70). A full description of the two cohort studies is provided in chapter 5 (see section 

5.1.1). In order to achieve this first objective, data were taken from the NCDS when 

participants were aged 33 (collected in 1991) and from the BCS70 when participants were aged 

34 (collected in 2004). As mentioned in chapter 5 (see section 5.2.1), data for BCS70 

participants at age 30 (collected in 2000) supplemented information about their diet which 

was unavailable at age 34.  

In the NCDS, data were available for 11,407 participants (response rate 73%). Participants with 

complete information on at least one HRB were analysed, yielding a sample of 11,373 (99.7%), 

5,586 men and 5,787 women. In the BCS70, a total of 9,665 participants were included at age 

34 (response rate 75%). Participants with information on at least one HRB, yielded a sample of 

9,646 (99.8%), 4,613 men and 5,033 women.   

6.2.2 Measures 

The four HRBs of interest: Smoking, alcohol, diet and physical activity were measured using six 

variables: cigarette smoking, alcohol unit consumption, the frequency of fruit and vegetable 

consumption, fried food consumption and sweet food consumption and leisure-time physical 

activity frequency. A full description on the derivation of these measures is given in chapter 5 

(see section 5.2.1). 

6.2.3 Statistical analysis 

Descriptive analysis 

Descriptive analysis was undertaken on the six variables capturing the four HRBs: alcohol, 

smoking, diet and physical activity for the total sample and according to cohort and gender. 

Latent Profile Analysis (LPA) 

Latent Profile Analysis (LPA) (Collins and Lanza, 2010) was conducted using Mplus Version 7 

(Muthén, 2014), to identify HRB clustering (see chapter 5, section 5.3, for an overview of this 

statistical method).  LPA models assume that observed variables are conditionally 

independent, and that associations between them are explained by the latent (i.e. 

unobserved) variable (Collins and Lanza, 2010). However, in this analysis the assumption of 

conditional independence was relaxed for the three diet variables which were free to correlate 
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within each cluster. This decision was theoretically driven: it was considered plausible that the 

frequency consumption of these three food groups were not independent from one another 

and therefore could not be fully explained by the latent variable.   

HRB variables were continuous or ordered, rather than binary, to retain more information on 

individual differences in the data. Preliminary analysis found smoking to be rare in the largest 

cluster, this variable also had a long right-tailed distribution. To aid model convergence, the 

mean and variance of smoking was fixed at zero in the largest cluster and the distribution was 

condensed by dividing the variable by ten. Preliminary analysis also identified little difference 

across all of the clusters in terms of the variance for the three continuous diet variables. 

Additionally, variance for smoking was also similar across the remaining clusters (after fixing 

variance for smoking in the largest cluster at zero). Therefore, for the sake of model parsimony 

and stability (Vermunt and Magidson, 2002), the default option available in Mplus Version 7 

(Muthén, 2014) was employed which constrains the variance for these continuous HRB 

variables to be the same across the HRB clusters. In all models 4,000 different starting values 

were used to identify the maximum likelihood solution (Collins and Lanza, 2010) and avoid the 

local maxima. 

Selecting an appropriate number of clusters and defining them can be challenging (McAloney 

et al., 2013) and subjective (Martinez et al., 1998). The replication of this analysis within two 

cohort studies serves to reduce subjectivity. Furthermore, an advantage of LPA is the formal 

statistical procedure that can be employed to guide cluster selection (Wang and Wang, 2012). 

To determine an optimal number of clusters, several LPA models were estimated, adding 

another cluster (k) to each consecutive model and comparing fit indices to the previous model 

(k-1).  Fit indices included the likelihood ratio chi-squared test; entropy; adjusted Bayesian 

Information Criterion (aBIC); and the Lo-Mendell Rubin likelihood ratio test (LMR) (Collins and 

Lanza, 2010; Nylund et al., 2007). Emphasis was placed upon the aBIC which balances model fit 

and parsimony (Collins and Lanza, 2010) adjusts for sample size (Finch, 2015) and has been 

found to perform well in large samples (Dziak et al., 2012; Nylund et al., 2007). As 

recommended (Wang and Wang, 2012), alongside these fit statistics, the cluster size (i.e. is 

there enough statistical power for further analysis?) was taken in account and minimum 

cluster size criterion were established. Cluster interpretability (i.e. are they theoretically 

meaningful?) was also taken into consideration (Wang and Wang, 2012).  

In order to establish differences according to cohort and gender, multi-group LPA, which 

identifies structural differences in cluster patterns (Collins and Lanza, 2010), was employed. As 
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recommended (Collins and Lanza, 2010), prior to conducting multi-group LPA, models were 

run separately for each subgroup (NCDS men, BCS70 men, NCDS women, BCS70 women) to 

establish whether the same number of clusters emerged. This was followed by multi-group 

LPA models, run separately for men and women, stratifying the sample according to cohort. 

Wald chi-square tests were performed to detect differences in HRB means and response 

probabilities within and across each cohort, for men and women. Wald chi-square tests were 

used to detect cohort differences in the proportion of participants in each cluster.  

Measurement invariance analysis 

Measurement invariance analysis was conducted to assess cluster equivalence (i.e. whether 

the nature of the HRB clusters are the same) across the cohorts (Finch, 2015) and consisted of 

five stages. Stage 1 established whether, within each subgroup (separated according to gender 

and cohort), the same optimal number of clusters could be identified. In stage 2, chi-square 

difference tests using the log-likelihood from multi-group LPA models were conducted: model 

one allowed values of the observed indicator variables to be free across the cohorts within 

each gender, model two fixed the observed indicator values to be the same across the cohorts 

within each gender.  

 

However, scholars argue that such hypothesis testing can be difficult in LPA because models 

can become very sparse (containing cells with few participants) meaning that the difference in 

the chi-square between models 1 & 2 is not adequately approximated by the log-likelihood chi-

square ratio distribution (Collins et al., 1994). Additionally, with large sample sizes (N>2000) 

the log-likelihood chi-square difference test can detect statistical differences indicating non-

invariance when there are only small substantive differences across groups (Meade and 

Lautenschlager, 2004). 

 

In consequence, stage three was a cross-validation analysis (Collins and Lanza, 2010). This 

approach estimated a LPA model based on group 1 (training dataset) and applied these 

parameters to group 2 (validation dataset) and vice versa. This is done to determine whether 

the model calibrated in the training dataset has an acceptable model fit in the validation 

dataset. Assessing whether individuals remain within the same cluster in the validated and 

calibrated models is also an indication of membership stability to a particular cluster (i.e. 

classification certainty) (Collins and Lanza, 2010). Models that cross-validate well indicate that 

the nature of the latent clusters are similar across the groups and that measurement 

invariance holds (Collins et al., 1994).  
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For stage 4, indicator variable specific entropy estimates produced by Mplus Version 7 

(Muthén, 2014), were examined to determine the extent to which each observed variable 

contributes to the unobserved (latent) variable. An entropy of below <0.2 suggests that the 

observed HRB variable contributes little in defining the latent HRB clusters (Asparouhov and 

Muthén, 2014). 

Alongside these assessments of measurement invariance, scholars suggest that researchers 

consider if the nature of the clusters differ according to subgroups by examining differences in 

cluster membership (i.e. prevalence) and cluster patterns (i.e. item means and probabilities) 

(Collins and Lanza, 2010). Therefore, for stage 5 of the measurement invariance analysis, chi-

square Wald tests were conducted in order to identify whether levels of the HRBs differed 

significantly (p<0.05) across the clusters within each cohort and within each cluster across 

cohorts. 

Sensitivity analysis for missing data 

As mentioned in section 6.2.1 of this chapter, which describes the analytical sample, all 

participants had information pertaining to at least one HRB. Missing data in relation to the 

remaining three HRBs was managed using the Full Information Maximum Likelihood (FIML) 

function in Mplus Version 7 (Muthén, 2014). This approach utilises all available information in 

the data under a missing at random (MAR) assumption (Enders, 2010). This assumption was 

deemed adequate as it was considered plausible that missing data for one HRB could be 

explained by information relating to other HRBs in the model. In order to determine the 

influence of missing data in the LPA models, a sensitivity analysis was undertaken comparing 

the HRB item means and response probabilities from complete case models with those from 

FIML models. 

6.3 Results  

6.3.1 Descriptive analysis 

Table 6.1, summarises participants’ responses to all six HRB variables in the total analytical 

sample and separated according to gender and cohort. For both men and women, behaviours 

tended to be healthier (e.g. smoking fewer cigarettes per day, higher frequency of fruit and 

vegetable consumption, higher frequency of physical activity) in the BCS70 compared to the 

NCDS. An exception was alcohol consumption where a higher proportion of participants in the 

BCS70 drank above recommended limits compared to the NCDS, particularly amongst women.   



97 
 

For smoking, overall the proportion of men smoking ≥1 cigarette per day was slightly higher 

than women (29% men; 28% women; p=0.01), the difference is more pronounced when 

comparing cohort differences within each gender group, for both genders the NCDS is 

significantly higher than the BCS70 (NCDS=32% men, 28% women; BCS70=26% men, 23% 

women; p<0.001). The mean number of cigarettes smoked was significantly higher in men 

compared to women overall (mean=18 men; mean=15 women; p<0.001) and was higher in the 

NCDS compared to the BCS70 for each gender group (NCDS mean=19 men, mean=16 women; 

BCS70 mean=16 men, mean=14 women; p<0.001).  

Overall men and women ate fruit and vegetables 3–6 days per week. Men in the NCDS ate fruit 

and vegetables less frequently than men in the BCS70 (NCDS men mean=4.5; BCS70 men 

mean=4.9; p<0.001.), as did women (NCDS women mean=5.6; BCS70 women mean=5.8; 

p<0.001.). Men and women ate fried food 1–2 days per week on average; men in the BCS70 

ate these foods less than men in the NCDS (NCDS men mean=3.7; BCS70 men mean=3.0; 

p<0.001), as did women (NCDS women mean=2.9; BCS70 women mean=2.5; p<0.001). In both 

cohorts, men and women ate sweet foods on average 3–6 days per week.  

Focusing on the lowest frequency category of leisure-time physical activity (≤3 times a month), 

showed that the proportion was slightly lower in women compared to men (31% men; 29% 

women; p<0.001), indicating a slightly higher frequency of physical activity in women. In 

women, the proportion was lower in the BCS70 compared to the NCDS (31% NCDS; 27% 

BCS70; p<0.001), indicating that the frequency of physical activity was higher amongst in 

women in the BCS70. These differences according to cohort were not found amongst men 

(p>0.05). 

For alcohol consumption, a higher proportion of participants in the BCS70 drank above 

recommended limits compared to the NCDS, particularly amongst women.  There were clear 

gender differences in the proportion drinking above the UK recommended guidelines, almost 

three times higher amongst men (29% men; 11% women; p<0.001). For women, the 

proportion drinking above the UK recommended guidelines was higher in the BCS70 (8% NCDS; 

15% BCS70; p<0.001). For men, there was a small increase in the proportion drinking above 

the UK recommended guidelines in the BCS70 compared to the NCDS (28% NCDS; 31% BCS70; 

p<0.001), indicating a convergence in drinking behaviour for men and women in the BCS70. 
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  Table 6.1 Health-related behaviour (HRB) characteristics of the analytical sample: Total pooled and stratified by cohort and gender                                                                                                     

HRB variables Total Pooled         

N=21,019 (100%) 

Men NCDS           

n=5,586 (100%) 

Men BCS70            

n=4,613 (100%)  

Women NCDS 

n=5,787 (100%) 

Women BCS70 

n=5,033 (100%) 

Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) 

Number of cigarettes smoked per day a 16.4 (8.5) 18.5 (9.5) 16.0 (7.9) 16.2 (8.2) 13.7 (6.7) 

Frequency of fruit and vegetable consumption b 5.2 (2.1) 4.5 (1.9) 4.9 (2.1) 5.6 (1.9) 5.8 (2.2) 

Frequency of fried food consumption b 3.02 (1.3) 3.7 (1.5) 3.0 (1.2) 2.9 (1.3) 2.5 (1.0) 

Frequency of sweet food consumption b 4.7 (2.2) 4.7 (2.1) 4.6 (2.3) 4.8 (2.2) 4.6 (2.2) 

 n (%) n (%) n (%) n (%) n (%) 

Diet Missing 696 (3.31%) 9 (0.2%) 475 (10.3%) 12 (0.2%) 392 (7.8%) 

Proportion smoking cigarettes daily 

0 

1–10 

11–20 

21+ 

Missing 

 

15,022 (71.5%) 

1,934 (9.2%) 

3,159 (15.0%) 

842 (4.0%) 

62 (0.3%) 

 

3,797 (68.0%) 

458 (8.2%) 

912 (16.33%) 

393 (7.0%) 

26 (0.5%) 

 

3,404 (73.8%) 

385 (8.4%) 

680 (14.7%) 

135 (2.9%) 

9 (0.2%) 

 

3,964 (68.5%) 

573 (9.9%) 

984 (17.0%) 

249 (4.3%) 

17 (0.3%) 

 

3,857 (76.6%) 

518 (10.3%) 

583 (11.6%) 

65 (1.3%) 

10 (0.2%) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

Missing 

 

6,300 (30.0%) 

4,102 (19.5%) 

4,932 (23.5%) 

5,611 (26.7%) 

74 (0.4%) 

 

1,773 (31.7%) 

1,166 (20.9%) 

1,292 (23.1%) 

1,330 (23.8%) 

25 (0.5%) 

 

1,391 (30.2%) 

825 (17.9%) 

1,237 (26.8%) 

1,156 (25.1%) 

4 (0.09%) 

 

1,775 (30.7%) 

1,314 (22.7%) 

1,110 (19.2%) 

1,551 (26.8%) 

37 (0.6%) 

 

1,361 (27.0%) 

797 (15.8%) 

1,293 (25.7%) 

1,574 (31.3%) 

8 (0.2%) 

Alcohol units consumed in the previous week c 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

Missing 

 

4,292 (20.4%) 

12,484 (59.4%) 

4,212 (20.0%) 

31 (0.2%) 

 

754 (13.5%) 

3,280 (58.7%) 

1,549 (27.7%) 

3 (0.05%) 

 

569 (12.3%) 

2,578 (55.9%) 

1,450 (31.4%) 

16 (0.4%) 

 

1,670 (28.9%) 

3,640 (62.9%) 

474 (8.2%) 

3 (0.05%) 

 

1,299 (25.8%) 

2,986 (59.3%) 

739 (14.7%) 

9 (0.2%) 

a. Range 1–80. 
b. A Higher score indicates a higher consumption frequency. Range 0–10. Diet score equivalent (rounded to zero decimal places): ‘never’ [0] ‘occasionally /less than 1 day a week’ [1–2] ‘1–2 days a 

week’ [3–4] ‘3–6 days a week’ [5–6] once a day’ [7–8] ‘more than once a day’ [9–10]. 
c. ‘No units’ category includes never drinkers and non-frequent drinkers who report 0 units in the previous week. Frequent drinkers who report 0 units in the previous week have been placed in 

category ‘within limits’.
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6.3.2 Latent Profile Analysis (LPA) 

 Model selection 

The aBIC for LPA models run separately for each cohort within each gender (see Table 6.2), 

suggested four clusters were preferred over three clusters. However, for all groups the 

smallest cluster in the 4-cluster models fell below the minimum cluster size criterion. 

Moreover, the HRB patterns in the very small fourth cluster added little to model 

interpretability. For men in both cohorts and women in the NCDS, the additional fourth cluster 

was distinguished according to heavy smoking but was otherwise similar to the smallest cluster 

in the 3-cluster model characterised by heavy smokers. For women in the BCS70, the 

additional fourth cluster was distinguished according to fried food consumption, but was 

otherwise similar to the second largest cluster in the 3-cluster model characterised by 

moderate smoking.  

The estimates of the 4-cluster multi-group LPA models can be found in Appendix 6.1 and 

Appendix 6.2. Model fit indices and minimum cluster size criterion for these models are shown 

in Table 6.2. The purpose of the minimum cluster size criterion was to ensure adequate 

statistical power for further analysis. Adequate cluster size was determined by detecting a 

‘small’ difference using Cohen’s effect size of 20% (Cohen, 1992) between two independent 

proportions (0.1, 0.3), with 80% power and significance level of 0.05. Sample size calculations 

were conducted in Stata version 14 (StataCorp, 2014) using the ‘power two proportions’ 

command. 

In sum, on the basis of model fit statistics, cluster size and interpretability, the 3-cluster multi-

group LPA model was chosen for both genders. 
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Table 6.2 Goodness of fit indices for Latent Profile Analysis (LPA) models, stratified by cohort 
for each gender                                                                        

NCDS Men Log-likelihood aBIC LMR Entropy Smallest Cluster 
Size (n) 

MMC (n=124)a 

2 cluster 
 

39034.135 78220.878 <0.001 0.990 1768 (31.7%) Yes 

3 cluster 
 

38917.438 78058.340 0.03 0.978 82 (1.5%) No 

4 cluster 
 

38850.141 77994.599 0.06 0.917 80 (1.4%) No 

BCS70 Men Log-likelihood aBIC LMR Entropy Smallest Cluster 
Size (n) 

MMC (n=124)a 

2 cluster 
 

27440.492 55028.237 <0.001 0.993 1200 (26.0%) Yes 

3 cluster 
 

27316.210 54848.039 0.04 0.975 79 (1.7%) No 

4 cluster 
 

27214.809 54713.604 0.003 0.981 24 (0.5%) No 

NCDS Women Log-likelihood aBIC LMR Entropy Smallest Cluster 
Size (n) 

MMC (n=124)a 

2 cluster 
 

39075.405 78304.409 <0.001 0.991 1808 (31.2%) Yes 

3 cluster 
 

38915.657 78056.225 <0.001 0.899 515 (8.9%) Yes 

4 cluster 
 

38849.292 77994.811 0.01 0.905 59 (1.0%) No 

BS70 Women Log-likelihood aBIC LMR Entropy Smallest Cluster 
Size (n) 

MMC (n=124)a 

2 cluster 
 

28922.370 57994.432 <0.001 0.993 1166 (23.2%) Yes 

3 cluster 
 

28844.586 57908.362 0.02 0.940 183 (3.6%) Yes 

4 cluster 
 

28789.143 57866.976 0.09 0.951 33 (0.7%) No 

Note: aBIC=adjusted Bayesian Information Criteron; LMR= Lo-Mendell-Rubin Likelihood Ratio Test p value. 
MMC=Meets Minimum Cluster Size Criterion. Superscript a= Adequate cluster size determined by detecting a 20% 
difference in two independent proportions (0.1, 0.3), with 80% power and significance level of 0.05.      
 
 

 

 Measurement invariance analysis 

Measurement invariance analysis was conducted, consisting of five stages, in order to 

determine cluster equivalence across the cohorts. 

The above results indicated that the 3-cluster solution was optimal for all subgroups, thus 

completing stage 1 of the measurement invariance analysis. 

Table 6.3 and Table 6.4, present the results of stage 2, chi-square difference tests comparing 

the log-likelihood from multi-group LPA models which allow the observed indicator variables 

to be free and then fixed across the cohorts. Significant p values (p<0.001) were found in all 

instances, indicating that the fit of the model with fixed parameters was substantially worse. 

As the measurement models for the two cohorts differed significantly, full measurement 

invariance did not hold (Finch, 2015). 
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Table 6.3 Estimates from multi-group models with and without cluster patterns and 
membership constrained to be equal (Men) 

Men FIML multi-group 3 cluster 

model 

Log-

likelihood 

Scaling 

correction factor 

Number of 

parameters 

Chi-square difference                      

(p value) 

Cluster patterns free -73256.573 1.2612 83 533.69 (<0.001) 

Cluster patterns fixed -73841.447 1.0215 66 

Cluster membership free -73256.573 1.2612 83 32.65 (<0.001) 

Cluster membership fixed -73276.564 1.2621 81 

 

Table 6.4 Estimates from multi-group models with and without cluster patterns and 
membership constrained to be equal (Women) 

Women FIML multi-group 3 

cluster model 

Log-

likelihood 

Scaling 

correction factor 

Number of 

parameters 

Chi-square difference                        

(p value) 

Cluster patterns free -75233.802 1.1511 83 870.54 (<0.001) 

Cluster patterns fixed -75896.731 1.0553 66 

Cluster membership free -75233.802 1.1511 83 43.80 (<0.001) 

Cluster membership fixed -75279.763 1.1277 81 

 

Table 6.5 and Table 6.6, show the results of stage 3, a cross-validation analysis, to determine 

whether the model calibrated in the training dataset has an acceptable model fit in the 

validation dataset. Based on model fit indices and entropy, we found that models calibrated in 

each subgroup (separated by cohort and gender) cross-validated reasonably well when applied 

to data from the same gender in the other cohort. This was taken as evidence of cluster 

equivalence across cohorts (Collins et al., 1994). 

 

Table 6.5 Estimates from cross-validation analysis (Men) 

Men 3 cluster FIML models Log-likelihood Entropy Adjusted BIC Lo-Mendell-Rubin 
LRT p valuea 

NCDS Men calibrated -38559.333 0.981 77341.679 0.04 

NCDS Men validated -40265.503 0.950 80531.007 <0.001 

BCS70 Men calibrated -26838.585 0.980 53888.898 <0.001 

BCS70 Men validated -27698.580 0.992 55397.160 <0.001 

Note: Calibrated models = model parameters estimated in this gender and cohort. Validated models = gender and 
cohort in which the model is validated using saved model parameter estimates from the model calibrated in the 
same gender but opposite cohort data. Superscript a = Tests the null hypotheses that the addition of a fourth 
cluster does not improve model fit. 
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Table 6.6 Estimates from cross-validation analysis (Women) 

Women 3 cluster FIML 
models 

Log-likelihood Entropy Adjusted BIC Lo-Mendell-Rubin 
LRT p valuea 

NCDS Women calibrated -38558.954 0.901 77342.313 <0.001 

NCDS Women validated -40604.876 0.907 81209.751 <0.001 

BCS70 Women calibrated -28595.963 0.943 57408.650 0.02 

BCS70 Women validated -29787.017 0.933 59574.034 >0.05 

Note: Calibrated models = model parameters estimated in this gender and cohort. Validated models = gender and 
cohort in which the model is validated using saved model parameter estimates from the model calibrated in the 
same gender but opposite cohort data. Superscript a = Tests the null hypotheses that the addition of a fourth 
cluster does not improve model fit. 

 

The stability of cluster membership in the validated and calibrated models was investigated 

and are shown in Table 6.7 to Table 6.10. Cluster stability was deemed to be excellent for the 

largest two clusters (clusters 2 and 3), with ≥95% of individuals being assigned to the same 

cluster in the calibrated and validated models. Cluster classification was also deemed to be 

good for the smallest cluster (cluster 1) amongst women given that ≥77% remained in the 

same cluster in the calibrated and validated models. However, there appeared to be 

classification uncertainty for cluster 1 amongst men. This could, in part, be due to the 

particularly small number of male participants assigned to this cluster in the calibrated models.  

 

Table 6.7 Cluster stability in the validated and calibrated models (NCDS Men) 

NCDS Men Cluster 1 

validated n (%) 

Cluster 2             

validated n (%) 

Cluster 3                

validated n (%) 

Total 

Cluster 1 calibrated 26 (8.1) 56 (3.9) 0 82 

Cluster 2 calibrated 288 (89.2) 1,398 (96.2) 0 1,686 

Cluster 3 calibrated 9 (2.8) 0 3,809 (100.0) 3,818 

Total 323 (100.0) 1,454 (100.0) 3,809 (100.0) 5,586 

 

 

Table 6.8 Cluster stability in the validated and calibrated models (BCS70 Men) 

BCS70 Men  Cluster 1 

validated n (%) 

Cluster 2                

validated n (%) 

Cluster 3 

validated n (%) 

Total 

Cluster 1 calibrated 11 (44.0) 65 (5.5) 3 (0.1) 79 

Cluster 2 calibrated 14 (56.0) 1,110 (94.5) 0 1,124 

Cluster 3 calibrated 0 0 3,410 (99.9) 3,410 

Total 25 (100.0) 1,175 (100.0) 3,413 (100.0) 4,613 
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Table 6.9 Cluster stability in the validated and calibrated models (NCDS Women) 

NCDS Women  Cluster 1 

validated n (%) 

Cluster 2                

validated n (%) 

Cluster 3 

validated n (%) 

Total 

Cluster 1 calibrated 444 (78.6) 70 (5.6) 1 (0.1) 515 

Cluster 2 calibrated 121 (21.4) 1,171 (94.4) 0 1,292 

Cluster 3 calibrated 0 0 3,980 (99.9) 3,980 

Total 565 (100.0) 1,241 (100.0) 3,981 (100.0) 5,787 

 

Table 6.10 Cluster stability in the validated and calibrated models (BCS70 Women) 

BCS70 Women  Cluster 1 

validated n (%) 

Cluster 2               

validated n (%) 

Cluster 3               

validated n (%) 

Total 

Cluster 1 calibrated 136 (76.8) 46 (4.7) 1 (0.1) 183 

Cluster 2 calibrated 41 (23.2) 943 (95.4) 0 984 

Cluster 3 calibrated 0 0 3,866 (99.9) 3,866 

Total 177 (100.0) 989 (100.0) 3,867 (100.0) 5,033 

 

 

Table 6.11 provides the indicator variable specific entropy estimates, used to achieve stage 4 

of the measurement invariance analysis. This demonstrates that the six HRB variables all had 

entropy >0.2, suggesting that each variable contributed to the latent HRB variable (Asparouhov 

and Muthén, 2014). Moreover, the entropy values for each HRB variable were similar across 

the cohorts, although these differed for women more than men. These results were taken as 

further evidence of some cluster equivalence across the cohorts, although the greater 

contribution of alcohol to the formation HRB clusters amongst BCS70 women compared to 

NCDS women, again suggests partial measurement invariance for alcohol consumption across 

the cohorts. 

 

Table 6.11 HRB variable specific entropy estimates according to cohort and gender 

Indicator variable NCDS Men BCS70 Men NCDS Women BCS70 Women 

Smoking 0.97 0.93 0.84 0.91 

Alcohol 0.38 0.43 0.26 0.41 

Fruit and vegetables 0.39 0.42 0.32 0.42 

Fried food 0.39 0.47 0.30 0.43 

Sweet food 0.38 0.41 0.27 0.41 

Physical activity 0.38 0.42 0.28 0.41 
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Finally, Chi-square Wald tests, identifying whether HRBs differed significantly both across the 

clusters within each cohort and within each cluster across cohorts, were undertaken in order 

to determine whether the nature of the HRB clusters differed substantively. These cluster 

patterns and the results of the chi-square Wald test are presented in the following section of 

this chapter which presents the results of the optimal LPA solution (see Table 6.12 and Table 

6.13 ). 

These tests implied that the cluster patterns across the cohorts were similar, except for alcohol 

consumption, particularly amongst women and suggested partial measurement invariance 

across cohorts and genders. Attempts were made to run LPA models which pooled the 

subgroups together (increasing statistical power) and allowing for one LPA model with partial 

measurement invariance for alcohol (i.e. accounting for alcohol differences). However, due to 

increased complexity and data sparseness (given the size of the smallest cluster) the partial 

measurement invariant LPA model would not converge. Therefore, the three cluster multi-

group LPA models, comparing cohorts and run separately for each gender, were considered 

the optimal solution. 

  

In summary, on the basis of the above analysis, it was concluded that there was some cluster 

equivalence for each gender group across the two cohorts. However, the results do suggest 

that the clusters may not be equivalent for alcohol consumption amongst women and that the 

stability of membership of the smallest cluster (i.e. cluster 1) amongst men in the two cohorts 

is questionable. 

 The 3-cluster LPA model 

The same cluster labels were assigned across the three cluster multi-group LPA models, aiding 

interpretability. This was based on the measurement invariance analysis (outlined in the 

preceding section), which found evidence for cluster equivalence across the cohorts, within 

each gender group, except in relation to alcohol consumption amongst women.    

 

Cluster 1, labelled ‘Risky’, had patterns riskier than the others (i.e. heavy smoking). Cluster 2, 

was labelled ‘Moderate Smokers’, because smoking behaviour notably distinguished this 

cluster from the others, although levels of smoking were lower than the ‘Risky’ cluster. Cluster 

3, labelled ‘Mainstream’, was the largest cluster, representing the most prevalent HRB 

patterns in the data, described below.  
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Cluster patterns 

For both genders, cluster patterns were similar across the cohorts for smoking, fruit and 

vegetable consumption, fried food consumption and physical activity. Patterns diverged 

slightly for sweet food and alcohol consumption amongst men but notably for alcohol 

consumption amongst women. 

 

Wald chi-square tests found the estimated mean number of cigarettes smoked per day was 

higher for members in the ‘Risky’ and ‘Moderate Smokers’ clusters (‘Risky’ NCDS men=41 

cigarettes, NCDS women=21 cigarettes; ‘Moderate Smokers’ NCDS men=17 cigarettes, NCDS 

women=14 cigarettes), compared to those in the ‘Mainstream’ cluster (p<0.01), which was 

fixed at zero in line with our methodological approach. 

 

Members of the ‘Risky’ cluster had lower frequencies of fruit and vegetable consumption 

(mean NCDS men=2.61; BCS70 men=3.75; NCDS women=3.39; BCS70 women=3.67) and higher 

frequencies of fried food consumption (mean NCDS men=4.73; BCS70 men=6.73; NCDS 

women=4.02; BCS70 women=3.37) compared to members of the ‘Moderate Smokers’ and 

‘Mainstream’ clusters (p<0.01).  

 

The frequency of leisure-time physical activity was highest for the members of the 

‘Mainstream’ cluster (≥once per week NCDS men=72%; BCS70 men=73%; NCDS women=73%; 

BCS70 women=76%), followed respectively by the members of the ‘Moderate Smokers’ and 

‘Risky’ clusters (p<0.01).  

 

Sweet food consumption frequency was generally highest in the ‘Mainstream’ cluster and 

lowest in the ‘Risky’ cluster (p<0.01). The exception was BCS70 men whose sweet food 

consumption frequency was high in the ‘Mainstream’ cluster (mean=4.59) but highest in the 

‘Risky’ cluster (mean=5.23, p<0.01). In substantive terms, this difference across the two 

clusters was deemed negligible, given that after rounding sweet food consumption to one 

decimal place, the mean sweet food consumption was 5 in both the ‘Risky’ and ‘Mainstream’ 

clusters, equating to the same frequency category ‘3–6 days per week’. In women, sweet food 

consumption frequency in the ‘Mainstream’ cluster was significantly lower amongst BCS70 

members (mean=4.60) compared to NCDS members (mean=4.85, p<0.01). Again, whilst 

different, after rounding to one decimal place, the mean sweet food consumption was 5, thus 

equating to the same frequency category ‘3–6 days per week’ in both cohorts. 
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For both genders, alcohol consumption was lowest for members of the ‘Mainstream’ cluster 

across cohorts (p<0.01). For men, NCDS members of the ‘Risky’ cluster had the highest 

proportion drinking alcohol above recommended limits (51%) compared to the ‘Moderate 

Smokers’ cluster (36%), whereas proportions were similar for BCS70 members (‘Risky’=42%; 

‘Moderate Smokers’=43%). For women, the proportion of BCS70 members drinking above 

recommended limits was almost double that of NCDS members, across all three clusters 

(‘Risky’ NCDS=19%, BCS70=32%; ‘Moderate Smokers’ NCDS=9%, BCS70=18%; ‘Mainstream’ 

NCDS=7%, BCS70=19%, p<0.01).  

 

Cluster membership 

For both genders, Wald chi-square tests indicated a significant difference in cluster 

membership across the cohorts. For men and women, a significantly higher proportion 

(p<0.01) of BCS70 participants (Men=73.8%; Women=76.7%) were members of ‘Mainstream’ 

cluster compared to NCDS participants (Men=68.2%; Women=68.6%).   

 

The cluster prevalence based on the estimated models is presented in Table 6.12 and Table 

6.13 Cluster prevalence based on assigning each participant to their most likely HRB cluster, 

known as ‘modal assignment’ (Heron et al., 2015), as well as the probabilities of cluster 

assignment are shown in Appendix 6.3. 

 

Sensitivity analysis for missing data 

Estimates from models using FIML, presented in Table 6.12 and Table 6.13 , were very similar 

to estimates using complete cases, which can be found in Table 6.14 and Table 6.15 . 
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Table 6.12 Estimated means and item response probabilities FIML of 3-cluster multi-group Latent Profile Analysis (LPA) model for men 

 NCDS Men n=5,586 (100%) BCS70 Men n=4,613 (100%) 

Cluster 1 
‘Risky’            

n=96 (1.7%)≠ 

Cluster 2                
‘Moderate 
Smokers’                  

n=1679 (30.1%)≠ 

Cluster 3 
‘Mainstream’         

n=3811 (68.2%)≠ 

Cluster 1 ‘Risky’            
n=93 (2.0%)≠ 

Cluster 2             
‘Moderate 
Smokers’               

n=1117 (24.2%)≠ 

Cluster 3 
‘Mainstream’         

n=3403 (73.8%)≠ 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  40.84 (3.67)*† 17.22 (0.31)*† 0 19.82 (4.46)† 15.57 (0.35)† 0 

Frequency of fruit and vegetable consumption  2.61 (0.37)*†  3.95 (0.05)*† 4.64 (0.03)*† 3.75 (0.28)*† 4.29 (0.07)*† 5.10 (0.04)*† 

Frequency of fried food consumption  4.73 (0.45)*† 3.99 (0.05)*† 3.36 (0.02)*† 6.74 (0.29)*† 3.02 (0.04)*† 2.86 (0.02)*† 

Frequency of sweet food consumption  3.58 (0.45)* 4.18 (0.06)* 4.71 (0.04)* 5.23 (0.53)* 4.34 (0.08)* 4.59 (0.04)* 

 IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
 0.61 (0.07)* 
0.12 (0.05) 
0.14 (0.04) 
0.13 (0.04) 

 
 0.39 (0.01)* 
0.21 (0.01) 
0.19 (0.01) 
0.21 (0.01) 

 
   0.28 (0.01)*† 

0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

 
0.49 (0.07)* 
0.09 (0.04) 
0.20 (0.05) 
0.23 (0.06) 

 
 0.41 (0.02)* 
0.18 (0.01) 
0.20 (0.01) 
0.22 (0.01) 

 
   0.26 (0.01)*† 

0.18 (0.01) 
0.29 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
 0.26 (0.08)* 
0.23 (0.06) 
0.51 (0.08) 

 
  0.14 (0.01)*† 

0.50 (0.01) 
0.36 (0.01) 

 
   0.13 (0.01)*† 

0.63 (0.01) 
0.24 (0.01) 

 
 0.26 (0.06)* 
0.31 (0.07) 
0.42 (0.09) 

 
  0.13 (0.01)*† 

0.44 (0.02) 
0.43 (0.02) 

 
   0.12 (0.01)*† 

0.61 (0.01) 
0.28 (0.01) 

Note: Cluster prevalence based on estimated model. *=cluster means and response probabilities are significantly different (p ≤ 0.05) across the three clusters within each cohort. †=cluster means and 
response probabilities are significantly different (p ≤ 0.01) across the cohorts.  ≠ = cluster membership is significantly different (p ≤ 0.01) across the cohorts. Estimated using the Wald chi-square test. 

 

 

 

 

 

 

 

 



108 
 

 

 

 

Table 6.13 Estimated means and item response probabilities of FIML 3 cluster multi-group Latent Profile Analysis (LPA) model for women 

 NCDS Women Total N=5,787 (100%) BCS70 Women Total N=5,033 (100%) 

Cluster 1 
‘Risky’                         

n=561 (9.7%)≠ 

Cluster 2             
‘Moderate 
Smokers’                  

n=1254 (21.7%)≠ 

Cluster 3 
‘Mainstream’                     

n=3972 (68.6%)≠ 

Cluster 1 
‘Risky’                         

n=227 (4.5%)≠ 

Cluster 2           
‘Moderate 
Smokers’                  

n=944 (18.8%)≠ 

Cluster 3 
‘Mainstream’                     

n=3862 (76.7%)≠ 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  20.96 (1.00)*† 14.07 (0.31)* 0 19.18 (1.88)† 12.30 (0.39) 0 

Frequency of fruit and vegetable consumption  3.39 (0.15)*† 5.57 (0.14)* 5.79 (0.03)*† 3.67 (0.16)*† 5.41 (0.20)* 5.97 (0.04)*† 

Frequency of fried food consumption  4.02 (0.15)*† 2.69 (0.07)*† 2.55 (0.02)*† 3.37 (0.30)*† 2.32 (0.07)*† 2.36 (0.02)*† 

Frequency of sweet food consumption  3.76 (0.24)* 4.40 (0.10)*† 4.85 (0.04)*† 3.68 (0.27)* 4.50 (0.12)*† 4.60 (0.04)*† 

 IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
  0.62 (0.03)*† 

0.16 (0.02) 
0.07 (0.02) 
0.15 (0.02) 

 
0.29 (0.03)* 
0.21 (0.01) 
0.20 (0.01) 
0.31 (0.01) 

 
  0.27 (0.01)*† 

0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

 
  0.55 (0.06)*† 

0.08 (0.03) 
0.07 (0.03) 
0.30 (0.05) 

 
0.31 (0.03)* 
0.15 (0.01) 
0.23 (0.02) 
0.32 (0.02) 

 
  0.25 (0.01)*† 

0.17 (0.01) 
0.28 (0.01) 
0.31 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
 0.27 (0.03)* 
0.54 (0.03) 
0.19 (0.03) 

 
  0.30 (0.01)*† 

0.61 (0.01) 
0.09 (0.01) 

 
  0.29 (0.01)*† 

0.65 (0.01) 
0.07 (0.01) 

 
 0.40 (0.05)* 
0.28 (0.08) 
0.32 (0.08) 

 
  0.27 (0.02)*† 

0.54 (0.02) 
0.18 (0.02) 

 
  0.24 (0.01)*† 

0.63 (0.01) 
0.13 (0.01) 

Note: Cluster prevalence based on estimated model. *=cluster means and response probabilities are significantly different (p ≤ 0.05) across the three clusters within each cohort. †=cluster means and 
response probabilities are significantly different (p ≤ 0.01) across the cohorts.  ≠ = cluster membership is significantly different (p ≤ 0.01) across the cohorts. Estimated using the Wald chi-square test. 
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Table 6.14 Estimated means and item response probabilities of 3-cluster multiple-group Latent Profile Analysis (LPA) model, using complete cases, for 
men  

 NCDS Men Total N=5,525 (100%) BCS70 Men Total N=4,195 (100%) 

Cluster 1 
‘Risky’            

n=91 (1.6%)≠ 

Cluster 2                   
‘Moderate 
Smokers’                  

n=1677 (30.2%)≠ 

Cluster 3 
‘Mainstream’         

n=3767 (68.2%)≠ 

Cluster 1 
‘Risky’            

n=83 (2.0%)≠ 

Cluster 2           
‘Moderate 
Smokers’          

n=1001 (23.9%)≠ 

Cluster 3 
‘Mainstream’         

n=3111 (74.2%)≠ 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  41.24 (3.88)*† 17.23 (0.32)*† 0* 18.14 (2.15)† 15.60 (0.26)† 0 

Frequency of fruit and vegetable consumption  2.62 (0.42)* 3.95 (0.05)*† 4.64 (0.03)*† 3.77 (0.27)* 4.29 (0.07)*† 5.10 (0.04)*† 

Frequency of fried food consumption  4.69 (0.51)*† 3.99 (0.05)*† 3.36 (0.02)*† 6.50 (0.27)*† 3.01 (0.04)*† 2.86 (0.02)*† 

Frequency of sweet food consumption  3.56 (0.49)*† 4.18 (0.06)* 4.71 (0.04)* 5.29 (0.49)*† 4.34 (0.08)* 4.59 (0.04)* 

 IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.60 (0.07)* 
0.13 (0.06) 
0.14 (0.05) 
0.13 (0.05) 

 
0.39 (0.01)* 
0.21 (0.01) 
0.19 (0.01) 
0.21 (0.01) 

 
0.28 (0.01)*† 

0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

 
0.49 (0.07)* 
0.09 (0.04) 
0.21 (0.05) 
0.21 (0.05) 

 
0.40 (0.02)* 
0.18 (0.01) 
0.20 (0.01) 
0.22 (0.01) 

 
0.27 (0.01)*† 

0.18 (0.01) 
0.30 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.25 (0.08)* 
0.23 (0.06) 
0.52 (0.09) 

 
0.14 (0.01)*† 

0.50 (0.01) 
0.36 (0.01) 

 
0.13 (0.01)*† 

0.63 (0.01) 
0.24 (0.01) 

 
0.27 (0.06)* 
0.33 (0.06) 
0.40 (0.08) 

 
0.14 (0.01)*† 

0.44 (0.02) 
0.43 (0.02) 

 
0.12 (0.01)*† 

0.61 (0.01) 
0.27 (0.01) 

Note: Cluster prevalence based on estimated model. *=cluster means and response probabilities are significantly different (p ≤ 0.05) across the three clusters within each cohort. †=cluster means and 
response probabilities are significantly different (p ≤ 0.01) across the cohorts.  ≠ = cluster membership is significantly different (p ≤ 0.01) across the cohorts. Estimated using the Wald chi-square test. 
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Table 6.15 Estimated means and item response probabilities of 3-cluster multiple-group Latent Profile Analysis (LPA) model, using complete cases, for 
women 

 NCDS Women Total N=5,716 (100%) BCS70 Women Total N=4,739 (100%) 

Cluster 1 
‘Risky’                         

n=549 (9.6%)≠ 

Cluster 2               
‘Moderate 
Smokers’                  

n=1251 (21.9%)≠ 

Cluster 3 
‘Mainstream’                     

n=3916 (68.5%)≠ 

Cluster 1 
‘Risky’                         

n=215 (4.5%)≠ 

Cluster 2           
‘Moderate 
Smokers’                  

n=873 (18.4%)≠ 

Cluster 3 
‘Mainstream’                     

n=3652 (77.1%)≠ 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  21.01 (1.01)* 14.09 (0.31)* 0 19.27 (1.86) 12.29 (0.39) 0 

Frequency of fruit and vegetable consumption  3.38 (0.15)*† 5.56 (0.14)*† 5.79 (0.03)*† 3.66 (0.16)*† 5.42 (0.20)*† 5.97 (0.04)*† 

Frequency of fried food consumption  4.03 (0.16)*† 2.70 (0.08)* 2.55 (0.02)*† 3.35 (0.29)*† 2.32 (0.07)* 2.36 (0.02)*† 

Frequency of sweet food consumption  3.75 (0.25)*† 4.41 (0.10)* 4.85 (0.04)*† 3.68 (0.27)*† 4.51 (0.12)* 4.60 (0.04)*† 

 IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.62 (0.03)* 
0.16 (0.02) 
0.07 (0.02) 
0.15 (0.02) 

 
0.29 (0.03)*† 

0.21 (0.01) 
0.20 (0.01) 
0.31 (0.01) 

 
0.27 (0.01)*† 

0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

 
0.55 (0.06)* 
0.08 (0.03) 
0.07 (0.03) 
0.30 (0.05) 

 
0.30 (0.03)*† 

0.15 (0.01) 
0.23 (0.02) 
0.32 (0.02) 

 
0.25 (0.01)*† 

0.17 (0.01) 
0.28 (0.01) 
0.31 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.27 (0.03)*† 

0.54 (0.03) 
0.19 (0.03) 

 
0.30 (0.01)*† 

0.61 (0.01) 
0.09 (0.01) 

 
0.29 (0.01)*† 

0.65 (0.01) 
0.07 (0.01) 

 
0.40 (0.05)*† 

0.28 (0.08) 
0.32 (0.08) 

 
0.28 (0.02)*† 

0.53 (0.02) 
0.18 (0.02) 

 
0.24 (0.01)*† 

0.63 (0.01) 
0.13 (0.01) 

Note: Cluster prevalence based on estimated model. *=cluster means and response probabilities are significantly different (p ≤ 0.05) across the three clusters within each cohort. †=cluster means and 
response probabilities are significantly different (p ≤ 0.01) across the cohorts.  ≠ = cluster membership is significantly different (p ≤ 0.01) across the cohorts. Estimated using the Wald chi-square test. 
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6.4 Summary of findings 

The hypotheses stated at the beginning of this chapter (see section 6.1) were partially 

confirmed. Three distinct clusters of HRBs were identified and subsequently labelled ‘Risky’, 

‘Moderate Smokers’ and ‘Mainstream’. The ‘Mainstream’ cluster largely consisted of 

participants with multiple positive HRBs (e.g. non-smokers, moderate drinkers, frequent fruit 

and vegetable consumers), the ‘Risky’ cluster was largely characterised by individuals with 

multiple negative HRBs (e.g. heavy smokers and drinkers) and the ‘Moderate Smokers’ cluster 

was a mixture of both.  

 

Cohort differences in HRB cluster membership were found, those in the later-born cohort 

belonging to clusters characterised by multiple positive HRBs. However, there was little 

evidence of differences in cluster membership according to gender. Whilst HRB cluster 

patterns were similar according to cohort and gender with respect to some HRBs, other HRBs 

were found to differ and there was evidence of convergence in alcohol consumption for men 

and women in the later-born cohort. 

 

For both genders, cluster patterns were similar across the two cohorts in relation to smoking, 

fruit and vegetable consumption, fried food consumption and physical activity. The HRBs of 

members in the ‘Mainstream’ cluster tended to be more beneficial to health than the other 

two clusters (i.e. not smoking, eating fruit and vegetables more frequently, chips and fried 

food less frequently and being more active), based upon evidence linking these four HRBs to 

mortality (Kvaavik et al., 2010; Loef and Walach, 2012). However, the frequency of sweet food 

consumption was generally higher in the ‘Mainstream’ cluster. The exception was for men in 

the BCS70 whereby sweet food consumption was found, in substantive terms, to be the same 

in the ‘Risky’ and ‘Mainstream’ cluster. In the later-born cohort there was a significant shift in 

membership towards the ‘Mainstream’ cluster. Moreover, the hypothesis that heavy smokers 

and drinkers would also be more physically activity was not supported with members of the 

‘Risky’ cluster having lower levels of physical activity in comparison to the other clusters. 

 

The distribution of alcohol consumption across the three clusters differed by cohort in both 

genders but was particularly apparent for women. The proportion of BCS70 women drinking 

above recommended guidelines across the three clusters was almost double that of NCDS 

women, with a sizeable proportion (>10%) of women in the BCS70 drinking above 
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recommended levels in the ‘Mainstream’ cluster. At the same time, BCS70 women in the 

‘Mainstream’ cluster consumed sweet foods less frequently than NCDS women. 

 

A higher proportion of ‘Risky’ cluster members (NCDS men, BCS70 men and women) reported 

drinking ‘no units’ in the previous week. Although members of the ‘Risky’ cluster drink 

differently (i.e. not drinking or drinking excessively) they are assigned to the same cluster by 

sharing other behaviours, particularly smoking. Research investigating these four HRBs 

suggests smoking to be the most persistent (Paavola et al., 2004) and is strongly associated 

with heavy alcohol consumption (Bien and Burge, 1990; Chiolero et al., 2006; Room, 2004; 

Zacny, 1989) and alcohol abstainers who have previously drunk alcohol (De Leon et al., 2007). 

Membership of the ‘Mainstream’ cluster was found to be higher in the BCS70, compared to 

the NCDS. The shift to the ‘Mainstream’ cluster is considered to be beneficial for health in 

some respects, especially cigarette smoking. Moreover, BCS70 members had higher 

frequencies of fruit and vegetable consumption, lower frequencies of fried food consumption 

and were more physically active in this cluster, compared to NCDS members. However, in 

comparison to NCDS participants, a higher proportion of BCS70 men and women in the 

‘Mainstream’ cluster were drinking alcohol above the recommended guidelines (DOH, 1995). 

Additionally, the frequency of sweet food consumption tended to be higher in the 

‘Mainstream’ cluster compared to the other two clusters. The exception was men in the BCS70 

who consumed sweet foods on average ‘3–6 days per week’ in both the ‘Risky’ and 

‘Mainstream’ cluster. Amongst women, sweet food consumption frequency was lower in the 

‘Mainstream’ cluster for BCS70 compared to NCDS members, although substantively they 

equated to the same frequency category of ‘3–6 days per week’. 

 

Despite some cohort differences, the measurement invariance analyses indicated largely 

consistent cluster patterns of smoking, fruit and vegetable consumption, fried food 

consumption and physical activity across the two cohorts for both genders, implying that these 

clusters could be generalised to individuals in mid-adulthood in Britain today. 

6.5 Strengths and limitations 

The research undertaken in this chapter has a number of strengths. This work maximised the 

efficiencies of data reduction techniques by treating variables in the study model as 

continuous or ordered, identifying clusters that may have been missed if variables were 

dichotomised. LPA allows for the investigation of multiple rather than individual HRBs 
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(McAloney et al., 2013) and provided new insights with existing data by detecting a previously 

unobserved mixture of three clusters. The study detected cohort differences in HRB clustering 

according to gender, made possible by the large sample size. Furthermore, the replication of 

this analysis within two cohort studies reduced the possibility of subjectivity, which is a 

criticism of data reduction techniques (Martinez et al., 1998; McAloney et al., 2013). 

The purpose of this first chapter was to empirically derive clustered patterns of HRBs in each 

cohort. The complex web of HRB patterns identified here suggests distinct typologies are 

practised by different types of people providing a person-centred understanding. However, the 

size of the ‘Mainstream’ cluster suggests that they are likely to be a heterogeneous group 

which should be taken into consideration when interpreting these results. Consequently, 

consideration of additional covariates would allow a greater understanding of the types of 

people who may share these patterns of HRBs, improving the relevance of these results to 

policy and public health practice. Furthermore, additional covariates would strengthen the 

assertions made here regarding the equivalence of the clusters across the two cohorts. The 

addition of covariates pertaining to social circumstances is addressed in the second objective 

of this doctoral work which is fully outlined in chapter 7.  

When interpreting these results, other limitations should also be considered. To aid LPA model 

convergence the mean and variance of smoking in the ‘Mainstream’ cluster was set at 0 

because whilst smoking in this cluster did exist it was considered rare (cigarettes per day: 

NCDS mean=0.5; BCS70 mean=0.3). Sensitivity analysis indicated that this decision did not 

affect the LPA model estimates (results not shown), with only a small proportion of smokers 

(NCDS=7.6%, BCS70=5.2%) in this cluster. 

It was necessary to use data from ages 30 and 34 in the BCS70, because dietary information 

was not available at age 34. The dietary habits of participants were considered to have 

remained relatively stable during this period based upon empirical evidence (Parsons et al., 

2006). However, this approach left 663 individuals (7%) with incomplete data. Men had more 

missing data on diet at age 30 than women (p<0.001). Despite this limitation, similar estimates 

were found in sensitivity analysis comparing models using FIML and those using complete 

cases suggesting little impact of this caveat on the overall findings.  

During the twelve years separating the two cohorts the average serving size of spirits and wine 

has increased (Stead et al., 2013), potentially underestimating alcohol consumption among 

BCS70 participants. On the other hand, a higher proportion of participants in the BCS70 
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drinking above recommended limits were found when compared to the NCDS. Therefore, 

correcting for a potential underestimation of alcohol consumption in the BCS70 would not 

change the direction of these findings. 

This study relies on self-reported measures of HRB which can be biased (Conry et al., 2011; 

Heroux et al., 2012; Schneider et al., 2009; Worsley et al., 2012). However, both cohorts 

collected data on HRB variables using well-structured questionnaires and in the BCS70 all 

interviews were assisted with a computer, reducing interviewer error. Although HRB measures 

were not identical across the cohorts, using data from two purposefully similar birth cohort 

studies allowed for a valid comparison (Ekinsmyth et al., 1992) and reduced the likelihood of 

cohort and gender differences due to differential measurement. Furthermore, differential 

measurement would suggest a uniformed bias, instead the results suggested larger cohort 

differences amongst women, indicating other contextual factors are likely to be at play. 

The inclusion of additional measures of the four HRBs would have been insightful and may 

have uncovered some of the heterogeneity that is likely to exist within the large ‘Mainstream’ 

cluster. For example, the intensity of leisure-time physical activity using metabolic equivalents 

(Conry et al., 2011; van Nieuwenhuijzen et al., 2009) as well as consideration of other types of 

physical activity, such as that undertaken as part of occupation and commuting, may have 

been beneficial (Poortinga, 2007; van Nieuwenhuijzen et al., 2009). At the same time, leisure-

time physical activity is considered to be more salient for health than occupational physical 

activity, with only the former found to be associated with aerobic fitness (Mundwiler et al., 

2017). Leisure-time physical activity is also strongly associated with commuting physical 

activity and can therefore be a marker of exercise associated with travel (Becker and 

Zimmermann-Stenzel, 2008). The use of food diaries may have improved the measurement of 

dietary intake (Conry et al., 2011; Patterson et al., 1994), although these are not without their 

limitations (Thompson and Subar, 2008). As recommended (Nugawela et al., 2016), 

information pertaining to alcohol consumption frequency and episodic heavy alcohol use (i.e. 

binge drinking) may also have been useful in elucidating additional cluster patterns. 

Social desirability bias, i.e. a tendency to respond in a way that reflects social norms (Crowne 

and Marlowe, 1960), is a possibility potentially leading to an underestimation of health-

damaging HRBs and overestimating of health-promoting HRBs. This may explain, to some 

extent, the large size of the ‘Mainstream’ cluster. However, there are similarities between the 

prevalence of current smoking in both cohorts (NCDS 1991=32%, BCS70 2004=24%) and that 
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reported by the Health and Social Care Information Centre (HSCIC) in 2014, for persons aged 

35–49 during the same time periods (1990=34%, 2004=29%) (HSCIC, 2014b). 

Also, interpretation of gender and cohort differences in cluster membership requires caution 

due to differences in cluster patterns – e.g. alcohol consumption in the ‘Risky’ cluster for NCDS 

women resembled that of the ‘Moderate Smokers’ cluster for BCS70 women and membership 

of the ‘Risky’ cluster was higher amongst women compared to men in both cohorts. This 

indicates ‘partial’ measurement invariance (Collins and Lanza, 2010) (i.e. the ‘Risky’ clusters 

cannot be interpreted the same way across subgroups). This demonstrates the importance of 

investigating measurement invariance in HRB cluster patterns according to cohort and gender, 

rather than treating these demographic variables as covariates that only predict HRB cluster 

membership. As mentioned in section 2.2.3.3, the finding of gender differences in the nature 

of HRB clusters has been identified elsewhere (Bondy and Rehm, 1998). 

 

However, the measurement invariance analysis suggested equivalence of the ‘Moderate 

Smokers’ and ‘Mainstream’ clusters across the two cohorts. This work identified consistent 

cluster patterns for smoking, fruit and vegetable consumption, fried food consumption and 

physical activity. Therefore, it is considered likely that the ‘Moderate Smokers’ and 

‘Mainstream’ cluster patterns, are similar among individuals in mid-adulthood in Britain more 

generally. 
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7 Chapter 7: Pre-adolescent SEP predicting HRB cluster membership in 

mid-adulthood (objective 2) 

7.1 Introduction 

This chapter addresses the second research objective which is fully outlined in chapter 4. To 

summarise, it investigates the extent to which socio-economic position (SEP) in pre-

adolescence and mid-adulthood predict membership of three distinct clustered patterns of 

HRBs: ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’, derived in the previous chapter (see 

chapter 6). 

This chapter seeks to extend existing research (outlined fully in the literature review chapter of 

this thesis, see section 2.2), by considering the role of childhood SEP in predicting mid-

adulthood lifestyles. There is a clear need for further research on the effects of childhood SEP 

on HRB clustering within the British context. Only one other study has been identified that 

examines the effects of childhood and adulthood SEP on HRB clustering in a sample of Swedish 

working-age adults (Falkstedt et al., 2016), finding disadvantaged SEP in childhood and 

adulthood was predictive of membership in clusters characterised by three or four health-

damaging behaviours. 

A direct effect of pre-adolescent SEP on mid-adulthood lifestyles is hypothesised (see section 

4.3). This direct effect is conceived to occur through behaviours embedded in pre-adolescence 

(i.e. behavioural pathway). More disadvantaged pre-adolescent SEP will be associated with 

membership of HRB clusters characterised by multiple negative HRBs. Additionally, an indirect 

effect of pre-adolescent SEP on mid-adulthood lifestyles is hypothesised. This indirect effect is 

conceived to occur through mid-adulthood SEP. The accumulation of resources from pre-

adolescence to mid-adulthood will dictate the social circumstances in which people live their 

lives in mid-adulthood and consequently their lifestyles (i.e. social pathway). More 

disadvantaged pre-adolescent SEP will be associated with more disadvantaged mid-adulthood 

SEP which will be associated with membership of HRB clusters characterised by multiple 

negative HRBs. Examining the role of pre-adolescent SEP in relation to adult HRB clustering 

could show how social circumstances at an early stage of the lifecourse might link to a 

particular HRB cluster. 
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7.2 Methods 

7.2.1 Analytical sample 

Data were taken from both the National Child Development Study (NCDS) and the British Birth 

Cohort Study (BCS70). The analytical sample was the same as the one used in the previous 

chapter (see chapter 6), including participants who had information on at least one out of the 

four HRBs (smoking, alcohol, diet, physical activity) in early mid-adulthood. This yielded an 

analytical sample of 11,373 participants at age 33 in the NCDS and 9,464 participants at age 34 

in the BCS70. All of the participants in the existing analytical samples used in chapter 6 were 

retained in this analysis because they had information on at least one SEP indicator from either 

pre-adolescence or mid-adulthood. The data used here were ethically collected (see section 

5.1.3).   

7.2.2 Measures 

 Outcome: HRB cluster membership  

The dependent variable in the analysis is HRB cluster membership, representing three distinct 

clustered patterns of HRBs: ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’ and derived 

separately for each cohort and gender group (see section 6.3.2.3).  

HRB cluster membership was treated as observed, rather than latent. Treating latent variables 

as observed variables is known as the ‘three-step approach’ (Vermunt, 2010). This approach 

aids model convergence because it is less computationally intensive and retains the nature of 

the HRB clusters when incorporating covariates in further analyses (Heron et al., 2015; 

Vermunt, 2010). This was operationalised by assigning each participant to their most likely HRB 

cluster, known as ‘modal assignment’ (Heron et al., 2015). However, it should be 

acknowledged that, unlike the latent variable, the observed dependent variable did not 

consider any classification error in HRB cluster assignment. The absence of classification error 

is important because it can lead to under-estimated standard errors of regression coefficients 

in path models (Clark and Muthén, 2009; Heron et al., 2015).  

The HRB cluster assignment classification error in the original latent variable was considered to 

be low. This was indicated by an entropy of 0.9 in the original measurement model used to 

derive the latent HRB variable (see section 6.3.2.1), which is above the 0.8 cut-off point 

suggested (Clark et al., 2013). Therefore, bias introduced by ‘modal assignment’ in the 

observed dependent variable used in this analysis was likely to be minimal. However, further 
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steps were taken to consider any possible bias. These steps are fully outlined below in section 

7.2.3.7. 

 Predictor: Pre-adolescent SEP 

As mentioned in chapters 3, social circumstances in pre-adolescence are conceived to shape 

HRBs via material and cultural dimensions of SEP. Differentials in material resources will shape 

HRBs by determining physical access to health-promoting HRBs. Exposure to particular HRBs in 

pre-adolescence will also depend on cultural resources that shape social group habitus.  

The indicators used to capture the material and cultural dimensions of SEP in pre-adolescence 

are outlined in chapter 5 (see section 5.2.2.1). 

 Mediator: Mid-adulthood SEP 

As mentioned in chapters 3, social circumstances in mid-adulthood are conceived to shape 

HRBs via material, cultural and occupational dimensions of SEP. Material resources determine 

physical access to health-promoting HRBs, material and occupational resources relate to 

differentials in psychosocial stress which influence the uptake of health-damaging HRBs and 

social group habitus is shaped by cultural resources. 

The indicators used to capture the material, occupational and cultural dimensions of SEP in 

mid-adulthood are presented in chapter 5 (see section 5.2.2.2). 

7.2.3 Statistical analysis 

An overview of the statistical analysis used in this chapter is provided in chapter 5 (see section 

5.3). This section provides further details on how these statistical methods were 

operationalised in order to address research objective 2 of this thesis.  

All statistical analyses were stratified according to cohort and gender, given the outcome 

variable, i.e. HRB cluster membership, was derived separately for each cohort and gender 

group (see chapter 6). 

 Descriptive and bivariate analysis 

Descriptive and bivariate analyses were performed in Stata version 14 (StataCorp, 2014), to 

determine the distribution of the SEP indicator variables and ascertain the statistical 

significance and direction of the relationship between each SEP indicator and the nominal HRB 

cluster dependent variable. Bivariate analyses used multinomial logistic regression models 

with the ‘Mainstream’ cluster as the baseline category. 
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 Exploratory and Confirmatory Factor Analysis to derive material, occupational and 

material dimensions of SEP  

The samples were randomly split in half. Exploratory Factor Analysis (EFA) was undertaken on 

one half of the data in order to explore the shared component of the SEP indicator variables 

for each dimension of SEP. Following this exploratory work, Confirmatory Factor Analysis (CFA) 

was undertaken on the other half of the data in order to confirm that the SEP indicators 

adequately captured the dimensions of SEP in pre-adolescence (material and cultural) or mid-

adulthood (material, occupational and cultural) that they were hypothesised to measure. Both 

types of analyses were stratified according to cohort and gender groups. 

Both EFA and CFA models were run in Mplus Version 7 (Muthén, 2014) and estimated using 

Weighted Least Squares (WLS) with robust standard errors (MV) which is less computationally 

demanding than robust maximum likelihood (MLR). WLSMV is the Mplus default estimator 

when using a combination of continuous and categorical indicator variables (Wang and Wang, 

2012). A sensitivity analysis comparing models estimated using WLSMV and MLR found them 

to be similar (results not shown). Slow computation and non-convergence was more likely to 

occur for EFA and CFA models estimated using MLR, reinforcing the decision to use WLSMV. 

A reflective approach to modelling the latent dimensions of SEP was employed (Hagger-

Johnson et al., 2011). This approach assumed that the latent dimensions of SEP explained 

observed associations between the SEP indicator variables. The reflective approach was 

chosen, as opposed to the formative approach, on the basis of previous work suggesting that 

reflective models are easier to compare across studies (Hagger-Johnson et al., 2011) and that 

model identification is less problematic when using the reflective than the formative approach 

(von Stumm et al., 2013). 

When running EFA models with a WLSMV estimator, a polychoric matrix is used to handle 

categorical and continuous indicator variables (Muthén, 2012). Oblique rotation was chosen 

due to the high likelihood of significant correlations between the latent dimensions of SEP at 

each age. Eigenvalues >1, factor loadings >0.32 and factor communality (Tabachnick et al., 

2001) were assessed to determine whether the SEP indicators contributed to their respective 

dimension of SEP.  

In the CFA models, standardised factor loadings, standard errors and p values of the SEP 

indicator variables were examined. Indicator variables with factor loadings >0.32 and p values 

<0.05 were considered to contribute moderately to the dimension of SEP that they were 

hypothesised to measure (Tabachnick et al., 2001). Indicators with weaker loadings (<0.32) 
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were also retained if they were significant for at least one gender group (p<0.05). Model fit 

was assessed using the Comparative Fit Index (CFI) (Bentler, 1990) as well as the Root Mean 

Square Error of Approximation (RMSEA) and the RMSEA close fit test (Steiger, 1990). Adequate 

model fit was determined by a CFI of >0.9, the RMSEA being <0.05 and a RMSEA close fit test p 

value >0.05 (Wang and Wang, 2012). 

 Handling multicollinearity between dimensions of SEP in pre-adolescence and mid-

adulthood 

The result of the EFA and CFA analyses were five continuous latent variables representing each 

dimension of SEP at each age: material and cultural in pre-adolescence and material, 

occupational and cultural in mid-adulthood. A higher score was indicative of more social 

disadvantage. The SEP indicator variables were found to significantly contribute to their 

respective dimension of SEP, with most factors loadings being >0.32 and p values <0.05. The 

results of the EFA and CFA are presented in Appendix 7.1 to Appendix 7.4.  

Unlike EFA, CFA allows for causal correlations between the latent variables (Wang and Wang, 

2012). The CFA identified high correlations (ranging from 0.6 to 0.9, p<0.001) between the 

dimensions of SEP at each age. These correlations were considered to pose a high risk of 

multicollinearity in future models incorporating HRB cluster membership as a dependent 

variable (Farrar and Glauber, 1967).  

Higher order CFA models were considered to circumvent this problem (Thompson, 2004). 

However, convergence of these higher order models was problematic for both pre-adolescent 

and mid-adulthood SEP indicators, partly due to the high number of categorical variables being 

used. Whilst it is possible to construct a continuous latent variable using categorical indicator 

variables (Muthén, 2012), the difficulties in model identification are likely due to the limited 

ability of categorical indicator variables to fully capture the tails of the continuous factors. 

Additionally, the CFA modification indices in models where all five of the latent variables were 

estimated together suggested a strong correlation between two mid-adulthood SEP indicators. 

These were the NS-SEC, capturing the occupational dimension of SEP and the highest 

household Cambridge scale, capturing the cultural dimension of SEP. This correlation was 

considered plausible given their similarity in measurement, although these two indicators are 

conceived to be theoretically distinct. The lack of discrimination of these measures in the CFA 

models was likely due to the NS-SEC being reduced to three ordinal categories.12 The high 

                                                           
12Nominal variables could not be included in CFA models in version 7 of Mplus when using the WLSMV 
estimator. Models using the MLR estimator to estimate these dimensions would not converge. 
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correlation of these measures in the CFA models indicated that that the occupational and 

cultural dimensions of SEP could not be considered distinct from one another.  

In consequence, the five dimensions of SEP (material and cultural in pre-adolescence and 

material, occupational and cultural in mid-adulthood) could not be distinguished from one 

another for further analyses. Instead a single SEP construct was derived at each age (i.e. one in 

pre-adolescence and one in mid-adulthood). These constructs were conceptualised as uni-

dimensional, parsimoniously capturing the interrelationship between the dimensions of SEP at 

each age. 

 Testing paths between dimensions of SEP in pre-adolescence and mid-adulthood 

Although the dimensions of SEP could not be modelled separately for further analyses that 

included HRB cluster membership as a dependent variable, each dimension of SEP in mid-

adulthood was regressed onto each dimension of SEP in pre-adolescence in order to examine 

the hypothesised paths between the dimensions of SEP in pre-adolescence and mid-adulthood 

as described in the conceptual model (see chapter 3), by identifying the direction and 

significance of the relationship between the dimensions of SEP at each age. 

This was operationalised using linear regression in Mplus Version 7 (Muthén, 2014). By default, 

Mplus Version 7 (Muthén, 2014) assumes the latent factor to be normally distributed, fixing 

the mean at zero. The TECH4 information in the Mplus output (Muthén, 2012) showed the 

latent factors to have a mean of zero accompanied by an estimated variance for each latent 

variable (Appendix 7.5) which suggested the distribution of the latent factors for each 

dimension of SEP were adequate for the purposes of this analysis. 

The results of this analysis are presented in Appendix 7.6 and confirm statistically significant 

(p<0.001) positive associations between dimensions of SEP in pre-adolescence and mid-

adulthood (i.e. being more socially disadvantaged in each dimension of SEP in pre-adolescence 

predicts being more socially disadvantaged in each dimension of SEP in mid-adulthood).  

 Exploratory and Confirmatory Factor Analysis to derive a uni-dimensional construct of 

SEP  

Through preliminary EFA and CFA analyses it was established that material, occupational and 

cultural dimensions of SEP could not be distinguished from one another for further analyses 

(see 7.2.3.2). Consequently, two uni-dimensional constructs, representing SEP at each age, 

were derived. EFA models were run in one half of the data in order to explore the shared 

component of the SEP indicator variables for each uni-dimensional SEP construct. CFA models 

were run on the other half of the data in order to confirm that the SEP indicators adequately 
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captured the uni-dimensional construct of SEP construct that they were hypothesised to 

measure.  

The same thresholds used in the previous EFA and CFA models (see section 7.2.3.2) were 

applied to determine the contribution of each indicator variable to the uni-dimensional 

construct of SEP that they were hypothesised to measure (i.e. factor loadings >0.32 and p 

values <0.05 were considered to contribute moderately (Tabachnick et al., 2001)). The same 

model fit criteria were also applied to the CFA models (i.e. CFI of >0.9, the RMSEA being <0.05, 

and a RMSEA close fit test p value >0.05 (Wang and Wang, 2012)).  

The CFA models allowed measurement errors of the SEP indicators to be correlated (Wang and 

Wang, 2012). To improve model fit, the assumption that the association between SEP 

indicators is fully accounted for by the latent variable was relaxed and the measurement errors 

among certain SEP indicators were free to correlate. These correlations were guided by model 

modification indices and theoretical plausibility, such as variables which were similar in 

wording and measurement (Wang and Wang, 2012). 

 Path analysis 

Path analysis that incorporates latent variables is a type of SEM (Hoyle, 2012). As mentioned in 

section 5.3.2.2, the path model consisted of a measurement model which was incorporated 

into a structural path model built conceptually to illustrate relationships between uni-

dimensional SEP constructs in pre-adolescence and mid-adulthood and HRB cluster 

membership in mid-adulthood.  

The path model simultaneously estimated the direct relationship between the SEP construct in 

pre-adolescence and HRB clustering in mid-adulthood as well as the indirect effect via the SEP 

construct in mid-adulthood. These models were run separately according to cohort and 

gender. The measurement part of the model was the CFA model used to derive uni-

dimensional constructs representing SEP in pre-adolescent and mid-adulthood (see section 

7.2.3.5). The structural element of each model simultaneously regresses the observed 

dependent categorical variable containing three HRB clusters: ‘Risky’, ‘Moderate Smokers’ and 

‘Mainstream’, onto the SEP constructs for pre-adolescent (the independent variable) and mid-

adulthood (the mediator variable).  

Mediation analysis was employed in order to decompose direct and indirect effects (Fairchild 

and McQuillin, 2010). This analysis separated the influence of pre-adolescent SEP on mid-

adulthood HRB into two components 1) the direct effect of pre-adolescent SEP on mid-
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adulthood HRB 2) the indirect effect of pre-adolescent SEP on mid-adulthood HRB through its 

influence on mid-adulthood SEP.  

Figure 7.1 is a diagram of the CFA model (i.e. the measurement model part of the path model) 

and describes how observed indicator variables, representing the material, occupational and 

cultural dimensions of SEP, are conceived to be related to the SEP construct at each age.  

Figure 7.2 provides a visual representation of the structural part of the path model illustrating 

the tested paths between pre-adolescent and mid-adulthood SEP constructs and mid-

adulthood HRB cluster membership. The path labelled ‘c*’ represents the direct relationship 

between pre-adolescent SEP and mid-adulthood HRB cluster membership. The path labelled 

‘a’ represents the relationship between pre-adolescent SEP and mid-adulthood SEP and the 

path labelled ‘b’ represents the relationship between mid-adulthood SEP and mid-adulthood 

HRB cluster membership. Together, paths ‘a’ and ‘b’ represent the indirect relationship 

between pre-adolescent SEP and mid-adulthood HRB cluster membership (i.e. ‘a’ x ‘b’). The 

total effect of pre-adolescent SEP on mid-adulthood HRB cluster membership is represented 

by ‘c’ which is equal to the sum of the direct and indirect effect (i.e. c = c* + ab) (Hayes, 2013). 

This analysis was operationalised using conventional mediation (Howe et al., 2016), i.e. 

simultaneously regressing HRB cluster membership onto pre-adolescent SEP with and without 

mid-adulthood SEP. These models were estimated using the ‘Model Indirect’ command in 

Mplus Version 7 (Muthén, 2012). A WLSMV estimator was used which is recommended when 

modelling categorical outcomes (Wang and Wang, 2012).  

When modelling a binary outcome, probit logistic regressions are estimated in order to 

identify the relationship between the dependent, independent and mediator variables 

(Muthén, 2012). The goodness of fit statistics, previously used in the CFA models (i.e. CFI, 

RMSEA), were used again to determine the fit of the path models. As recommended by others 

(Hayes, 2013), bias-corrected bootstrapped confidence intervals, based on 10,000 iterations, 

were estimated in order to account for asymmetric confidence intervals of the indirect effect. 

Currently the ‘Model Indirect’ command cannot be applied to nominal outcomes, therefore 

two binary HRB variables were created to analyse HRB cluster membership in Mplus Version 7 

(Muthén, 2014). The ‘Mainstream’ cluster was included as the reference category for both 

variables given that it represents the most prevalent HRB pattern. The first binary variable 

compared membership of the ‘Risky’ cluster (coded as 1) with ‘Mainstream’ cluster 
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membership (coded as 0), the second compared membership of the ‘Moderate Smokers’ 

cluster (coded as 1) with ‘Mainstream’ cluster membership (coded as 0). 
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Figure 7.1 The measurement model part of path models demonstrating the relationship 
between material, occupational and cultural dimension indicator variables and the SEP 
construct in pre-adolescence and mid-adulthood in the NCDS and BCS70 

 

 
 
 
 
 
 
 
 
 
 
 

Figure 7.2 The structural part of path models estimating the effect of pre-adolescent SEP on 
mid-adulthood HRB cluster membership in the NCDS and BCS70 

  

 

 

Note: Models run separately according to gender and cohort (NCDS men N=5,586; NCDS women N=5,787; BCS70 
men N=4,613; BCS70 women N=5,033). 
SEP = socio-economic position. 
* = In pre-adolescence: unemployment benefit, income support and family income supplement. In mid-adulthood: 
income support, unemployment benefit and housing benefit. 
† = Household income in pre-adolescence only available in BCS70. 
≠ = In the NCDS employment benefits are: offered a pension scheme, has chance to buy company shares, access to 
a company car, given private medical insurance. In the BCS70 employment benefits are: offered a pension scheme, 
part of pension scheme. 
Pre-adolescence = age 11 in the NCDS, age 10 in the BCS70. 
Mid-adulthood = age 33 in the NCDS, age 34 in the BCS70. 
Ovals represent the SEP construct (latent variable). Rectangles represent the dimension indicators (observed 
variables). 

Note: Models run separately according to gender and cohort (NCDS men N=5,586; NCDS women N=5,787; 
BCS70 men N=4,613; BCS70 women N=5,033). 
SEP = socio-economic position. 
Pre-adolescence = age 11 in the NCDS, age 10 in the BCS70. 
Mid-adulthood = age 33 in the NCDS, age 34 in the BCS70. 
Oval represents latent variable estimated in measurement model part of path models. Rectangle represents 
observed variable (based on estimates from a previous measurement model). 
Path a x b = indirect path between pre-adolescent SEP and mid-adulthood HRB cluster membership. 
Path c* = direct path between pre-adolescent SEP and HRB cluster membership. 
Total effect of pre-adolescent SEP on HRB cluster membership denoted as ‘c’ (=c*+ab). 
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 Sensitivity analysis using multinomial logistic regression models 

Sensitivity analysis was conducted by running multinomial logistic regression models. The 

rationale for these models was two-fold. Firstly, these models enabled the dependent variable 

to be modelled as a nominal rather than binary variable. Secondly, the multinomial regression 

models enabled an investigation of the effect of assigning participants to their most likely HRB 

cluster, known as ‘modal assignment’ (Heron et al., 2015).  

7.2.3.7.1 HRB cluster membership as a nominal outcome 

The multinomial regression models, allowed all three HRB clusters to be included in the 

analysis. Whilst these models are not directly comparable with the path models, given that 

mid-adulthood SEP was not formally modelled as a mediator in the multinomial regressions, 

they do elucidate direct effects of pre-adolescent SEP on HRB cluster membership, after 

accounting for mid-adulthood SEP. Thus, the extent to which estimates in the path analysis 

were impacted by the specification of the dependent variable as two binary rather than one 

nominal variable could be ascertained by comparing the direct effects identified in the 

multinomial regression models with the direct effects identified in the path analysis. Similar 

results would imply that differential treatment of the dependent variable does not alter the 

overall conclusions made on the basis of the path models. 

In order to analyse the HRB cluster membership as a nominal rather than binary dependent 

variable, the ‘Risky’ cluster was coded 1, the ‘Moderate Smokers’ cluster was coded 2 and the 

‘Mainstream’ cluster was coded 3. The latter cluster was the reference category as it 

represented the most prevalent HRB cluster patterns in the data.  

7.2.3.7.2 Modal assignment and classification error 

As mentioned above (section 7.2.2.1), the dependent variable was treated as observed in the 

path models therefore participants were assigned to their most likely HRB cluster, known as 

‘modal assignment’ (Heron et al., 2015). Whilst this approach aids model convergence and 

prevents previously defined latent variables being influenced by covariates in the model, it 

does not consider classification error and can lead to an underestimation of standard errors in 

regression models (Heron et al., 2015).  

As recommended (Clark and Muthén, 2009), the precautionary step of imposing a higher 

threshold to determine if associations between the dependent variable and other variables 

were statistically significant was employed for the path models. The alpha threshold was 

increased from p<0.05 to p<0.01. 
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Classification error was assumed to be low in HRB cluster assignment due to the entropy of the 

original measurement model used to derive the latent HRB variable (see section 6.3.2.1) being 

above the 0.8 cut-off point suggested as indicating low classification error (Clark and Muthén, 

2009). However, recently scholars have suggested that using entropy as a global measure of 

classification error in the model is not sufficient to justify most likely cluster membership 

assignment and that the classification probabilities for each cluster should also be taken into 

considered (Heron et al., 2015).  

Therefore, comparisons of estimates from multinomial regression models with and without 

classification error in the dependent variable indicated the extent to which the absence of this 

classification error in the path models may influence the results. These models regressed a 

latent dependent variable, representing HRB cluster membership, onto observed independent 

and mediator variables, representing pre-adolescent and mid-adulthood SEP constructs. One 

of the models incorporated the classification error associated with the assignment of 

participants to their most likely HRB cluster (i.e. using starting values from the original 3-

cluster measurement models) whereas the other model did not incorporate this classification 

error. 

This sensitivity analysis was operationalised using a SEM framework (Hoyle, 2012) by 

embedding a LPA measurement model to derive the HRB clusters into a structural model 

testing the relationship between the latent HRB cluster variable and the pre-adolescent and 

mid-adulthood uni-dimensional SEP constructs. The SEMs were estimated using the ‘mixture’ 

type command and the MLR estimator in Mplus Version 7 (Muthén, 2014). This approach 

allowed for the derivation of the latent HRB cluster variable but could not be used to derive 

the latent SEP constructs, which were estimated using the WLSMV estimator (see section 

7.2.3.2). Consequently, the SEMs incorporated factor scores, which are observed rather than 

latent variables, representing the SEP constructs in pre-adolescence and mid-adulthood. Factor 

scores for the SEP constructs were saved using the regression method (DiStefano et al., 2009). 

This method of factor score estimation provides a high correlation between the observed 

estimated factor score and the latent construct (DiStefano et al., 2009). 

 Sensitivity analysis for handling missing data 

It was deemed possible that the attrition of participants in these cohort studies between pre-

adolescence and mid-adulthood could lead to bias in estimating SEP differentials in 

behavioural outcomes (Howe et al., 2013b). In consequence, attempts were made to manage 

missing data in these cohorts. Missing data patterns on SEP indicators in pre-adolescence and 
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mid-adulthood were assessed descriptively and are presented in Appendix 7.7 and Appendix 

7.8. 

Missing data were handled in the EFA, CFA and SEM using the WLSMV estimator function in 

Mplus Version 7 (Muthén, 2014). In the absence of covariates in the model, this technique 

considers all available data for each pair of variables (pairwise deletion) and assumes 

missingness can be explained by other SEP indicators in the model. This pairwise approach is 

less restrictive than a missing completely at random assumption but can lead to a loss of 

information and is slightly more restrictive than FIML (only available with an MLR estimator) 

which uses all available information under a missing at random assumption (Wang and Wang, 

2012). 

The inclusion of auxiliary variables that can predict missingness is recommended (Graham, 

2003). Therefore, to validate the assumptions made using the pairwise approach (i.e. that 

missing values can be adequately explained by pairs of variables in the model) a sensitivity 

analysis was conducted whereby the variance of variables shown to predict missing data in 

pre-adolescence and mid-adulthood in the NCDS (Atherton et al., 2008; Hawkes and Plewis, 

2006) and the BCS70 (Mostafa and Wiggins, 2014) was incorporated into the path model and 

free to correlate with the SEP constructs in pre-adolescence and mid-adulthood in the path.13 

Subsequent changes to the model estimates and fit statistics were assessed. Appendix 7.9 

provides a list of the covariates included in the path models for both men and women in each 

cohort. 

7.3 Results 

7.3.1 Descriptive and bivariate analyses 

Table 7.1 and Table 7.2, present the descriptive statistics of the analytical sample in each 

cohort study. There were both similarities and differences in the distribution of pre-

adolescence and mid-adulthood SEP across the two cohorts.  

In pre-adolescence, participants in the BCS70 appeared to be less materially disadvantaged 

compared to those in the NCDS. For example, the prevalence of overcrowding (<1 person per 

room NCDS=32.1%, BCS70=42.1%) and living in council housing (NCDS=34.3%, BCS70=24.6%) 

was statistically lower in the later-born cohort (p<0.001). In terms of the cultural dimension, a 

higher proportion of mothers and fathers stayed at school past minimum leaving age in the 

                                                           
13 The Mplus ‘AUXILIARY (m)’ command could not be used because the outcome was not continuous. 
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BCS70 compared to the NCDS (NCDS mothers=23.1%, BCS70 mothers=25.9%, p<0.001; NCDS 

fathers=19.7%, BCS70 fathers=24.1%, p<0.001).  

For mid-adulthood material dimension indicators, overall BCS70 participants tended to be 

more advantaged than NCDS participants. For example, mean income was higher for mid-age 

participants in the BCS70 than in the NCDS (NCDS mean=195.0 (sd 1090.7), BCS70 mean=335.4 

(sd 784), p<0.001), after accounting for inflation.14 In terms of occupation dimension 

indicators, the NCDS had a higher proportion of working-class participants compared to the 

BCS70 (NCDS=39.3%, BCS70=29.3%, p<0.001). Moreover, there was greater access to 

employer pension schemes in the BCS70 compared to the NCDS (NCDS=42.2%, BCS70=58.1%, 

p<0.001), particularly amongst women (NCDS=33.0%, BCS70=54.2%, p<0.001). For the cultural 

dimension, the distribution of qualifications in each cohort indicated increased homogeneity in 

the BCS70 and the age left full-time education was higher in the BCS70 compared to the NCDS 

(NCDS mean=17.2 (sd 2.1), BCS70 mean=18.7 (sd 3.9), p<0.001). 

                                                           
14 NCDS mean income in 1991 was £195, BCS70 mean income in 2004 was £335. After accounting for 
inflation, £195 in 1991 was equivalent to £249 in 2004 (calculated via 
http://www.whatsthecost.com/cpi.aspx). 

http://www.whatsthecost.com/cpi.aspx
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Table 7.1 Descriptive statistics for pre-adolescent SEP indicator variables 

Pre-adolescent SEP indicator variables Total NCDS         
N=11,373 (100%) 

Men NCDS           
n=5,586 (100%) 

Women NCDS 
n=5,787 (100%) 

Total BCS70 
n=9,464 (100%) 

Men BCS70            
n=4,613 (100%) 

Women BCS70 
n=5,033 (100%) 

Housing tenure 
Owner occupied/private rent/tied to occupation/other  
Council rented 
Missing 

 
5,746 (50.5%) 
3,903 (34.3%) 
1,724 (15.2%) 

 
2,849 (51.0%) 
1,893 (33.9%) 
844 (15.1%) 

 
2,897 (50.1%) 
2,010 (34.7%) 
880 (15.2%) 

 
6,030 (62.5%) 
2,368 (24.6%) 
1,248 (12.9%) 

 
2,890 (62.7%) 
1,111 (24.1%) 
612 (13.3%) 

 
3,140 (62.4%) 
1,257 (25.0%) 
636 (12.6%) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 to 2 people per room 
>2 people per room 
Missing 

 
3,649 (32.1%) 
2,423 (21.3%) 
2,553 (22.5%) 
826 (7.3%) 
197 (1.7%) 
1,726 (15.2%) 

 
1,820 (32.6%) 
1,195 (21.4%) 
1,222 (21.9%) 
400 (7.2%) 
102 (1.8%) 
847 (15.2%) 

 
1,829 (31.6%) 
1,228 (21.2%) 
1,331 (23.0%) 
426 (7.4%) 
95 (1.6%) 
878 (15.2%) 

 
3,870 (40.1%) 
2,288 (23.7%) 
1,785 (18.5%) 
314 (3.3%) 
109 (1.1%) 
1,280 (13.5%) 

 
1,810 (39.2%) 
1,093 (23.7%) 
874 (19.0%) 
156 (3.4%) 
46 (1.0%) 
634 (13.7%) 

 
2,060 (40.9%) 
1,195 (23.7%) 
911 (18.1%) 
158 (13.1%) 

63 (1.3%) 
646 (12.8%) 

Free school meals 
No 
Yes 
Missing 

 
8,658 (76.1%) 
876 (7.7%) 
1,839 (16.2%) 

 
4,275 (76.5%) 
410 (7.3%) 
901 (16.1%) 

 
4,383 (75.7%) 
466 (8.1%) 
938 (16.2%) 

 
7,373 (76.4%) 
1,042 (10.8%) 
1,231 (12.8%) 

 
3,551 (77.0%) 
458 (9.9%) 
604 (13.1%) 

 
3,822 (75.9%) 
584 (11.6%) 
627 (12.5%) 

Benefits received 
No benefits 
=>1 benefits 
Missing 

 
7,245 (63.7%) 
725 (6.4%) 
3,403 (29.9%) 

 
3,539 (63.4%) 
348 (6.2%) 
1,699 (30.4%) 

 
3,706 (64.0%) 
377 (6.5%) 
1,704 (29.4%) 

 
6,053 (62.8%) 
818 (8.5%) 
2,775 (28.8%) 

 
2,914 (63.2%) 
353 (7.7%) 
1,346 (29.2%) 

 
3,139 (62.4%) 
465 (9.2%) 
1,429 (28.4%) 

Weekly gross household income (BCS70 only)   
<£35 per week 
£35 – £49 per week 
£50 – £99 per week 
£100 – £149 per week   
£150 – £199 per week 
£200 – £249 per week 
>£249 per week 
Missing 

 
N/A 

 
N/A 

 
N/A 

 
120 (1.2%) 
307 (3.2%) 
2,200 (22.8%) 
2,753 (28.5%) 
1,344 (13.9%) 
539 (5.6%) 
497 (5.2%) 
1,886 (19.6%) 

 
59 (1.3%) 
137 (3.0%) 
1,025 (22.2%) 
1,322 (28.7%) 
659 (14.3%) 
250 (5.4%) 
246 (5.3%) 
915 (19.8%) 

 
61 (1.2%) 
170 (3.4%) 
1,175 (23.4%) 
1,431 (28.4%) 
685 (13.6%) 
289 (5.7%) 
251 (5.0%) 
971 (19.3%) 

Mothers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 
Missing 

 
2,622 (23.1%) 
7,486 (65.8%) 
1,265 (11.1%) 

 
1,288 (24.8%) 
3,683 (71.0%) 
615 (11.0%) 

 
1,334 (23.1%) 
3,803 (65.7%) 
650 (11.2%) 

 
2,494 (25.9%) 
5,055 (52.4%) 
2,097 (21.7%) 

 
1,177 (25.5%) 
2,419 (52.4%) 
1,017 (22.1%) 

 
1,317 (26.2%) 
2,636 (52.4%) 
1,080 (21.5%) 

Fathers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 
Missing 

 
2,237 (19.7%) 
6,913 (60.8%) 
2,223 (19.5%) 

 
1,085 (19.4%) 
3,412 (61.1%) 
1,089 (19.5%) 

 
1,152 (19.9%) 
3,501 (60.5%) 
1,134 (19.5%) 

 
2,325 (24.1%) 
4,899 (50.8%) 
2,422 (25.1%) 

 
1,103 (23.9%) 
2,358 (51.1%) 
1,152 (25.0%) 

 
1,222 (24.3%) 
2,541 (50.5%) 
1,270 (25.2%) 

Parental interest in education 
Over concerned (NCDS only) 
Very interested 
Some interest (NCDS) / Moderately interested (BCS70) 
Little (NCDS) / Very little interest (BCS70) 
Uninterested (BCS70) 
Missing 

 
209 (1.8%) 
3,282 (28.9%) 
3,631 (31.9%) 
1,708 (15.0%) 
N/A 
2,543 (22.4%) 

 
107 (1.9%) 
1,558 (27.9%) 
1,806 (32.3%) 
890 (15.9%) 
N/A 
1,225 (21.9%) 

 
102 (1.8%) 
1,724 (29.8%) 
1,825 (31.5%) 
818 (14.1%) 
N/A 
1,318 (22.8%) 

 
N/A 
3,710 (38.5%) 
2,589 (26.8%) 
387 (4.0%) 
220 (2.3%) 
2,740 (28.4%) 

 
N/A 
1,736 (37.6%) 
1,248 (27.1%) 
198 (4.3%) 
117 (2.5%) 
1,314 (28.5%) 

 
N/A 
1,974 (39.2%) 
1,341 (26.6%) 
189 (3.8%) 
103 (2.1%) 
1,426 (28.3%) 
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Table 7.2 Descriptive statistics for mid-adulthood SEP indicator variables 

Mid-adulthood SEP indicator variables Total NCDS         
N=11,373 (100%) 

Men NCDS           
n=5,586 (100%) 

Women NCDS 
n=5,787 (100%) 

Total BCS70 
n=9,464 (100%) 

Men BCS70            
n=4,613 (100%) 

Women BCS70 
n=5,033 (100%) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 
Missing 

 
8,849 (77.8%) 
1,588 (14.0%) 
936 (8.2%) 

 
4,325 (77.4%) 
669 (12.0%) 
592 (10.6%) 

 
4,524 (78.2%) 
919 (15.9%) 
344 (5.9%) 

 
8,551 (88.7%) 
1,049 (10.9%) 
46 (0.5%) 

 
4,194 (90.9%) 
397 (8.6%) 
22 (0.5%) 

 
4,357 (86.6%) 
652 (13.0%) 
24 (0.5%) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 people per room 
Missing 

 
7,486 (65.8%) 
2,366 (20.8%) 
1,142 (10.0%) 
149 (1.31%) 
230 (2.0%) 

 
3,714 (66.5%) 
1,153 (20.6%) 
512 (9.2%) 
69 (1.2%) 
138 (2.5%) 

 
3,772 (65.2%) 
1,213 (21.0%) 
630 (10.9%) 
80 (1.4%) 
92 (1.6%) 

 
7,279 (75.5%) 
1,579 (16.4%) 
634 (6.6%) 
92 (1.0%) 
62 (0.6%) 

 
3,534 (76.6%) 
730 (15.8%) 
282 (6.11%) 
33 (0.8%) 
34 (0.7%) 

 
3,745 (74.4%) 
849 (16.9%) 
352 (7.0%) 
59 (1.2%) 
28 (0.6%) 

Car ownership 
Yes 
No 
Missing 

 
9,658 (84.9%) 
1,604 (14.1%) 
111 (1.0%) 

 
4,759 (85.2%) 
779 (14.0%) 
48 (0.9%) 

 
4,899 (84.7%) 
825 (14.3%) 
63 (1.09%) 

 
6,934 (71.9%) 
2,040 (21.2%) 
672 (7.0%) 

 
3,353 (72.7%) 
864 (18.7%) 
396 (8.6%) 

 
3,581 (71.2%) 
1,176 (23.4%) 
276 (5.5%) 

Benefits received 
No benefits 
=>1 benefits 
Missing 

 
 
10,160 (89.3%) 
1,165 (10.2%) 
48 (0.4%) 

 
 
5,096 (91.2%) 
467 (8.4%) 
23 (0.4%) 

 
 
5,064 (87.5%) 
698 (12.1%) 
25 (0.4%) 

 
 
8,929 (92.6%) 
703 (7.3%) 
14 (0.2%) 

 
 
4,353 (94.4%) 
253 (5.5%) 
7 (0.2%) 

 
 
4,576 (90.9%) 
450 (8.9%) 
7 (0.1%) 

NS-SECa 
Higher managerial, administrative and professional  
Intermediate  
Routine and manual 
Missing 

 
3,558 (31.3%) 
2,677 (23.5%) 
4,473 (39.3%) 
665 (5.9%) 

 
1,998 (35.8%) 
1,043 (18.7%) 
2,328 (41.7%) 
217 (3.9%) 

 
1,560 (27.0%) 
1,634 (28.2%) 
2,145 (37.1%) 
448 (7.7%) 

 
4,136 (42.9%) 
1,949 (20.2%) 
2,823 (29.3%) 
738 (7.7%) 

 
2,132 (46.2%) 
830 (18.0%) 
1,515 (32.8%) 
136 (3.0%) 

 
2,004 (39.8%) 
1,119 (22.2%) 
1,308 (26.0%) 
602 (12.0%) 

Access to employer pension scheme  
Yes 
No 
Missing 

 
4,797 (42.2%) 
2,605 (22.9%) 
3,971 (34.9%) 

 
2,887 (51.7%) 
997 (17.9%) 
1,702 (30.5%) 

 
1,910 (33.0%) 
1,608 (27.8%) 
2,269 (39.2%) 

 
5,604 (58.1%) 
1,377 (14.3%) 
2,665 (27.6%) 

 
2,874 (62.3%) 
715 (15.5%) 
1,024 (22.2%) 

 
2,730 (54.2%) 
662 (13.2%) 
1,641 (32.6%) 

Has joined employer pension scheme (BCS70 only) 
Yes 
No 
Missing 

 
N/A 

 
N/A 

 
N/A 

 
5,461 (56.6%) 
1,554 (16.1%) 
2,631 (27.3%) 

 
2,920 (63.3%) 
680 (14.7%) 
1,013 (22.0%) 

 
2,541 (50.5%) 
874 (17.4%) 
1,618 (32.2%) 

Chance to buy shares (NCDS only) 
Yes 
No 
Missing 

 
1,841 (16.2%) 
5,561 (48.9%) 
3,971 (34.9%) 

 
1,184 (21.2%) 
2,700 (48.3%) 
1,702 (30.5%) 

 
657 (11.4%) 
2,861 (49.4%) 
2,269 (39.2%) 

 
N/A 

 
N/A 

 
N/A 

Note: a Using social occupational classification 1990 in the NCDS and social occupational classification 2000 in the BCS70. 
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Table 7.2 Descriptive statistics for mid-adulthood SEP indicator variables 

Mid-adulthood SEP indicator variables Total NCDS         
N=11,373 (100%) 

Men NCDS           
n=5,586 (100%) 

Women NCDS 
n=5,787 (100%) 

Total BCS70 
n=9,464 (100%) 

Men BCS70            
n=4,613 (100%) 

Women BCS70 
n=5,033 (100%) 

Access to company car (NCDS only) 
Yes 
No 
Missing 

 
1,295 (11.4%) 
6,107 (53.7%) 
3,971 (34.9%) 

 
1,058 (18.9%) 
2,826 (50.6%) 
1,702 (30.5%) 

 
237 (4.1%) 
3,281 (56.7%) 
2,269 (39.2%) 

 
N/A 

 
N/A 

 
N/A 

Private medical insurance (NCDS only) 
Yes 
No 
Missing 

 
1,366 (12.0%) 
6,036 (53.1%) 
3,971 (34.9%) 

 
964 (17.3%) 
2,920 (52.3%) 
1,702 (30.5%) 

 
402 (7.0%) 
3,116 (53.8%) 
2,269 (39.2%) 

 
N/A 

 
N/A 

 
N/A 

Highest held qualification 
No qualifications 
CSE 2–5/NVQ1 
O Level/ NVQ2 
A Level/NVQ3 
Diploma or higher qualification below degree/NVQ4  
Degree or higher/NVQ5 or 6 
Missing 

 
1,402 (12.3%) 
1,386 (12.2%) 
3,803 (33.4%) 
1,567 (13.8%) 
1,577 (13.9%) 
1,401 (12.3%) 
237 (2.1%) 

 
619 (11.1%) 
607 (10.9%) 
1,669 (29.9%) 
1,000 (17.9%) 
785 (14.1%) 
770 (13.8%) 
136 (2.4%) 

 
783 (13.5%) 
779 (13.5%) 
2,134 (36.9%) 
567 (9.8%) 
792 (13.7%) 
631 (10.9%) 
101 (1.8%) 

 
899 (9.3%) 
1,457 (15.1%) 
3,173 (32.9%) 
884 (9.2%) 
2,605 (27.0%) 
606 (6.3%) 
22 (0.2%) 

 
486 (10.5%) 
703 (15.2%) 
1,539 (33.4%) 
417 (9.0%) 
1,167 (25.3%) 
291 (6.3%) 
10 (0.2%) 

 
413 (8.2%) 
754 (15.0%) 
1,634 (32.5%) 
467 (9.3%) 
1,438 (28.6%) 
315 (6.3%) 
12 (0.2%) 

 Mean(sd) Mean(sd) Mean(sd) Mean(sd) Mean(sd) Mean(sd) 

Age left full-time education (range 14 to 33/34) 
Missing 

17.2 (2.1) 
454 (4.0%) 

17.2 (2.3) 
259 (4.6%) 

17.2 (2.1) 
195 (3.4%) 

18.7 (3.9) 
22 (0.2%) 

18.6 (3.9) 
12 (0.3%) 

18.7 (3.9) 
10 (0.2%) 

Highest household Cambridge scale 
a
 

(range 10 to 99) 
Missing 

55.3 (14.8) 
647 (5.7%) 

54.0 (14.6) 
205 (3.7%) 

56.7 (14.9) 
442 (7.6%) 

58.5 (13.9) 
749 (7.8%) 

57.1 (13.9) 
142 (3.08%) 

59.9 (13.7) 
607 (12.1%) 

Weekly net household income adjusted for household size  
(range £0 to £90,000) 
Missing 

195.0 (1090.7) 
1,683 (14.8%) 

209.8 (1516.0) 
937 (16.8%) 

181.7 (419.1) 
746 (12.9%) 

335.4 (784.0) 
1,493 (15.5%) 

353.0 (946.2) 
736 (16.0%) 

319.4 (600.0) 
757 (15.0%) 

Note: a Using social occupational classification 1990 in the NCDS and social occupational classification 2000 in the BCS70. 
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Table 7.3 to Table 7.6 present the results of the bivariate analysis using multinomial regression 

models with the ‘Mainstream’ cluster as the baseline category. The results show the crude 

association between each indicator variable and the nominal HRB cluster dependent variable. 

These models were run to ascertain the statistical significance and direction of the relationship 

between each SEP indicator and HRB cluster membership.  

In both cohorts, nearly all of the associations were statistically significant (p<0.001). However, 

for NCDS women two of the three employee benefits (having a company car and the 

opportunity to buy shares) were not significantly associated with HRB cluster membership 

(p>0.05). 
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Table 7.3 Bivariate analyses of pre-adolescent SEP indicator variables and HRB cluster membership in the NCDS 

Pre-adolescent SEP indicator variables NCDS Men sample N=5,586, RRR (CI) NCDS Women sample N=5,787, RRR (CI) 

Mainstream 
(n=3,818) 

Risky (n=82) Moderate Smokers 
(n=1,686) 

Mainstream 
(n=3,980) 

Risky (n=515) Moderate Smokers 
(n=1,292) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 

Ref  
1.00 
2.16 (1.32, 3.55) 

 
1.00 
1.27 (1.12, 1.44) 

Ref  
1.00 
2.78 (2.27, 3.41) 

 
1.00 
1.63 (1.42, 1.87) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 to 2 people per room 
>2 people per room 

Ref  
1.00 
1.37 (1.11, 1.70) 

 
1.00 
1.19 (1.12, 1.26) 

Ref  
1.00 
1.64 (1.50, 1.80) 

 
1.00 
1.27 (1.20, 1.36) 

Free school meals 
No 
Yes 

Ref  
1.00 
3.36 (1.80, 6.25) 

 
1.00 
2.00 (1.62, 2.46) 

Ref  
1.00 
3.55 (2.71, 4.64) 

 
1.00 
2.18 (1.75, 2.71) 

Benefits received  
No benefits 
=>1 benefits 

Ref  
1.00 
2.86 (1.46, 5.60) 

 
1.00 
1.63 (1.29, 2.05) 

Ref  
1.00 
3.32 (2.47, 4.47) 

 
1.00 
1.79 (1.40, 2.29) 

Mothers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 

Ref  
1.00 
0.99 (0.59, 1.64) 

 
1.00 
1.38 (1.20, 1.60) 

Ref  
1.00                                 
2.49 (1.89, 3.28) 

 
1.00                                    
1.32 (1.13, 1.55) 

Fathers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 

Ref  
1.00 
1.39 (0.73, 2.63) 

 
1.00 
1.34 (1.15, 1.57) 

Ref  
1.00                          
3.42 (2.48, 4.74) 

 
1.00                          
1.55 (1.31, 1.84) 

Parental interest in education 
Over concerned/Very interested 
Some interest  
Little interest  

Ref  
1.00 
1.88 (1.35, 2.60) 

 
1.00 
1.42 (1.31, 1.55) 

Ref 
 

 
1.00 
2.52 (2.18, 2.92) 

 
1.00 
1.49 (1.35, 1.64) 
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Table 7.4 Bivariate analyses of mid-adulthood SEP indicator variables and HRB cluster membership in the NCDS 

Mid-adulthood SEP indicator variables NCDS Men sample N=5,586, RRR (CI) NCDS Women sample N=5,787, RRR (CI) 

Mainstream 
(n=3,818) 

Risky  (n=82) Moderate Smokers 
(n=1,686) 

Mainstream 
(n=3,980) 

Risky (n=515) Moderate Smokers 
(n=1,292) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 

Ref  
1.00 
11.12 (6.55, 18.87) 

 
1.00 
3.50 (2.95, 4.15) 

Ref  
1.00 
7.98 (6.48, 9.82) 

 
1.00 
2.98 (2.52, 3.52) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 people per room 

Ref  
1.00 
1.70 (1.31, 2.22) 

 
1.00 
1.41 (1.30, 1.52) 

Ref  
1.00 
1.66 (1.49, 1.85) 

 
1.00 
1.21 (1.11, 1.31) 

Car ownership 
Yes 
No 

Ref  
1.00 
3.8 (2.36, 6.10) 

 
1.00 
1.66 (1.42, 1.94) 

Ref  
1.00 
3.78 (3.05, 4.68) 

 
1.00 
2.09 (1.76, 2.48) 

Benefits received  
No benefits 
=>1 benefits 

Ref  
1.00 
3.95 (2.22, 7.04) 

 
1.00 
2.97 (2.44, 3.61) 

Ref  
1.00 
4.55 (3.65, 5.69) 

 
1.00 
2.37 (1.98, 2.85) 

NS-SEC 
Higher managerial, administrative and professional  
Intermediate  
Routine and manual 

Ref  
1.00                                 
2.46 (1.80, 3.34) 

 
1.00                                
1.70 (1.59, 1.82) 

Ref  
1.00                              
2.21 (1.92, 2.53) 

 
1.00                              
1.39 (1.28, 1.51) 

Access to employer pension scheme  
Yes 
No 

Ref  
1.00 
0.38 (0.21, 0.68) 

 
1.00 
0.54 (0.46, 0.63) 

Ref  
1.00 
0.40 (0.31, 0.52) 

 
1.00 
0.65 (0.55, 0.76) 

Chance to buy shares  
Yes 
No 

Ref  
1.00 
1.12 (0.61, 2.05) 

 
1.00 
0.82 (0.70, 0.96) 

Ref 
 

 
1.00 
0.83 (0.59, 1.16) 

 
1.00 
0.88 (0.71, 1.09) 

Access to company car  
Yes 
No 

Ref  
1.00 
0.50 (0.23, 1.07) 

 
1.00 
0.71 (0.60, 0.84) 

Ref  
1.00 
1.01 (0.61, 1.68) 

 
1.00 
1.15 (0.84, 1.58) 

Private medical insurance  
Yes 
No 

Ref  
1.00 
0.40 (0.17, 0.95) 

 
1.00 
0.71 (0.60, 0.84) 

Ref  
1.00 
0.69 (0.45, 1.07) 

 
1.00 
0.74 (0.57, 0.97) 

Highest held qualification 
No qualifications 
CSE 2–5/NVQ1 
O Level/ NVQ2 
A Level/NVQ3 
Diploma or higher qualification below degree/NVQ4  
Degree or higher/NVQ5 or 6 

Ref  
1.00 
0.52 (0.44, 0.62) 

 
1.00 
0.70 (0.67, 0.73) 

Ref  
1.00 
0.49 (0.45, 0.53) 

 
1.00 
0.74 (0.71, 0.77) 

Age left full-time education  Ref 0.68 (0.53, 0.86) 0.85 (0.82, 0.88) Ref 0.48 (0.42, 0.55) 0.83 (0.79, 0.86) 

Highest household Cambridge scale  Ref 0.94 (0.92, 0.95) 0.97 (0.96, 0.97) Ref 0.94 (0.93, 0.95) 0.97 (0.96, 0.97) 

Household income (log transformed) Ref 0.56 (0.41, 0.76) 0.71 (0.65, 0.78) Ref 0.57 (0.51, 0.63) 0.75 (0.69, 0.81) 
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Table 7.5 Bivariate analyses of mid-adulthood SEP indicator variables and HRB cluster membership in the BCS70 

Pre-adolescent SEP indicator variables BCS70 Men sample N=4,613, RRR (CI) BCS70 Women sample N=5,033, RRR (CI) 

Mainstream 
(n=3,410) 

Risky  (n=79) Moderate 
Smokers 
(n=1,124) 

Mainstream 
(n=3,866) 

Risky (n=183) Moderate Smokers 
(n=984) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 

Ref  
1.00 
2.52 (1.57, 4.06) 

 
1.00 
1.76 (1.51, 2.06) 

Ref  
1.00 
4.39 (3.14, 6.14) 

 
1.00 
2.26 (1.93, 2.65) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 to 2 people per room 
>2 people per room 

Ref  
1.00 
1.72 (1.39, 2.13) 

 
1.00 
1.18 (1.09, 1.27) 

Ref  
1.00 
1.44 (1.24, 1.68) 

 
1.00 
1.21 (1.12, 1.30) 

Free school meals 
No 
Yes 

Ref  
1.00 
3.93 (2.33, 6.65) 

 
1.00 
1.62 (1.31, 2.00) 

Ref  
1.00 
3.11 (2.13, 4.53) 

 
1.00 
1.88 (1.54, 2.30) 

Benefits received  
No benefits 
=>1 benefits 

Ref  
1.00 
2.80 (1.49, 5.27) 

 
1.00 
1.62 (1.27, 2.06) 

Ref  
1.00 
3.18 (2.13, 4.75) 

 
1.00 
1.51 (1.20, 1.90) 

Weekly gross household income (BCS70 only)   
<£35 per week 
£35 – £49 per week 
£50 – £99 per week 
£100 – £149 per week   
£150 – £199 per week 
£200 – £249 per week 
>£249 per week 

Ref  
1.00 
0.64 (0.51, 0.79) 

 
1.00 
0.90 (0.85, 0.96) 

Ref  
1.00 
0.67 (0.58, 0.78) 

 
1.00  
0.85 (0.80, 0.91) 

Mothers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 

Ref  
1.00 
2.79 (1.41, 5.51) 

 
1.00 
1.43 (1.21, 1.69) 

Ref  
1.00 
3.21 (1.99, 5.19) 

 
1.00 
1.73 (1.44, 2.07) 

Fathers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 

Ref  
1.00 
3.23 (1.52, 6.83) 

 
1.00 
1.32 (1.11, 1.57) 

Ref  
1.00 
3.10 (1.87, 5.15) 

 
1.00 
1.71 (1.41, 2.07) 

Parental interest in education 
Very/Moderately interested  
Very little interest 
Uninterested  

Ref  
1.00 
2.36 (1.78, 3.13)  

 
1.00 
1.48 (1.34, 1.64) 

Ref 
 

 
1.00 
2.09 (1.70, 2.56) 
 

 
1.00 
1.49 (1.34, 1.66) 
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Table 7.6 Bivariate analyses of mid-adulthood SEP indicator variables and HRB cluster membership in the BCS70 

Mid-adulthood SEP indicator variables BCS70 Men sample N=4,613, RRR (CI) BCS70 Women sample N=5,033, RRR (CI) 

Mainstream 
(n=3,410) 

Risky (n=79) Moderate Smokers 
(n=1,124) 

Mainstream 
(n=3,866) 

Risky (n=183) Moderate Smokers 
(n=984) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 

Ref  
1.00 
9.07 (5.54, 14.86) 

 
1.00 
3.95 (3.18, 4.90) 

Ref  
1.00 
8.55 (6.26, 11.74) 

 
1.00 
3.89 (3.24, 4.68) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 people per room 

Ref  
1.00 
2.57 (2.00, 3.29) 

 
1.00 
1.50 (1.35, 1.66) 

Ref  
1.00 
1.94 (1.63, 2.32) 

 
1.00 
1.59 (1.44, 1.75) 

Unemployment 
Employed/sick or disabled/homemaker/student/other 
Unemployed 

Ref  
1.00 
3.98 (1.67, 9.45) 

 
1.00 
1.97 (1.34, 2.89) 

Ref  
1.00 
2.65 (1.12, 6.27) 

 
1.00 
1.53 (0.90, 2.62) 

Car ownership 
Yes 
No 

Ref  
1.00 
2.09 (1.29, 3.40) 

 
1.00 
1.46 (1.24, 1.73) 

Ref  
1.00 
2.73 (2.00, 3.71) 

 
1.00 
2.02 (1.73, 2.37) 

Benefits received  
No benefits 
=>1 benefits 

Ref  
1.00 
4.67 (2.46, 8.84) 

 
1.00 
2.97 (2.29, 3.86) 

Ref  
1.00 
6.09 (4.29, 8.64) 

 
1.00 
3.20 (2.58, 3.95) 

NS-SEC 
Higher managerial, administrative and professional  
Intermediate  
Routine and manual 

Ref  
1.00                               
2.82 (2.08, 3.82) 

 
1.00                               
1.76 (1.62, 1.90) 

Ref  
1.00                                 
2.56 (2.04, 3.21) 

 
1.00 
1.65 (1.51, 1.81) 

Access to employer pension scheme  
Yes 
No 
Missing 

Ref  
1.00 
2.86 (1.68, 4.86) 

 
1.00 
1.58 (1.31, 1.90) 

Ref  
1.00 
2.78 (1.79, 4.29) 

 
1.00 
1.51 (1.23, 1.85) 

Has joined employer pension scheme (BCS70 only) 
Yes 
No 
Missing 

Ref  
1.00 
5.35 (3.19, 8.97) 

 
1.00 
2.49 (2.07, 2.99) 

Ref 
 

 
1.00 
3.64 (2.39, 5.55) 

 
1.00 
2.11 (1.75, 2.53) 

Highest held qualification 
No qualifications 
CSE 2–5/NVQ1 
O Level/ NVQ2 
A Level/NVQ3 
Diploma or higher qualification below degree/NVQ4  
Degree or higher/NVQ5 or 6 

Ref  
1.00 
0.50 (0.41, 0.60) 

 
1.00 
0.69 (0.66, 0.73) 
 

Ref  
1.00 
0.49 (0.43, 0.55) 

 
1.00 
0.69 (0.65, 0.73) 

Age left full-time education  Ref 0.76 (0.67, 0.86) 0.91 (0.89, 0.92) Ref 0.80 (0.74, 0.86) 0.92 (0.90, 0.94) 

Highest household Cambridge scale Ref 0.93 (0.91, 0.94) 0.96 (0.66, 0.73) Ref 0.93 (0.91, 0.94) 0.96 (0.95, 0.96) 

Household income (log transformed) Ref 0.55 (0.42, 0.73) 0.65 (0.59, 0.72) Ref 0.57 (0.47, 0.70) 0.70 (0.64, 0.77) 
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7.3.2 Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA) to derive uni-

dimensional constructs of SEP in pre-adolescence and mid-adulthood 

 

This section presents the results of the EFA and CFA models, used to derive two uni-

dimensional constructs of SEP (i.e. one in pre-adolescence and one in mid-adulthood).   

EFA model estimates suggested the indicators were adequate measures of each uni-

dimensional construct of SEP (see Appendix 7.10 and Appendix 7.11). This was evidenced by 

statistically significant factor loadings (p<0.05) the majority being moderate in strength (>0.32) 

and eigenvalues >1.  

For both cohorts, the majority of the indicator variables were deemed to make a moderate 

(factor loading >0.32) and significant (p<0.05) contribution to their respective uni-dimensional 

construct of SEP. Within each cohort, most indicators contributed at least moderately to the 

SEP construct (>0.32) although some indicators were found to be weaker (<0.32). However, all 

of the indicators were retained because they were statistically significant (p<0.05). 

Table 7.7 presents the standardised factor loadings for indicator variables in the NCDS CFA 

models and Figure 7.3 and Figure 7.4 are diagrams of the NCDS CFA models. In the NCDS, 

modification indices suggested six correlations between pairs of indicator variables (see note 2 

under Table 7.7), all of which were theoretically plausible and their addition improved the 

model fit substantially. The CFA model in the NCDS was found to be a good fit for men (CFI = 

0.939, RMSEA = 0.046 (95% CI = 0.044, 0.047), RMSEA close fit test p value = 1.000) and 

women (CFI = 0.946, RMSEA = 0.046 (95% CI = 0.045, 0.048), RMSEA close fit test p value = 

1.000). The Pearson r correlation between the pre-adolescent SEP and mid-adulthood SEP 

constructs was 0.73 (p<0.001) for men and 0.75 (p<0.001) for women. These correlations 

indicate that the constructs are distinct from one another given that they are below the 0.85 

threshold which is commonly used to reject discriminant validity (Kline, 2011). 
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Table 7.7 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood 
SEP indicator variables in the NCDS 

Pre-adolescent Indicator Variables NCDS Men NCDS Women 

Sample 2 

Estimate(S.E) 

Total Sample 

Estimate(S.E) 

Sample 2 

Estimate(S.E) 

Total Sample 

Estimate(S.E) 

Housing tenure 0.69 (0.02) 0.69 (0.02) 0.66 (0.02) 0.67 (0.02) 

Overcrowding 0.57 (0.02) 0.56 (0.02) 0.57 (0.02) 0.58 (0.02) 

Free school meals 0.62 (0.04) 0.64 (0.03) 0.58 (0.03) 0.57 (0.04) 

Benefits received 0.57 (0.04) 0.57 (0.03) 0.61 (0.03) 0.54 (0.04) 

Mothers education 0.67 (0.03) 0.64 (0.02) 0.69 (0.02) 0.65 (0.03) 

Fathers education 0.67 (0.03) 0.69 (0.02) 0.70 (0.02) 0.71 (0.02) 

Parental interest in education 0.70 (0.02) 0.70 (0.02) 0.69 (0.02) 0.69 (0.02) 

Mid-adulthood Indicator Variables  

Housing tenure 0.80 (0.02) 0.76 (0.02) 0.80 (0.02) 0.78 (0.01) 

Overcrowding 0.48 (0.04) 0.48 (0.03) 0.44 (0.03) 0.45 (0.02) 

Car ownership 0.28 (0.03) 0.30 (0.03) 0.43 (0.03) 0.45 (0.02) 

Benefits received 0.49 (0.03) 0.52 (0.03) 0.63 (0.03) 0.61 (0.01) 

Household income  -0.46 (0.02) -0.48 (0.01) -0.54 (0.01) -0.53 (0.01) 

NS-SEC 0.79 (0.01) 0.79 (0.01) 0.74 (0.01) 0.75 (0.01) 

Access to employer pension  scheme  -0.26 (0.03) -0.27 (0.03) -0.52 (0.03) -0.49 (0.02) 

Chance to buy shares  -0.19 (0.03) -0.19 (0.02) 0.02 (0.04)† -0.01 (0.03)† 

Access to company car  -0.43 (0.03) -0.41 (0.03) -0.25 (0.04) -0.28 (0.03) 

Private medical insurance  -0.45 (0.03) -0.43 (0.03) -0.21 (0.04) -0.23 (0.03) 

Highest held qualification -0.75 (0.01) -0.76 (0.01) -0.81 (0.01) -0.81 (0.01) 

Age left full-time education  -0.61 (0.01) -0.63 (0.01) -0.68 (0.01) -0.66 (0.01) 

Highest household Cambridge scale  -0.72 (0.01) -0.74 (0.01) -0.71 (0.01) -0.72 (0.01) 

Note 1: Sample 2=sample split CFA models ran in one half (EFA models ran in sample 1).                                                                                                                                        

Standardised factor loadings. All loadings statistically significant (p<0.001), except superscripts †=p>0.10.                                                              

Note 2: Six correlations between indicator measurement errors included in the model based on modification 

indices 1) NS-SEC and highest household Cambridge scale; 2) Access to a company car and employer 

offering private medical insurance; 3) household income and employer offering private medical insurance; 4) 

the chance to buy shares in company and employer offering a pension scheme; 5) being in receipt of benefits 

and car ownership; 6) number of  years in education and highest held qualification.           
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Figure 7.3 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood SEP indicator variables in the NCDS (men) 
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Figure 7.4 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood SEP indicator variables in the NCDS (women) 
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Table 7.8 presents the standardised factor loadings for indicator variables in the BCS70 CFA 

models and Figure 7.5 and Figure 7.6 are diagrams of the BCS70 CFA models. In the BCS70 CFA 

model, five correlations (see note 2 under Table 7.8) between pairs of indicator variables were 

included in the model, on the basis of the modification indices and theory. The addition of 

these correlations led to a weakened factor loading of mid-adulthood SEP on car ownership 

(0.1) amongst men, although it remained significant (<0.001) and was therefore retained. 

Moreover, adding these correlations improved model fit substantially for both men (CFI = 

0.935, RMSEA = 0.049 (95% CI = 0.047, 0.051), RMSEA close fit test p value = 0.838) and 

women (CFI = 0.940, RMSEA = 0.048 (95% CI = 0.046, 0.050), RMSEA close fit test p value = 

0.949).  The Pearson r correlation between the pre-adolescent SEP and mid-adulthood SEP 

constructs was 0.67 (p<0.001) for men and 0.63 (p<0.001) for women, which is below the 0.85, 

indicating discriminant validity (Kline, 2011). 
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Table 7.8 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood 
SEP indicator variables in the BCS70 

Pre-adolescent Indicator Variables BCS70 Men BCS70 Women 

Sample 2 

Estimate(S.E) 

Total Sample 

Estimate(S.E) 

Sample 2 

Estimate(S.E) 

Total Sample 

Estimate(S.E) 

Housing tenure 0.79 (0.02) 0.80 (0.02) 0.77 (0.02) 0.77 (0.01) 

Overcrowding 0.48 (0.03) 0.47 (0.02) 0.48 (0.03) 0.46 (0.2) 

Free school meals 0.69 (0.03) 0.63 (0.02) 0.69 (0.03) 0.68 (0.02) 

Benefits received 0.58 (0.04) 0.59 (0.03) 0.63 (0.03) 0.65 (0.02) 

Household income -0.63 (0.02) -0.63 (0.01) -0.71 (0.02) -0.70 (0.01) 

Mothers education 0.70 (0.02) 0.70 (0.02) 0.67 (0.02) 0.65 (0.01) 

Fathers education 0.76 (0.02) 0.76 (0.02) 0.71 (0.02) 0.71 (0.02) 

Parental interest in education 0.57 (0.03) 0.56 (0.02) 0.53 (0.03) 0.56 (0.02) 

Mid-adulthood Indicator Variables  

Housing tenure 0.69 (0.03) 0.69 (0.02) 0.71 (0.02) 0.73 (0.02) 

Overcrowding 0.45 (0.04) 0.45 (0.03) 0.45 (0.04) 0.48 (0.02) 

Car ownership 0.12 (0.04)† 0.12 (0.02) 0.29 (0.03) 0.32 (0.02) 

Benefits received 0.42 (0.04) 0.48 (0.03) 0.60 (0.03) 0.61 (0.02) 

Household income  -0.48 (0.01) -0.47 (0.01) -0.54 (0.02) -0.53 (0.01) 

NS-SEC 0.76 (0.02) 0.77 (0.01) 0.80 (0.02) 0.78 (0.01) 

Access to employer pension scheme  0.34 (0.04) 0.30 (0.03) 0.37 (0.04) 0.36 (0.03) 

Has an employer pension scheme  0.40 (0.03) 0.43 (0.02) 0.54 (0.03) 0.55 (0.02) 

Highest held qualification -0.72 (0.01) -0.74 (0.01) -0.73 (0.02) -0.72 (0.01) 

Age left full-time education  -0.53 (0.01) -0.50 (0.01) -0.40 (0.02) -0.41 (0.01) 

Highest household Cambridge scale  -0.71 (0.02) -0.74 (0.01) -0.72 (0.02) -0.72 (0.01) 

Note 1: Sample 2=sample split CFA models ran in one half (EFA models ran in sample 1).                                                                                                                                                            

Standardised factor loadings. All loadings statistically significant (p<0.001) except superscripts †=p=0.001. 

Note 2: Five correlations between indicator measurement errors included in the model based on modification 

indices 1) employer offering a pension scheme and cohort member joining a pension scheme; 2) receiving 

benefits in childhood and receiving free school meals; 3) living in social housing in adulthood and receiving 

benefits in adulthood; 4) NS-SEC and highest household Cambridge scale; 5) number of years in education 

and highest held qualification. 
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Figure 7.5 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood SEP indicator variables in the BCS70 (men) 
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Figure 7.6 Estimates from CFA models incorporating both pre-adolescent and mid-adulthood SEP indicator variables in the BCS70 (women) 
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The product of each CFA model was two uni-dimensional latent constructs, derived separately 

by cohort and gender. These constructs were conceived to parsimoniously capture social 

circumstances in pre-adolescence and mid-adulthood, incorporating information pertaining to 

different dimensions of SEP. In both cohorts, a higher score on each construct indicated more 

disadvantaged SEP. By default, Mplus Version 7 (Muthén, 2014) fixes the factor mean at zero 

and estimates the variance. It is possible for the distributions of the estimated constructs (i.e. 

factor scores) to differ from the latent factors (Muthén, 2012) but in this instance these were 

also considered to be normal, following their examination in the TECH4 output of Mplus 

(Muthén, 2012) and in Stata version 14 (StataCorp, 2014) (see Appendix 7.12 and Appendix 

7.13). 

Appendix 7.14 presents the descriptive statistics for the relationship between individuals HRBs 

and SEP constructs in pre-adolescence and mid-adulthood.  

7.3.3 Path analysis based on probit logistic regression models 

Table 7.9 and Table 7.10 present standardised probit regression coefficients (with and without 

the predictive missing data covariates in the model) for the direct effect (path ‘c*’ in Figure 

7.1), the indirect effect (path ‘a’x’b’ in Figure 7.2 ) and the total effect (denoted as ‘c’ in Figure 

7.2 ) of pre-adolescent SEP on HRB cluster membership.  

Each table refers to the results of a model with an alternative binary outcome. Table 15 refers 

to the model comparing ‘Mainstream’ and ‘Risky’ cluster membership whereas table 16 

compares ‘Mainstream’ and ‘Moderate Smokers’ cluster membership. A lower alpha threshold 

(p<0.01 instead of p<0.05) was implemented to determine associations as being statistically 

significant, given treatment if the HRB cluster variable as observed with ‘modal assignment’ 

(Heron et al., 2015). 

Model estimates of the path models changed very little following the inclusion of covariates 

shown to predict missingness in the NCDS (Atherton et al., 2008; Hawkes and Plewis, 2006) 

and the BCS70 (Mostafa and Wiggins, 2014), outlined in Appendix 7.9. This sensitivity analysis 

indicated that the pairwise approach employed using the WLSMV estimator in Mplus Version 7 

(Muthén, 2014), under the assumption that missing values can be explained by pairs of 

variables in the model, is valid and that the inclusion of additional covariates to predict 

missingness did not influence the interpretation of the results.  

Figure 7.7 to Figure 7.14 are the diagrams of the path models comparing either ‘Risky’ and 

‘Mainstream’ cluster membership or ‘Moderate Smokers’ and ‘Mainstream’ cluster 
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membership for each cohort and gender subgroup (without the predictive missing data 

covariates in the model). 

For all subgroups, the total effect was significant (p<0.001) when comparing ‘Risky’ and 

‘Mainstream’ cluster membership (NCDS men=0.25 (95% CI 0.16, 0.34), NCDS women=0.52 

(95% CI 0.48, 0.57), BCS70 men=0.41 (95% CI 0.33, 0.50), BCS70 women=0.44 (95% CI 0.37, 

0.50)). The total effect was also significant (p<0.001) when comparing ‘Moderate Smokers’ and 

‘Mainstream’ cluster membership (NCDS men=0.21 (95% CI 0.18, 0.25), NCDS women=0.27 

(95% CI 0.23, 0.30), BCS70 men=0.21 (95% CI 0.17, 0.25), BCS70 women=0.27 (95% CI 0.23, 

0.31)). The coefficients suggested that a one unit increase in pre-adolescent SEP (=more 

disadvantaged) increased the probability of membership in the ‘Risky’ or ‘Moderate Smokers’ 

cluster compared to the ‘Mainstream’ cluster. 

For men and women in both cohorts, a significant positive indirect effect (p<0.001) was 

identified when comparing ‘Risky’ and ‘Mainstream’ cluster membership (NCDS men=0.51 

(95% CI 0.41, 0.62), NCDS women=0.39 (95% CI 0.33, 0.46), BCS70 men=0.39 (95% CI 0.30, 

0.47), BCS70 women=0.36 (95% CI 0.31, 0.42)). The same significant effect (p<0.001) was 

found when comparing ‘Moderate Smokers’ and ‘Mainstream’ cluster membership (NCDS 

men=0.40 (95% CI 0.35, 0.45), NCDS women=0.25 (95% CI 0.19, 0.30), BCS70 men=0.37 (95% CI 

0.33, 0.41), BCS70 women=0.28 (95% CI 0.24, 0.32)). A higher pre-adolescent SEP score (=more 

disadvantage) increased the probability of membership in the ‘Risky’ or ‘Moderate Smokers’ 

cluster by predicting a higher mid-adulthood SEP score (=more disadvantage). This indicates 

that the effect of pre-adolescent SEP on cluster membership in mid-adulthood can be at least 

partially explained through its effect on mid-adulthood SEP. 

The mediating effect of mid-adulthood SEP largely explained the relationship between pre-

adolescent SEP and HRB cluster membership amongst women. For women in the BCS70, the 

direct effect of pre-adolescent SEP on cluster membership was non-significant (p>0.01) when 

comparing membership of the ‘Mainstream’ cluster with ‘Risky’ (0.07 (95% CI -0.03, 0.17)) and 

‘Moderate Smokers’ (-0.01 (95% CI -0.07, 0.05)) cluster membership. This indicates that more 

disadvantaged circumstances in pre-adolescence do not directly influence HRB cluster 

membership in mid-adulthood. The same non-significant (p>0.01) direct effect was found 

amongst women in the NCDS when comparing ‘Moderate Smokers’ and ‘Mainstream’ cluster 

membership (0.02 (95% CI -0.06, 0.10)). However, a marginally significant (p=0.02) positive 

direct effect was found for women in the NCDS when comparing ‘Risky’ and ‘Mainstream’ 

cluster membership (0.13 (95% CI 0.04, 0.22)), indicating that more disadvantaged 
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circumstances in pre-adolescence increases the probability of membership of the ‘Risky’ 

cluster when compared to ‘Mainstream’ cluster membership and that this is not mediated by 

mid-adulthood SEP. However, this effect became non-significant (p>0.05) after including 

covariates shown to predict missingness (0.06 (95% CI -0.04, 0.15)). 

Similarly, amongst men in both cohorts the mediating effect of mid-adulthood SEP explained a 

large proportion of the relationship between pre-adolescent SEP and HRB cluster membership. 

A non-significant direct effect (p>0.01) was found for BCS70 men when comparing ‘Risky’ and 

‘Mainstream’ cluster membership (0.03 (95% CI (-0.10, 0.16)). However, there was a significant 

(p<0.001) negative direct effect of pre-adolescent SEP on ‘Moderate Smokers’ comparative to 

‘Mainstream’ cluster membership (-0.16 (95% CI (-0.23, -0.10)). For NCDS men there was a 

significant (p<0.001) negative direct effect when comparing ‘Mainstream’ cluster membership 

with ‘Risky’ (-0.27 (95% CI -0.44, -0.09) and ‘Moderate Smokers’ (-0.19 (95% CI (-0.26, -0.12)) 

cluster membership. The negative direction of these direct effects indicates that more 

disadvantaged circumstances in pre-adolescence increases the probability of membership in 

the ‘Mainstream’ cluster when compared to ‘Moderate Smokers’ cluster membership (for men 

in both cohorts) and ‘Risky’ cluster membership (for men in the NCDS) and that this is not 

mediated by circumstances in mid-adulthood. 

It is clear from these results that amongst men the signs of the total, indirect and direct effects 

are opposing. The direction of the direct effect is negative whilst the total and indirect effect is 

positive. Mediation models whereby the direct and indirect effects are different signs are 

known as ‘inconsistent mediation’ models (MacKinnon et al., 2000). In this case, the inclusion 

of pre-adolescent SEP clarifies the nature of the relationship between mid-adulthood SEP and 

HRB cluster membership. Further analyses presented in section 7.3.4 of this chapter shows 

that pre-adolescent SEP strengthens the effect of mid-adulthood SEP on HRB cluster 

membership.  
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Table 7.9 Probit regression coefficients for the total, direct and indirect effects of pre-adolescent SEP on HRB cluster membership (‘Risky’ vs 
‘Mainstream’) 

HRB cluster 
membership 

Total effect Total effect             
(includes 
missing 
covariates) 

Direct effect Direct effect 
(includes 
missing 
covariates) 

Indirect 
effect 

Indirect 
effect 
(includes 
missing 
covariates) 

Model fit                              
CFI; RMSEA 
(95% CI)                                                      

Model fit 
(includes 
missing 
covariates)               
CFI; RMSEA 
(95% CI)                                                                                                                 

NCDS Men 0.25                 
(0.16, 0.34)* 

0.26                     
(0.17, 0.35)* 

-0.27                     
(-0.44, -0.09)** 

-0.33                            
(-0.50, -0.16)** 

0.51                       
(0.41, 0.62)* 

0.59                          
(0.48, 0.70)* 

0.935;                           
0.048                     
(0.046, 0.049) 

0.929;                             
0.045                
(0.044, 0.046) 

NCDS 
Women 

0.52                
(0.48, 0.57)* 

0.52                     
(0.48, 0.57)* 

0.13                       
(0.04, 0.22)† 

0.06                                   
(-0.04, 0.15) 

0.39                      
(0.33, 0.46)* 

0.47                         
(0.40, 0.53)* 

0.942;                            
0.048                 
(0.047, 0.050) 

0.934;                          
0.043                
(0.042, 0.044) 

BCS70 Men 0.41                 
(0.33, 0.50)* 

0.41                      
(0.33, 0.50)* 

0.03                       
(-0.10, 0.16) 

0.02                                    
(-0.11, 0.15) 

0.39                   
(0.30, 0.47)* 

0.39                       
(0.31, 0.47)* 

0.932;                             
0.050                     
(0.048, 0.052) 

0.929;                          
0.046                  
(0.044, 0.047) 

BCS70 
Women 

0.44               
(0.37, 0.50)* 

0.44                            
(0.37, 0.50)* 

0.07                               
(-0.03, 0.17) 

0.07                                 
(-0.02, 0.17) 

0.36                         
(0.31, 0.42)* 

0.37                            
(0.31, 0.43)* 

0.939;                            
0.049                     
(0.047, 0.051)  

0.933;                              
0.046                 
(0.044, 0.047) 

Note: ‘Risky’ coded 1, ‘Mainstream’ cluster membership coded 0. One unit increase in pre-adolescent and mid-adulthood SEP = more disadvantaged. Effect 

estimates are standardised probit regression coefficients and bias-corrected bootstrap 95% Cis (10,000 iterations), *p value ≤ 0.001, **p value ≤ 0.01, †p value=0.02. 

See figure 7.2 for a diagram of effects; direct effect = path ‘a’x’b’, indirect effect = path ‘c*’, total effect = ‘c’ (c* + ab). 
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Table 7.10 Probit regression coefficients for the total, direct and indirect effects of pre-adolescent SEP on HRB cluster membership (‘Moderate 
Smokers’ vs ‘Mainstream’) 

HRB cluster 
membershi
p 

Total effect Total effect             
(includes 
missing 
covariates) 

Direct effect Direct effect 
(includes 
missing 
covariates) 

Indirect 
effect 

Indirect 
effect 
(includes 
missing 
covariates) 

Model fit                              
CFI; RMSEA 
(95% CI)                                                      

Model fit 
(includes 
missing 
covariates)               
CFI; RMSEA 
(95% CI)                                                                                                                 

NCDS Men 0.21                   
(0.18, 0.25)* 

0.23                 
(0.19, 0.27)* 

-0.19                      
(-0.26, -0.12)* 

-0.17                        
(-0.24, -0.10)* 

0.40                      
(0.35, 0.45)* 

0.40                   
(0.36, 0.45)* 

0.934;                           
0.049                  
(0.047, 0.050) 

0.927;                             
0.046                  
(0.044, 0.047) 

NCDS 
Women 

0.27                  
(0.23, 0.30)* 

0.25                  
(0.21, 0.29)* 

0.02                       
(-0.06, 0.10) 

-0.06                                   
(-0.14, 0.02) 

0.25                       
(0.19, 0.30)* 

0.31                  
(0.26, 0.37)* 

0.941;                            
0.048                
(0.046, 0.050) 

0.934;                          
0.043                  
(0.041, 0.044) 

BCS70 Men 0.21                  
(0.17, 0.25)* 

0.21               
(0.17, 0.25)* 

-0.16                        
(-0.23, -0.10)* 

-0.15                              
(-0.21, -0.09)* 

0.37                   
(0.33, 0.41)* 

0.37                  
(0.32, 0.41)* 

0.931;                           
0.051                  
(0.049, 0.053) 

0.929;                          
0.046                   
(0.044, 0.048) 

BCS70 
Women 

0.27                   
(0.23, 0.31)* 

0.28              
(0.24, 0.32)* 

-0.01                              
(-0.07, 0.05) 

0.01                                 
(-0.06, 0.06) 

0.28                      
(0.24, 0.32)* 

0.28                    
(0.24, 0.31)* 

0.938;                            
0.050                 
(0.048, 0.051)  

0.932;                              
0.046                
(0.045, 0.048) 

Note: ‘Moderate Smokers’ coded 1, ‘Mainstream’ cluster membership coded 0. One unit increase in pre-adolescent and mid-adulthood SEP = more disadvantaged. 

Effect estimates are standardised probit regression coefficients and bias-corrected bootstrap 95% Cis (10,000 iterations), *p value ≤ 0.001, **p value ≤ 0.01. See 

figure 7.2 for a diagram of effects: direct effect = path ‘a’x’b’, indirect effect = path ‘c*’, total effect = ‘c’ (c* + ab). 
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Figure 7.7 Estimates from path model comparing ‘Risky’ and ‘Mainstream’ cluster membership 
in the NCDS (men) 

 

 

Figure 7.8 Estimates from path model comparing ‘Moderate Smokers’ and ‘Mainstream’ 
cluster membership in the NCDS (men) 
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Figure 7.9 Estimates from path model comparing ‘Risky’ and ‘Mainstream’ cluster membership 
in the NCDS (women) 

 

 

Figure 7.10 Estimates from path model comparing ‘Moderate Smokers’ and ‘Mainstream’ 
cluster membership in the NCDS (women) 
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Figure 7.11 Estimates from path model comparing ‘Risky’ and ‘Mainstream’ cluster 
membership in the BCS70 (men) 

 

 

Figure 7.12 Estimates from path model comparing ‘Moderate Smokers’ and ‘Mainstream’ 
cluster membership in the BCS70 (men) 
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Figure 7.13 Estimates from path model comparing ‘Risky’ and ‘Mainstream’ cluster 
membership in the BCS70 (women) 

 

 

Figure 7.14 Estimates from path model comparing ‘Moderate Smokers’ and ‘Mainstream’ 
cluster membership in the BCS70 (women) 
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7.3.4 Pre-adolescent SEP strengthens the relationship between mid-adulthood SEP and HRB 

cluster membership. 

In order to show how the inclusion of pre-adolescent SEP strengthens the relationship 

between mid-adulthood SEP and HRB cluster membership, estimates from three multinomial 

logistic regression models undertaken in Mplus Version 7 (Muthén, 2014) were compared. HRB 

cluster membership was included here as a three-category nominal variable. The first two 

models included each SEP construct (i.e. one in pre-adolescence and one in mid-adulthood) as 

the sole predictor of HRB cluster membership. The third model included both SEP constructs.  

The estimates in Table 7.11 and Table 7.12 provide the results of these multinomial logistic 

regression models. The results demonstrate that amongst men in both cohorts the logit 

coefficient for mid-adulthood SEP as a predictor of ‘Mainstream’ comparative to ‘Moderate 

Smokers’ cluster membership increases following the inclusion of pre-adolescent SEP in the 

model (NCDS men before=1.73 (95% CI 1.58, 1.98), after=2.33 (95% CI 2.05, 2.62); BCS70 men 

before=1.95 (95% CI 1.76, 2.15), after=2.38 (95% CI 2.10, 2.67)). This suggests that the 

inclusion of pre-adolescent SEP in these models improves the contribution of mid-adulthood 

SEP on HRB cluster membership. 

Moreover, the results demonstrate that the pre-adolescent SEP coefficient changes from 

positive to negative when adjusting for mid-adulthood SEP (NCDS men before=0.84 (95% CI 

0.74, 0.93), after=-0.46 (95% CI -0.64, -0.27); BCS70 men before=0.61 (95% CI 0.52, 0.71), 

after=-0.28 (95% CI -0.42, -0.14)). The same effect was found comparing ‘Risky’ and 

‘Mainstream’ cluster membership amongst men in the NCDS SEP (before=1.60 (95% CI 1.17, 

2.03), after=-0.95 (95% CI -1.86, -0.04)). 

In substantive terms, this effect implies that differentials in HRB patterns associated with social 

circumstances in mid-adulthood are strengthened through the accumulation of either 

advantaged or disadvantaged social circumstances from pre-adolescence. 
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Table 7.11 Estimates from multinomial logistic regression models with and without pre-adolescent and mid-adulthood SEP in the NCDS 

SEP estimated constructs NCDS Men sample N=5,586 
Logit coefficient (CI) 

NCDS Women sample N=5,787 
Logit coefficient (CI) 

Mainstream 
(n=3, 811) 

Risky (n=96) Moderate Smokers  
(n=1,679) 

Mainstream 
(n=3, 972) 

Risk (n=561) Moderate Smokers  
(n=1,254) 

Pre-adolescent SEP only Ref 1.60 (1.17, 2.03)* 0.84 (0.74, 0.93)* Ref 2.50 (2.27, 2.75)* 0.72 (0.60, 0.83)* 

Mid-adulthood SEP only Ref 3.67 (2.87, 4.48)* 1.73 (1.58, 1.89)* Ref 4.56 (4.10, 5.03)* 1.23 (1.05, 1.40)* 

Pre-adolescent SEP        
(adjusting for mid-adulthood SEP) 

Ref -0.95 (-1.86, -0.04) -0.46 (-0.64, -0.27)* Ref 0.73 (0.30, 1.16)** 0.12 (-0.10, 0.34) 

Mid-adulthood SEP          
(adjusting for pre-adolescent SEP) 

Ref 4.98 (3.49, 6.47)* 2.33 (2.05, 2.62)* Ref 3.55 (2.77, 4.32)* 1.08 (0.74, 1.41)* 

Note: adjustment for classification error in the model, *p value <0.001, **p value <0.05.   

 

Table 7.12 Estimates from multinomial logistic regression models with and without pre-adolescent and mid-adulthood SEP in the BCS70 

SEP estimated constructs BCS70 Men sample N=4,613 
Logit coefficient (CI) 

BCS70 Women sample N=5,033 
Logit coefficient (CI) 

Mainstream 
(n=3,403) 

Risky (n=93) Moderate Smokers  
(n=1,117) 

Mainstream 
(n=3,862) 

Risky (n=227) Moderate Smokers  
(n=944) 

Pre-adolescent SEP only Ref 1.79 (1.44, 2.13)* 0.61 (0.52, 0.71)* Ref 1.97 (1.65, 2.30)* 0.69 (0.59, 0.80)* 

Mid-adulthood SEP only Ref 5.26 (4.25, 6.27)* 1.95 (1.76, 2.15)* Ref 5.15 (4.35, 5.95)* 1.86 (1.65, 2.07)* 

Pre-adolescent SEP        
(adjusting for mid-adulthood SEP) 

Ref 0.25 (-0.28, 0.78) -0.28 (-0.42, -0.14)* Ref 0.50 (-0.02, 1.02) -0.01 (-0.17, 0.17) 

Mid-adulthood SEP         
(adjusting for pre-adolescent SEP) 

Ref 4.79 (3.45, 6.16)* 2.38 (2.10, 2.67)* Ref 4.38 (3.31, 5.45)* 1.87 (1.54, 2.19)* 

Note: adjustment for classification error in the model, *p value <0.001, **p value <0.05.   

 

 



157 
 

7.3.5 Sensitivity analysis using multinomial logistic regression models  

 HRB cluster membership as a nominal outcome 

Table 7.13 and Table 7.14 present the results of a multinomial logistic regression estimating the 

effect of pre-adolescent SEP and mid-adulthood SEP on HRB cluster membership, with the 

‘Mainstream’ cluster as the reference category. Whilst the results of the multinomial logistic 

regression models are not directly comparable to the original path models, the results of the 

sensitivity analyses suggest that the estimated effects from models specifying the dependent 

variable as nominal are largely similar in direction and magnitude to those from the original path 

models specifying the dependent variable as two binary variables. Thus, differential treatment of 

the dependent variable is not considered to alter the overall conclusions made on the basis of the 

path models. 

For example, in all cohort and gender subgroups there was a significant association (p<0.001) 

between mid-adulthood SEP and HRB cluster membership in the multinomial logistic regression 

models when comparing ‘Risky’ vs ‘Mainstream’ cluster membership (NCDS Men=4.54 (95% CI 

3.36, 5.73); NCDS Women=2.77 (95% CI 2.26, 3.28); BCS70 Men=4.14 (95% CI 3.10, 5.19); BCS70 

Women=3.54 (95% CI 2.87, 4.21)) and when comparing ‘Moderate Smokers’ and ‘Mainstream’ 

cluster membership (NCDS Men=2.35 (95% CI 2.07, 2.63); NCDS Women=1.27 (95% CI 0.97, 1.56); 

BCS70 Men=2.41 (95% CI 2.13, 2.70); BCS70 Women=2.02 (95% CI 1.72, 2.31)). This mimics path 

‘b’ (see Figure 7.2) of the indirect effect between pre-adolescent SEP and HRB cluster membership 

which was found to be significant (p<0.001) for all subgroups in the original path models (see 

section 7.3.3). 

Amongst men in both cohorts a one unit increase in pre-adolescent SEP (=more disadvantaged) 

was associated with an increased likelihood of membership of the ‘Mainstream’ cluster in 

comparison to the ‘Moderate Smokers’ clusters (NCDS Men=-0.46, (95% CI -0.64, -0.28); BCS70 

MEN=-0.27, (95% CI -0.41, -0.13)). This is consistent with the significant (p<0.001) negative direct 

effect (path c*in Figure 7.2) identified in the original path models (see Figure 7.8 and Figure 7.12). 

A significant association, albeit weaker (p<0.05), was found comparing membership of the 

‘Mainstream’ and ‘Risky’ clusters, amongst NCDS men (-0.90, 95% CI -1.62, -0.18)). This again, 

mimics the significant direct effect found in the original path models (see Figure 7.7). For BCS70 

men, this association between pre-adolescent SEP and ‘Mainstream’ vs ‘Risky’ cluster membership 
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was non-significant (0.17, 95% CI -0.28, 0.62), mirroring the non-significant indirect effect (p>0.01) 

found in the path analysis (see Figure 7.11). 

For women in both cohorts, the non-significant (p>0.05) associations between pre-adolescent SEP 

and ‘Moderate Smokers’ cluster membership (NCDS Women=0.18 (95% CI -0.02, 0.37); BCS70 

Women=0.03 (95% CI -0.11, 0.18)) mirror the non-significant direct effects (p>0.01) identified 

amongst women in the original path models (see Figure 7.10 and Figure 7.14). 

Amongst NCDS women, more disadvantaged circumstances in pre-adolescence was significantly 

associated with an increased likelihood of membership of the ‘Risky’ cluster compared to the 

‘Mainstream’ cluster (0.61 (95% CI 0.31, 0.91)), which is in contrast to the original path model (see 

Figure 7.9).  For BCS70 women, there was no significant association between more disadvantaged 

circumstances in pre-adolescence when comparing ‘Risky’ and ‘Mainstream’ cluster membership 

(0.33 (95% CI 0.01, 0.65)), which is consistent with the estimates of the original path models (see 

Figure 7.13). 

 Modal assignment and classification error 

The multinomial logistic regression results also suggested that modal assignment of participants to 

their most likely HRB cluster did not substantially alter the results. Comparing estimates from 

models that adjusted for HRB cluster classification error alongside estimates from models that did 

not adjust for classification error (see Table 7.13 and Table 7.14) demonstrated that there was 

little change to the logit coefficients although the 95% confidence intervals were wider when 

adjusting for HRB cluster classification error into the model.  
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Table 7.13 The effect of pre-adolescent and mid-adulthood SEP on HRB cluster membership in the NCDS using multinomial logistic 
regression 

SEP estimated 
constructs 

NCDS Men sample N=5,586 
Logit coefficient (CI) 

Mainstream≠ 
(n=3,811) 

Mainstream† 
(n=3,818) 

Risky≠                 
(n=96) 

Risky†                 
(n=82) 

Moderate 
Smokers≠  
(n=1,679) 

Moderate 
Smokers† (n=1,686) 

Pre-adolescent 
SEP 

Ref Ref -0.95 (-1.86, -0.40) -0.90 (-1.62, -0.18)** -0.46 (-0.64, -0.27)* -0.46 (-0.64, -0.28)* 

Mid-adulthood 
SEP 

Ref Ref 4.98 (3.49, 6.47)* 4.54 (3.36, 5.73)* 2.33 (2.05, 2.62)* 2.35 (2.07, 2.63)* 

 NCDS Women sample N=5,787 
Logit coefficient (CI) 

SEP estimated 
constructs 

Mainstream≠ 
(n=3,972) 

Mainstream† 
(n=3,980) 

Risky≠                   
(n=561) 

Risky†                             
(n=515) 

Moderate 
Smokers≠  
(n=1,253) 

Moderate 
Smokers† (n=1,292) 

Pre-adolescent 
SEP 

Ref Ref 0.73 (0.30, 1.16)** 0.61 (0.31, 0.91)* 0.12 (-0.10, 0.34) 0.18 (-0.02, 0.37) 

Mid-adulthood 
SEP 

Ref Ref 3.55 (2.77, 4.32)* 2.77 (2.26, 3.28)* 1.08 (0.74, 1.41)* 1.27 (0.97, 1.56)* 

Note: ≠=adjustment for classification error in the model, †=no adjustment for classification error in the model, *p value <0.001, **p value <0.05.   
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Table 7.14 The effect of pre-adolescent and mid-adulthood SEP on HRB cluster membership in the BCS70 using multinomial logistic 
regression 

SEP estimated 
constructs 

BCS70 Men sample N=4,613 
Logit coefficient (CI) 

Mainstream≠ 
(n=3,404) 

Mainstream† 
(n=3,410) 

Risky≠                 
(n=94) 

Risky†                 
(n=79) 

Moderate Smokers≠ 
(n=1,116) 

Moderate Smokers† 
(n=1,292) 

Pre-adolescent 
SEP 

Ref Ref 0.25 (-0.28, 0.76) 0.17 (-0.28, 0.62) -0.28 (-0.42, -0.14)* -0.27 (-0.41, -0.13)** 

Mid-adulthood 
SEP 

Ref Ref 4.79 (3.45, 6.13)* 4.14 (3.10, 5.19)* 2.38 (2.10, 2.67)* 2.41 (2.13, 2.70)* 

 BCS70 Women sample N=5,033 
Logit coefficient (CI) 

SEP estimated 
constructs 

Mainstream≠ 
(n=3,862) 

Mainstream† 
(n=3,866) 

Risky≠                    
(n=224) 

Risky†        
(n=183) 

Moderate Smokers≠ 
(n=947) 

Moderate Smokers† 
(n=984) 

Pre-adolescent 
SEP 

Ref Ref 0.50 (-0.02, 1.02) 0.33 (0.01, 0.65) -0.01 (-0.17, 0.16) 0.03 (-0.11, 0.18) 

Mid-adulthood 
SEP 

Ref Ref 4.38 (3.31, 5.45)* 3.54 (2.87, 4.21)* 1.87 (1.54, 2.19)* 2.02 (1.72, 2.31)* 

 Note: ≠= adjustment for classification error in the model, †= no adjustment for classification error in the model, *p value <0.001, **p value <0.05.  
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7.4 Summary of findings 

The results of this chapter provide support for some of the hypothesised relationships between 

pre-adolescence SEP and mid-adulthood HRB cluster membership. Using data from two British 

birth cohort studies and path analyses the findings showed how more disadvantaged social 

circumstances in pre-adolescence and mid-adulthood, captured by material, occupational and 

cultural dimensions of individual SEP, were together associated with membership of HRB clusters 

characterised by multiple negative HRBs in mid-adulthood.  

A significant total effect of disadvantaged pre-adolescent SEP on mid-adulthood HRB cluster 

membership was found. For men and women in both cohorts more social disadvantage in pre-

adolescence was associated with an increased probability of membership of the ‘Risky’ and 

‘Moderate Smokers’ clusters compared to the ‘Mainstream’ cluster in mid-adulthood, the latter 

cluster characterised by HRB patterns that tend to be more beneficial for health (see chapter 6, 

section 6.4). 

The results of this analysis supported the hypothesis of a social pathway through which pre-

adolescent SEP influences mid-adulthood HRB cluster membership. For men and women in both 

cohorts, a substantial proportion of the total effect of pre-adolescent SEP on mid-adulthood HRB 

occurred via mid-adulthood SEP. Disadvantaged pre-adolescence SEP strongly predicted 

disadvantaged mid-adulthood SEP which was strongly associated with ‘Risky’ and ‘Moderate 

Smokers’ cluster membership in mid-adulthood.  

There was relatively weak evidence to support the hypothesised behavioural pathway, i.e. a direct 

effect of pre-adolescent SEP on mid-adulthood lifestyles. There was a non-significant (p≥0.01) 

direct effect amongst women, although amongst NCDS women the direct effect was marginally 

significant (p=0.02) when comparing ‘Risky’ and ‘Mainstream’ cluster membership. Amongst men, 

the direct effect was found to be significant (p≤0.01) comparing ‘Moderate Smokers’ and 

‘Mainstream’ cluster membership in both cohorts and was also significant in the NCDS when 

comparing ‘Risky’ and ‘Mainstream’ cluster membership. However, whilst being significant 

(p≤0.01) coefficients demonstrated these direct effects for men and women were half the size of 

the indirect effects. These results indicate that pre-adolescent SEP is less likely to shape HRB 

patterns in mid-adulthood in comparison to mid-adulthood SEP. This implies that SEP has a 
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contemporaneous influence on HRB clustering in mid-adulthood, dictating the proximal 

environment in which people live their lives strongly influencing their lifestyles. 

The opposing signs for the direct and indirect effect amongst men in the path models when 

comparing ‘Risky’ and ‘Moderate Smoker’ against ‘Mainstream’ cluster membership, indicated 

‘inconsistent mediation’ (MacKinnon et al, 2000). The sensitivity analyses found that without the 

inclusion of mid-adulthood SEP in the model the coefficient for the effect of pre-adolescent SEP on 

HRB cluster membership was positive, instead of negative. The sensitivity analysis also 

demonstrated that the effect of mid-adulthood SEP on HRB cluster membership was strengthened 

by the inclusion of pre-adolescent SEP in the model. In substantive terms, this implies that 

differentials in HRB patterns associated with social circumstances in mid-adulthood are 

strengthened through the persistence of either advantaged or disadvantaged social circumstances 

since pre-adolescence.  

This suggests that there could be an interaction between pre-adolescent SEP and mid-adulthood 

SEP. Attempting to disentangle and interpret the negative direct effect in isolation of the indirect 

effect in these models is therefore not appropriate, given the likely existence of an exposure-

mediator interaction (Howe et al., 2016).  

The aim of these analyses (outlined fully in chapter 4) was to test the hypothesis of a direct 

relationship between pre-adolescent SEP and mid-adulthood HRB cluster membership and did not 

include the exploration of an interaction between pre-adolescent and mid-adulthood SEP 

mediation effects. In consequence this line of enquiry was not pursued. However, it is 

acknowledged that future post-doctoral work could employ causally defined mediation methods, 

such as four-way decomposition analysis (Howe et al., 2016) which can test for interaction and 

mediation simultaneously. This would be a useful next step in order to isolate the direct and 

indirect effects, as well as the interaction between them, in these path models. 

 

7.5 Strengths and limitations 

A major strength of this work is the valuable contribution it makes to the scientific community, by 

employing a person-centred approach to investigate behavioural outcomes with a focus on HRB 

clustering. This takes into consideration how HRBs are dependent on one another rather than 
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viewing them as non-related individual entities. Moreover, by using prospectively collected birth 

cohort data and adopting a social determinants and lifecourse framework, we have been able to 

elucidate a ‘chain of risk’ (Ben-Shlomo and Kuh, 2002: 287), through which social circumstances in 

pre-adolescence shape lifestyles in mid-age by determining social circumstances in mid-adulthood 

for men and women in two British cohorts. 

This work circumvents some of the methodological limitations identified in the appraisal of 

existing research fully described in chapter 2 (see section 2.2.1) by using large samples with 

longitudinal prospectively collected data. The large sample size provides enough statistical power 

to separate analysis by subgroups, and to some extent, offsets the reduced precision associated 

with latent variable modelling (Ledgerwood and Shrout, 2011). However, it is acknowledged that 

the ‘Risky’ cluster is likely to lack statistical power due to its smaller prevalence (ranging from 2% 

to 9%), which may partly explain the non-significant (p≥0.01) direct effects between pre-

adolescent SEP and ‘Risky’ compared to ‘Mainstream’ cluster membership for BCS70 men and 

women.    

The data reduction techniques used here derived SEP constructs at two points in the lifecourse 

resulting in well-defined latent variables that were free from measurement error inherent in each 

SEP indicator (Hoyle, 2012). These constructs were conceived to parsimoniously capture the 

complex interrelationship between material, occupational and cultural dimensions of SEP.  

This study is further strengthened by incorporating these latent variables into path models in 

order to test hypothesised paths within a conventional mediation framework. This approach is a 

more powerful tool in comparison to simple regression analysis (Hayes, 2013), by allowing all 

conceptualised relationships between the pre-adolescent and mid-adulthood SEP constructs and 

mid-adulthood HRB cluster membership of be estimated simultaneously. Accounting for 

measurement error by modelling a latent mediator variable is a particular strength of these path 

models, given that measurement error in the mediating variable can be problematic in estimating 

indirect effects (Howe et al., 2016; Hoyle and Robinson, 2003).  

The prospective longitudinal data ensured temporality which minimises recall bias (Cohen et al., 

2010) and improved causal inference between pre-adolescent and mid-adulthood SEP by 

establishing a temporal ordering of the independent and mediator variables (Hoyle and Robinson, 

2003). Moreover, the distance in time between pre-adolescent and mid-adulthood SEP is 
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advantageous by reducing the likelihood of variance in the mediation variable being accounted for 

by the independent variable, which would weaken the effect of mid-adulthood SEP on HRB cluster 

membership (Hoyle and Robinson, 2003). Mid-adulthood SEP was assumed to predict HRB cluster 

membership in these models, whilst this assumption is considered reasonable given the 

compelling evidence of this causal ordering (Pampel et al., 2010), this could not be explicitly tested 

in these models. 

These path models were employed to test for mediation yet through doing so pre-adolescent SEP 

was identified as strengthening the relationship between mid-adulthood SEP and HRB cluster 

membership among men, implying a non-linear joint effect (Kline, 2011). Scholars argue that joint 

effects of childhood and adulthood SEP on behavioural outcomes are often missed because SEP 

measures are crude and unable to capture these complex processes (Singhammer and Mittelmark, 

2010). Therefore, the detection of non-linear joint effects has been made possible here through 

the derivation of continuous SEP constructs that incorporate multiple observed indicators of SEP 

and account for measurement error.  

At the same time, the detection of a non-linear joint effect highlights the limitations of using a 

conventional mediation framework in which to test paths between pre-adolescent SEP, mid-

adulthood SEP and HRB clustering. This non-linear joint effect suggested an interaction between 

pre-adolescent SEP and mid-adulthood SEP on HRB clustering and by using this conventional 

framework it was not possible to disentangle and interpret the significant direct effect found 

amongst men. The limited ability of the conventional mediation framework to disentangle direct 

and indirect effects has been observed elsewhere (Howe et al., 2016).  

Moreover, this analysis suggests a social gradient in HRB cluster membership and implies a 

severity continuum (Stapinski et al., 2016). The analysis found that individuals in the ‘Risky’ cluster 

are the most socially disadvantage, followed by the ‘Moderate Smokers’ and ‘Mainstream’ clusters 

respectively. As shown in chapter 6, these clusters are largely driven by smoking status which is 

strongly socially patterned (Pampel et al., 2010) and therefore it makes sense that overall the 

numbers of cigarettes smoked across the three HRB clusters largely reflects a social gradient in 

HRB cluster membership.  However, it is acknowledged that non-linear effects on the relationship 

between SEP and HRB cluster membership, which have not been detected in this analysis, may 

exist. For example, given evidence of an association between higher levels of weekly alcohol 
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consumption and more advantaged SEP (Bellis et al., 2016), it is possible that some socially 

advantaged men and women who drink heavily may have been assigned to the ‘Risky’ cluster. 

The direct effect of pre-adolescent SEP on HRB clustering in adulthood was not consistently 

significant (p>0.01) for women across cohorts. It may be that this result was consistently 

significant only for men because some the SEP indicators, particularly those based on occupation 

(such as the NS-SEC and Cambridge scale), may capture men’s social position better than women’s 

whose ties to the labour market are weaker due to parental responsibilities (Bartley, 2016b). 

Whilst the small significant direct effect (p≤0.01) found amongst men is considered negligible in 

comparison to the indirect effect, the non-significant direct effects (p≥0.01) found amongst 

women cannot be interpreted as mid-adulthood SEP fully mediating the association between pre-

adolescent SEP and mid-adulthood HRB cluster membership. The derivation of latent variables 

means that they are free from measurement error (Hoyle, 2012). This improves accuracy but 

reduces precision impeding the ability to conclude that the direct effect is truly zero (Ledgerwood 

and Shrout, 2011). Moreover, these models focus solely on social influences in pre-adolescence 

and mid-adulthood on HRB clustering, it is possible that other mediators are involved that are not 

consider here (Hayes, 2013; Howe et al., 2016). Despite this uncertainty, there is no doubt that the 

total effect of pre-adolescent SEP on HRB cluster membership was significant (p<0.001) in all 

cohort and gender groups and that pre-adolescent SEP largely exerted its effect on HRB cluster 

membership via mid-adulthood SEP. 

The inability to distinguish the three dimensions of SEP (material, occupational and cultural) from 

one another in these analyses is a limitation of this work. Methodologically speaking, strong 

correlations between the three dimensions of SEP were identified, posing a high risk of 

multicollinearity in subsequent path models (Farrar and Glauber, 1967). Steps to circumvent this 

problem via higher order CFA modelling (Thompson, 2004) were unsuccessful due to a heavy 

reliance on binary and ordinal SEP indicator variables in the measurement models which were 

limited in their ability to capture the continuous distribution of each dimension. Moreover, 

indicators of cultural and occupational dimensions of SEP in mid-adulthood were found to be 

highly related due to their similarities in measurement and could not be adequately distinguished 

from one another due to the inability of including nominal indicator variables in the Mplus CFA 

models (Muthén, 2014) and therefore collapsing the nominal occupational indicator into three 

ordinal categories. 
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Using theoretically driven and precise measures to capture each dimension of SEP, as opposed to 

proxy measures, is required in order to adequately separate these dimensions from one another 

and elucidate differences in the strength of associations with adulthood HRBs (Bartley et al., 1999; 

Stait and Calnan, 2016). It is acknowledged that the measures used to derive each SEP construct 

serve as proxies in capturing the paths conceptualised to shape HRBs, i.e. physical access, 

psychosocial stress and social group habitus. Ideally more refined measures would have been 

used. For example, psychosocial stress due to occupation may be better captured through a 

specific measure of job strain (Kivimäki et al., 2013) and it may be possible to measure social group 

habitus by capturing more detailed information on social norms (Reid et al., 2010). The weak 

direct path between pre-adolescent SEP and HRB cluster membership identified in this chapter 

may also be a reflection of inadequacies in SEP measurement.  

The absence of information during pre-adolescence pertaining to the dietary intake and physical 

activity of the cohort members, exposure to parental health-damaging HRBs in the household and 

information on the participants’ attitudes and beliefs towards smoking and alcohol consumption is 

a clear limitation. Access to this information would serve to strengthen the hypothesis of the 

effect of pre-adolescent familial SEP on embedding HRBs that emerge in mid-adulthood.  

Furthermore, in mid-adulthood measures that explicitly capture participants’ physical access to 

health-promoting HRBs, levels of psychosocial stress and cultural attitudes towards HRBs would 

strengthen the assertion made here of these pathways reinforcing previously embedded HRBs and 

shaping HRB in mid-adulthood. 

Nevertheless, whilst identifying the independent effects of each dimension of SEP on HRB cluster 

membership would have been of scientific interest, this does not retract from the findings of the 

path models which are based on a uni-dimensional construct of SEP at each age. It may be argued 

that the overarching message of this work would remain largely unchanged even if dimensions of 

SEP had been separate from one another. This assertion is supported by the results of the 

bivariate analyses (see section 7.3.1) which found consistent associations between observed 

indicator variables and HRB cluster membership (i.e. being socially advantaged was associated 

with ‘Mainstream’ cluster membership). Furthermore, the results of the CFA models (see section 

7.3.2) demonstrated that all indicators for each dimension of SEP meaningfully contributed to an 

underlying ‘combined’ construct of SEP which in the path models was found to be salient in 

predicting HRB cluster membership. Thus, these constructs are conceived to effectively capture 
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the complex interrelationship between dimensions of SEP, parsimoniously explained by an 

underlying construct of SEP at each age. 

Care was taken to only include SEP indictors at ages 11 and 33 in the NCDS and ages 10 and 34 in 

the BCS70 although there were some exceptions (i.e. car ownership was taken at age 30 in the 

BCS70, information on age cohort member left full-time education was taken from age 42 in the 

NCDS and information on parent’s education was taken from birth and age 7 in the NCDS and age 

5 in the BCS70). Despite this, we consider it reasonable to assume that responses to these 

indicators were very similar during the relatively short periods between the ages of data collection 

and the ages of interest. Whilst material and cultural dimensions of SEP were included in both pre-

adolescence and mid-adulthood, the occupational dimension of SEP was only considered in mid-

adulthood. This is because the occupational dimension is considered to influence HRBs through 

employment relations equating to differential levels of job strain, experienced at the individual 

level (Sacker et al., 2001). Thus, occupation is not a plausible dimension of SEP in pre-adolescence 

given that children in Britain at this age do not work and are not influenced by employment 

relations.   

The HRB outcome variable was treated as observed in the path analysis. Participants were 

‘modally assigned’ (Heron et al., 2015) to their most likely HRB cluster, based on the measurement 

model responsible for the derivation of the HRB clusters (see chapter 6, section 6.3.2.3). This 

approach does not consider classification error and can lead to an underestimation of standard 

errors of regression coefficients (Clark and Muthén, 2009). However, this was circumvented by 

applying a higher alpha threshold (p<0.01 instead of p<0.05) to determine statistical significance 

(Clark and Muthén, 2009) in the path models and using probabilities from measurement models 

with high entropy (p>0.8) (Clark and Muthén, 2009).  

Additionally, the estimation of bootstrapped 95% confidence intervals with 10,000 iterations in 

the SEMs, as recommended (Hayes, 2013), considers asymmetry around the coefficients and 

increases statistical power and may also serve to mitigate the potential underestimation of the 

standard errors caused by modal assignment. 

Furthermore, the sensitivity analysis, comparing estimates from multinomial logistic regression 

models with and without participant classification error, found that whilst the confidence intervals 
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were wider when HRB cluster classification error was incorporated into the regression models, 

there was little change to the regression coefficients.  

On balance, the modal assignment of participants to their most likely latent class and thus the 

omission of classification error in the outcome were not considered to alter the conclusions drawn 

from the path model results. 

There was very little difference in estimates from path models with and without the inclusion of 

additional variables previously found to predict missingness and attrition in these cohort studies 

(Atherton et al., 2008; Hawkes and Plewis, 2006; Mostafa and Wiggins, 2014). Not only did this 

indicate that the pairwise approach employed to manage missing data appeared to be robust, it 

also provided some evidence that attrition between pre-adolescence and mid-adulthood had not 

introduced bias. Furthermore, whilst it is not possible to say for certain that bias has not occurred, 

research conducted in other cohorts has found that even with considerable attrition over time (i.e. 

more than 50%) the effects of SEP differentials on a number of outcomes, including behavioural, 

did not influence the direction of the results or the overall conclusions (Howe et al., 2013b). 

Replicating the path models in two cohorts purposefully similar in design (Ekinsmyth et al., 1992), 

enabled a meaningful comparison of research findings.  Descriptive analyses identified cohort 

differences in the distribution of the SEP indicator variables. Participants in the later-born cohort 

tended to be more advantaged than NCDS participants in relation to their income which has been 

identified elsewhere (Bukodi and Goldthorpe, 2011). Moreover, consistent with previous research 

(Willson et al., 2007), academic achievement was found to be more homogeneous in the BCS70 

compared to the NCDS.  

Despite these differences the results of the analyses were found to be similar across the two 

cohorts. Identifying a similar relationship between social circumstances in pre-adolescence and 

mid-adulthood and HRB cluster membership not only adds support to the assertion that these HRB 

clusters are equivalent across the two cohorts and may therefore exist in later-born cohorts (see 

chapter6, section 6.4), it also indicates that the relationship between HRB cluster membership and 

social circumstances in pre-adolescence and mid-adulthood may also be generalised to later-born 

British cohorts. 
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8 Chapter 8: Transitions in HRB cluster membership over time and the 

role of mid-adulthood SEP (objective 3) 

8.1 Introduction 

This chapter addresses the third research objective and associated research hypotheses (see 

chapter 4). The objective is to ascertain the stability of HRB clustering during mid-adulthood and 

identify the relationship between HRB clustering stability and social circumstances during mid-

adulthood.  

It is hypothesised that HRB cluster membership in mid-life will be relatively stable (>70% 

probability). At the same time, some change in HRB cluster membership will occur (approximately 

20% probability). This change will be in a positive direction (i.e. moving to clusters characterised by 

more positive HRBs than the one they leave behind). 

In addition, social circumstances in mid-adulthood are considered likely to influence the extent to 

which participants move from one HRB cluster to another. More advantaged SEP in mid-adulthood 

will be associated with transitions to HRB clusters characterised by more positive HRBs than the 

one they leave behind.  

Investigating change in HRB cluster membership during mid-life may elucidate ‘natural 

fluctuations’ (Mulder et al., 1998) that provide opportunities to modify lifestyles. Interventions 

that can enact HRB change in mid-life may have long-term health benefits given evidence that 

positive change in health lifestyles during mid-age can increase life expectancy (Berstad et al., 

2016) and reduce morbidity later in life (Artaud et al., 2016). 

To address the third research objective, only information from the NCDS was used due to a lack of 

equivalence in HRB measurement at age 34 and 42 in the BCS70. 

8.2 Methods 

8.2.1 Analytical sample 

Data were taken from the National Child Development Study (NCDS) when participants were age 

33 (data collected in 1991) and age 42 (data collected in 2000). The analytical sample included 

participants who had information on at least one of four HRBs (smoking, alcohol, diet, physical 

activity) at either age 33 or 42 (n=50 removed) and information on at least one SEP indicator from 
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either childhood (age 11) or mid-adulthood (age 33) (n=163 removed). This equated to a final 

analytical sample of 12,784. Appendix 8.1 provides a flowchart outlining the derivation of the final 

analytical sample.  

The data were collected in line with ethical approval procedures at both time points (Shepherd, 

2012a). The data were anonymised prior to being used in this doctoral work. Therefore, ethical 

approval was not required in order to conduct research on this data. 

8.2.2 Measures 

 Outcome: HRB cluster membership 

The four HRBs of interest: Smoking, alcohol, diet and physical activity were measured at ages 33 

and 42 in the NCDS using six variables: cigarette smoking, alcohol unit consumption, the frequency 

of fruit and vegetable consumption, fried food consumption and sweet food consumption and 

leisure-time physical activity frequency. A full description on the derivation of these measures is 

given in chapter 5 (see section 5.2.1). 

 Predictor: Socio-economic position (SEP) 

SEP for this work is a uni-dimensional construct incorporating material, occupational and cultural 

dimensions. The same indicator variables used to capture participants’ SEP in mid-adulthood at 

age 33 in the work presented in chapter 7 (see section 7.2.2) were used here. A full description on 

the derivation of these SEP indicator variables is given in chapter 5 (see section 5.2.2). 

8.2.3 Statistical analysis 

 Descriptive 

The distribution of the HRB variables and SEP indicators at each time point (i.e. ages 33 and 42) 

were examined. Wald test p values were calculated, determining statistically significant 

differences (p<0.05) between individual HRB parameters (i.e. means and proportions) across the 

two time points.   

 Confirmatory Factor Analysis (CFA) 

Confirmatory Factor Analysis (CFA) was undertaken to derive a uni-dimensional construct of SEP 

using material, occupational and cultural indicators at age 33. The same CFA model and observed 

indicators used to derive the SEP at age 33 construct in chapter 7 were used in this analysis (see 

section 7.2.3.2). However, unlike the CFA model in the previous chapter, which only used 
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information at age 33, this CFA model incorporated information from participants at age 33 and 

age 42. This analysis employed the WLSMV estimator in Mplus Version 7 (Muthén, 2014). 

Out of the 12,784 participants in the analytical sample, 162 (1.3%) had no data pertaining to the 

SEP indicators at age 33. As mentioned in chapter 7 (see section 7.2.3.2), in the absence of 

covariates in the model, the WLSMV estimator manages missing data by considering all available 

information for each pair of variables.15 Therefore, information regarding SEP at age 11 (using the 

same pre-adolescent SEP indicators as those identified in chapter 7 (see section 7.2.2.2)), was also 

incorporated into the CFA models on the premise that any missing information for SEP at age 33 

could be explained by indicators for SEP at age 11 (i.e. during pre-adolescence). By doing so, all 

participants could be retained in the analytical sample (N=12,784) because they all had 

information on at least one SEP indicator from either age 11 or age 33. The management of 

missing data in the CFA models using the WLSMV estimator was considered adequate based on 

the results of the sensitivity analysis conducted in chapter 7 (see section 7.3.5), which found the 

method to be robust. Missing data patterns for SEP indicator variables at age 11 and age 33 in the 

final analytical sample (N=12,784) are presented in Appendix 8.2. 

Standardised factor loadings, standard errors and p values for the SEP indicators as well as model 

fit indices from the CFA models were examined. Indicator variables with factor loadings >0.32 and 

p values <0.05 were considered to contribute moderately to the SEP construct (Tabachnick et al., 

2001). The RMSEA and CFI, used in chapter 7 (see section 7.2.3.2) to ascertain model fit, were 

again employed here. In order to improve model fit, the model modification indices from the CFA 

models were examined and correlations between pairs of SEP indicators, thought to be 

theoretically plausible (i.e. such as variables which were similar in wording and measurement), 

were free to correlate.  

 Latent Transition Analysis (LTA)  

8.2.3.3.1 Operationalising the LTA model 

Latent Transition Analysis (LTA) was undertaken in order to identify transitions between HRB 

clusters at ages 33 and 42, thus determining stability during mid-life. LTA is a longitudinal 

extension of Latent Profile Analysis (LPA) (Collins and Lanza, 2010) and was used here to 

                                                           
15This method is less restrictive than a missing completely at random assumption yet more restrictive than FIML (only available with an 

MLR estimator) which uses all available information under a missing at random assumption (Wang and Wang, 2012). 
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methodologically build upon the work from chapter 6, which used LPA to detect three distinct HRB 

clusters across two cohorts (see section 6.3.2.3).  

The LTA model consists of three parameters (Collins and Lanza, 2010). The first is the probability of 

responses to the observed HRB variables (item response probabilities) given cluster membership 

at each time point thus assessing the degree of error in each observed indicator in capturing the 

latent variable. The second is the proportion of participants in each cluster at ages 33 and 42. The 

third was the probability of transitioning to a cluster at age 42 given cluster membership at age 33. 

The MLR estimator was used to identify the maximum likelihood solution in Mplus Version 7 

(Muthén, 2014). The maximum likelihood estimate was identified by running multiple sets of 

random starts (4,000 partially, 1,000 fully). 

Similar to the LPA models outlined fully in chapter 6 (see section 6.2.3), in all the LTA models the 

assumption of conditional independence (i.e. any association between observed variables can be 

explained by the latent variable) (Collins and Lanza, 2010) was relaxed for the three diet variables 

at each time point because it was considered likely that they would be associated over and above 

what could be explained by the latent variable. Furthermore, the mean and variance of smoking in 

the largest cluster was again fixed at zero in order to aid model convergence given the very low 

prevalence of smoking previously identified in this cluster in chapter 6 (see section 6.2.3).  

To manage the modest amount of missing data for each HRB variable (the largest proportion being 

smoking at age 42; n=523, 4.1%) in the LTA models, the Full Information Maximum Likelihood 

function in Mplus Version 7 (Muthén, 2014) was employed. This approach uses all available 

information in the data under a missing at random (MAR) assumption (i.e. that missing data in one 

variable can be explained by other variables in the model) (Enders, 2010). 

8.2.3.3.2 A comparison of exploratory and confirmatory LTA model selection  

Two approaches to LTA model selection were considered. The first could be described as 

exploratory in nature and the second confirmatory. The exploratory approach mimics the analysis 

undertaken in chapter 6 whereby there is no a priori hypothesis on the optimal number of HRB 

clusters that may exist and can be considered purely data driven. In contrast, the confirmatory 

approach has substantive underpinnings whereby an a priori hypothesis on the number of clusters 

at each time point is proposed based on prior knowledge. In this case, the hypothesis would be 
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that the three distinct HRB clusters, ‘Risky, ‘Moderate Smokers’ and ‘Mainstream’, identified at 

age 33 in the NCDS in chapter 6, would once again emerge at age 42. 

The exploratory approach is considered given that this analysis is based on a new analytical sample 

consisting of participants at both age 33 and age 42. The inclusion of information from an 

additional time point and an increased sample size of 1,411 participants (N=12,784), may lead to 

an increase in statistical power, allowing for the detection of previously unidentified clustered 

patterns (Collins and Lanza, 2010). In consequence, whilst the 3-cluster LPA model was considered 

optimal based upon information at age 33 (see chapter 6), an LTA mode which is based on a new 

sample that incorporates information at two time points may lead to a different optimal solution.   

On the other hand, as mentioned in chapter 5 (see section 5.3) whilst data-driven approaches, 

such as LPA and LTA, are considered useful tools in elucidating behavioural patterns over time 

(Collins and Lanza, 2010; Reboussin et al., 1998) they are criticised for being largely subjective 

(Martinez et al., 1998; McAloney et al., 2013). In consequence, scholars suggest that model 

selection is based upon interpretability and relevant theory as well as model fit statistics (Nylund 

et al., 2007; Wang and Wang, 2012) and that exploratory approaches to latent variable modelling 

that do not take into account prior knowledge may be inefficient (Finch and Bronk, 2011). It could 

therefore be surmised, given the prior knowledge that now exists as a result of the analyses 

undertaken in chapter 6, a confirmatory approach to LTA model selection is more appropriate. 

To employ an LTA data-driven approach, LPA models were first run for each time point in order to 

ascertain whether the same number of HRB clusters were found at ages 33 and 42. In this work, 

LPA models with between 3 and 6 HRB clusters were considered. LPA model selection was 

determined by examining several model fit statistics including the likelihood ratio chi-squared test, 

entropy, Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), adjusted 

Bayesian Information Criterion (aBIC) and the Lo-Mendell Rubin likelihood ratio test (LMR LRT) 

(Collins and Lanza, 2010). Similarly to chapter 6 (see section 6.2.3), emphasis was placed upon the 

information criterion statistics (a lower number indicates an improvement in model fit) which 

balance model fit and parsimony. It was not possible to estimate bootstrapped LRM LRTs in these 

models despite following recommended procedures and using a high number of LRT starts. 

The second stage was to run a series of LTA models in order to elucidate whether the additional 

statistical power did in fact allow for the detection of previously unidentified clusters. Here, the 
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AIC, BIC and aBIC statistics from LTA models with between 3 and 7 clusters were compared in 

order to determine the optimal LTA model. Estimates from the LTA models were also examined to 

ascertain cluster interpretability.  

8.2.3.3.3 Measurement invariance over time 

In all of the LTA models (i.e. exploratory and confirmatory), measurement invariance across the 

two time points was assessed. Measurement invariance is imposed in LTA models in order to 

ensure identification of the LTA model and aid interpretation of class membership transitions 

(Collins and Lanza, 2010). Scholars recommend that measurement invariance is imposed 

whenever it can be reasonably assumed (Collins and Lanza, 2010).  

Measurement invariance over time was assessed both statistically and substantively. 

Measurement invariance assumptions were tested statistically using chi-square difference tests to 

compare the log-likelihood from LTA models allowing parameters to be freely estimated across 

time points (i.e. rejecting measurement invariance assumption) with those restricted to be equal 

over time (i.e. imposing measurement invariance).  

Measurement invariance was also evaluated in substantive terms, given the very high likelihood of 

a significant log-likelihood chi-square difference test (p<0.05) due to the large sample sizes 

(N>2000); thus, very minor differences will be detected (Meade and Lautenschlager, 2004). The 

substantive investigation of measurement invariance over time determined whether the nature of 

the HRB clusters were similar at both time points (Collins and Lanza, 2010). Substantive 

investigations involved the examination of the observed item indicator means (for continuous 

variables) and thresholds (for categorical variables) in the LPA models run separately at age 33 and 

age 42 and model estimates from the best fitting LTA model whereby parameters were freely 

estimated across time points.  

By their very nature, LTA models are considered to be autoregressive, i.e. the measurement model 

at one time point is related to the measurement model at the following time point (Sutton et al., 

2004). This is appropriate in this context, given evidence suggesting that an HRB at one time point 

strongly predicts that same HRB at a second time point (Laaksonen et al., 2002; Paavola et al., 

2004). In consequence, whilst the LPA model estimates were considered informative, emphasis 

was placed on the estimates from the freely estimated LTA models, which incorporate longitudinal 

information, in order to ascertain whether measurement invariance could be assumed over time. 
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 Latent Transition Analysis with a covariate 

Once the optimal LTA model had been identified for men and women, a covariate was 

incorporated into the model representing SEP at age 33. This ‘LTA with a covariate’ model tested 

the extent to which SEP at age 33 predicted HRB cluster membership at age 33 and the influence 

of SEP at age 33 on HRB cluster transitions between ages 33 and 42.  

Two models were run, separately for men and women. The first model estimated the crude effect 

of one unit increase of age 33 SEP (a higher score=more disadvantaged) on the likelihood of HRB 

cluster membership at age 33 (see Figure 8.1). The second model investigated moderation, 

estimating the effect of one unit increase of age 33 SEP on the likelihood of transitioning from one 

HRB cluster at age 33 to a different cluster at age 42 (see Figure 8.2).  

The ‘LTA with a covariate’ model is a type of SEM (Hoyle, 2012) and was operationalised in Mplus 

Version 7 (Muthén, 2014). The measurement model part of the SEM was the derivation of the HRB 

clusters at each time point (taken from the preferable LTA model) and the structural part was the 

transitions between the HRB clusters at ages 33 and 42 and the path between the covariate (i.e. 

SEP at age 33) and HRB cluster membership at age 33 (see Figure 8.1) and the path between the 

covariate and transitions in HRB cluster membership over time (Figure 8.2).  

Akin to chapter 7 (see section 7.2.3.7), the MLR estimator and ‘mixture’ type command in Mplus 

Version 7 (Muthén, 2014) was required to run the LTA models. The latent SEP constructs could not 

be derived in the same model because they are estimated using CFA models and the WLSMV 

estimator. Consequently, the ‘LTA with a covariate’ models incorporated the latent continuous 

uni-dimensional construct of SEP at age 33 as an observed variable. This was done by estimating 

and saving the factor scores (a higher score=more disadvantaged) using the regression method 

(DiStefano et al., 2009). As mentioned in chapter 7 (see section 7.2.3.5), this method of factor 

score estimation provides a high correlation between the observed estimated factor score and the 

latent construct (DiStefano et al., 2009). 

In these ‘LTA with a covariate’ models SEP at age 33 was conceptualised as a predictor of HRB 

clustering and therefore deemed to be independent of the derivation of the HRB clusters (i.e. the 

LTA measurement model). Given this premise, item means and thresholds for the measurement 

model were fixed (i.e. using the starting values from the optimal LTA measurement model). This 
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meant that the original measurement model would be retained following the inclusion of the 

covariate (Collins and Lanza, 2010).  

 

Figure 8.1 A ‘LTA with covariate’ model testing the effect of SEP at age 33 on HRB cluster 
membership at age 33 
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Figure 8.2 A ‘LTA with covariate’ model testing the effect of SEP at age 33 on transitions in HRB 
cluster membership between age 33 and age 42. 
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8.3 Results 

8.3.1 Descriptive  

Table 8.1, present the descriptive statistics for the HRB variables at age 33 and age 42. Wald tests 

indicated that smoking and diet behaviours tended to be more beneficial for health at age 42 in 

comparison to age 33. For both genders, the proportion of smokers was lower at age 42 in 

comparison to age 33 (age 33=31.5%, age 42=26.9%, p<0.001), although the average number of 

cigarettes smoked per day was not found to be statistically different (age 33 mean=17.35 (sd 8.9), 

age 42 mean=17.45 (sd 8.5), p>0.05). In comparison to age 33, at age 42 there was a higher mean 

frequency of fruit and vegetable consumption (age 33 mean=4.97 (sd 2.1), age 42 mean=5.48 (sd 

2.2), p<0.001), a lower mean frequency of fried food consumption (p<0.001) and a lower mean 

frequency of sweet food consumption (age 33 mean=3.14 (sd 1.6), age 42 mean=2.54 (sd 1.1), 

p<0.001). In contrast, physical activity levels and alcohol consumption tended to be less beneficial 

for health at age 42 in comparison to age 33. For men and women in comparison to age 33, the 

proportion participating in physical activity ≤3 times a week (age 33=31.4 %, age 42=34.6%) and 

the proportion consuming alcohol above recommended limits (age 33=17.8%, age 42=27.4%) were 

both higher at age 42 (p<0.001).  

Table 8.2 and Table 8.3, present descriptive statistics of the SEP indicators measured at age 11 and 

age 33 for participants in the final analytical sample (N=12,784). The frequency and distribution of 

the SEP indicator variables at age 11 and 33, among NCDS participants, were considered to be very 

similar to those presented in chapter 7 (see section 7.3.1).
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Table 8.1 Descriptive statistics for HRB indicator variables at age 33 and age 42 

HRB cluster indicator variables† Total age 33        Men age 33           Women age 33               Total age 42        Men age 42              Women age 42  

Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) 

Number of cigarettes smoked per day
 a 17.35 (8.9) 18.51 (9.52) 16.22 (8.20) 17.45 (8.52) 18.75 (9.02) 16.21 (7.82) 

Frequency of fruit and vegetable consumption
 b 4.97 (2.1) 4.40 (2.01) 5.51 (2.00) 5.48 (2.24) 4.67 (2.14) 5.97 (2.22) 

Frequency of fried food consumption b 3.14 (1.6) 3.58 (1.57) 2.73 (1.46) 2.54 (1.08) 2.79 (1.10) 2.30 (0.96) 

Frequency of sweet food consumption b 4.59 (2.3) 4.53 (2.28) 4.65 (2.34) 4.37 (2.29) 4.40 (2.27) 4.35 (2.30) 

Proportion smoking cigarettes daily 
0 
1–10 
11–20 
21+ 

11,330 (100%) 
7,761 (68.5%) 
1,031 (9.1%) 
1,896 (16.7%) 

642 (5.7%) 

5,560 (100%) 
3,797 (68.3%) 

458 (8.2%) 
912 (16.4%) 
393 (7.1%) 

5,770 (100%) 
3,964 (68.7%) 

573 (9.9%) 
984 (17.1%) 
249 (4.3%) 

10,717 (100%) 
7,830 (73.1%) 

790 (7.4%) 
1,582 (14.8%) 

515 (4.8%) 

5,266 (100%) 
3,855 (73.2%) 

333 (6.3%) 
740 (14.1%) 
338 (6.4%) 

5,451 (100%) 
3,975 (72.9%) 

457 (8.4%) 
842 (15.5%) 
177 (3.3%) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

11,311 (100%) 
3,548 (31.4%) 
2,480 (21.9%) 
2,402 (21.2%) 
2,881 (25.5%) 

5,561 (100%) 
1,773 (31.9%) 
1,166 (21.0%) 
1,292 (23.2%) 
1,330 (23.9%) 

5,750 (100%) 
1,775 (30.9%) 
1,314 (22.9%) 
1,110 (19.3%) 
1,551 (27.0%) 

11,208 (100%) 
3,877 (34.6%) 
2,022 (18.0%) 
2,377 (21.2%) 
2,932 (26.2%) 

5,527 (100%) 
1,895 (34.3%) 
1,080 (19.5%) 
1,193 (21.6%) 
1,359 (24.6%) 

5,681 (100%) 
1,982 (34.9%) 
942 (16.6%) 

1,184 (20.8%) 
1,573 (27.7%) 

Alcohol units consumed in the previous week c 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

11,367 (100%) 
2,424 (21.3%) 
6,920 (60.9%) 
2,023 (17.8%) 

5,583 (100%) 
754 (13.5%) 

3,280 (58.8%) 
1,549 (27.7%) 

5,784 (100%) 
1,670 (28.9%) 
3,640 (62.9%) 

474 (8.2%) 

11,194 (100%) 
2,065 (18.5%) 
6,062 (54.2%) 
3,067 (27.4%) 

5,518 (100%) 
712 (12.9%) 

2,746 (49.8%) 
2,060 (37.3%) 

5,676 (100%) 
1,353 (23.8%) 
3,316 (58.4%) 
1,007 (17.7%) 

Missing data N=12,784 (100%) N=6,396 (100%) N=6,388 (100%) N=12,784 (100%) N=6,396 (100%) N=6,388 (100%) 

Smoking 
Item missing 
No data at age 33 
No data at age 42 

 
104 (0.8%) 

1,350 (10.6%) 
N/A 

 
57 (0.9%) 

779 (12.2%) 
N/A 

 
47 (0.7%) 

571 (8.9%) 
N/A 

 
523 (4.1%) 

N/A 
1,544 (12.1%) 

 
280 (4.4%) 

N/A 
850 (13.3%) 

 
177 (2.8%) 

N/A 
694 (10.9%) 

Diet  
Fruit and vegetable consumption

 
item missing 

Fried food consumption
 
item missing 

Sweet food consumption
 
item missing 

No data at age 33 
No data at age 42 

 
68 (0.5%) 
79 (0.6%) 
80 (0.6%) 

1,350 (10.6%) 
N/A 

 
36 (0.6%) 
40 (0.6%) 
38 (0.6%) 

779 (12.2%) 
N/A 

 
32 (0.5%) 
39 (0.6%) 
42 (0.7%) 

571 (9.0%) 
N/A 

 
32 (0.3%) 
41 (0.3%) 
31 (0.2%) 

N/A 
1,544 (12.08%) 

 
19 (0.3%) 
29 (0.5%) 
19 (0.3%) 

N/A 
850 (13.3%) 

 
13 (0.2%) 
12 (0.2%) 
12 (0.2%) 

N/A 
694 (10.9%) 

Frequency of leisure-time physical activity 
Item missing 
No data at age 33 
No data at age 42 

 
123 (1.0%) 

1,350 (10.6%) 
N/A 

 
56 (0.9%) 

779 (12.2%) 
N/A 

 
67 (1.1%) 

571 (8.9%) 
N/A 

 
32 (0.3%) 

N/A 
1,544 (12.08%) 

 
19 (0.3%) 

N/A 
850 (13.3%) 

 
13 (0.2%) 

N/A 
694 (10.9%) 

Alcohol units consumed in the previous week 
Item missing 
No data at age 33 
No data at age 42 

 
67 (0.5%) 

1,350 (10.6%) 
N/A 

 
34 (0.5%) 

779 (12.2%) 
N/A 

 
33 (0.5%) 

571 (8.9%) 
N/A 

 
46 (0.4%) 

N/A 
1,544 (12.1%) 

 
28 (0.4%) 

N/A 
850 (13.3%) 

 
18 (0.3%) 

N/A 
694 (10.9%) 

† Proportions excluding missing data.  
a. Range 1–80 age 33. Range 1–70 age 42. 
b. A Higher score indicates a higher consumption frequency. Range 0–10. Diet score equivalent (rounded to zero decimal places): ‘never’ [0] ‘occasionally /less than 1 day a week’ [1–2] ‘1–2 days a 

week’ [3–4] ‘3–6 days a week’ [5–6] once a day’ [7–8] ‘more than once a day’ [9–10]. 
c. ‘No units’ category includes never drinkers and non-frequent drinkers who report 0 units in the previous week. Frequent drinkers who report 0 units in the previous week have been placed in 

category ‘within limits’. 
N/A = not applicable.
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Table 8.2 Descriptive statistics for age 11 SEP indicator variables 

Age 11 SEP indicator variables Total 
N=12,784 (100%) 

Men  
n=6,396 (100%) 

Women  
n=6,388 (100%) 

Housing tenure 
Owner occupied/private rent/tied to occupation/other  
Council rented 
Item missing 
No data age 0–16 

 
6,422 (50.2%) 
4,489 (35.1%) 
1,052 (8.2%) 
821 (0.6%) 

 
3,251 (50.8%) 
2,214 (34.6%) 
531 (8.3%) 
400 (0.6%) 

 
3,171 (49.6%) 
2,275 (35.6%) 
521 (8.2%) 
421 (0.6%) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 to 2 people per room 
>2 people per room 
Item missing 
No data age 0–16 

 
4,034 (31.6%) 
2,716 (21.3%) 
2,941 (23.0%) 
987 (7.7%) 
231 (1.8%) 
1,054 (8.2%) 
821 (0.6%) 

 
2,033 (31.8%) 
1,364 (21.3%) 
1,461 (22.8%) 
482 (7.5%) 
122 (1.9%) 
534 (8.3%) 
400 (0.6%) 

 
2,001 (31.3%) 
1,352 (21.2%) 
1,480 (23.2%) 
505 (7.9%) 
109 (1.7%) 
520 (8.1%) 
421 (0.6%) 

Free school meals 
No 
Yes 
Item missing 
No data age 0–16 

 
9,758 (76.3%) 
1,026 (8.0%) 
1,179 (9.2%) 
821 (6.4%) 

 
4,916 (76.9%) 
485 (7.6%) 
595 (9.3%) 
400 (6.3%) 

 
4,842 (75.8%) 
541 (8.5%) 
584 (6.70%) 
421 (6.6%) 

Benefits received (unemployment benefit, income support, family income supplement) 
No benefits 
=>1 benefits 
Item missing 
No data age 0–16 

 
8,088 (63.3%) 
839 (6.6%) 
3,036 (23.7%) 
821 (6.4%) 

 
4,041 (63.2%) 
411 (6.4%) 
1,544 (24.1%) 
400 (6.3%) 

 
4,047 (63.4%) 
428 (6.7%) 
1,492 (23.3%) 
421 (6.6%) 

Mothers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 
Item missing 
No data age 0–16 

 
3,027 (23.7%) 
8,744 (68.4%) 
192 (1.5%) 
821 (6.4%) 

 
1,517 (23.7%) 
4,386 (68.6%) 
93 (1.5%) 
400 (6.3%) 

 
1,510 (23.6%) 
4,358 (68.8%) 
99 (1.5%) 
421 (6.6%) 

Fathers education 
Stayed past minimum school-leaving age 
Did not stay past minimum school-leaving age 
Item missing 
No data age 0–16 

 
2,693 (21.1%) 
8,481 (66.3%) 
789 (6.2%) 
821 (6.4%) 

 
1,335 (20.9%) 
4,271 (66.8%) 
390 (6.1%) 
400 (6.3%) 

 
1,358 (21.3%) 
4,210 (65.9%) 
399 (6.2%) 
421 (6.6%) 

Parental interest in education 
Over concerned  
Very interested 
Some interest  
Little interest  
Item missing 
No data age 0–16 

 
233 (1.8%) 
3,639 (28.5%) 
4,086 (32.0%) 
2,031 (15.9%) 
1,974 (15.4%) 
821 (6.4%) 

 
120 (1.9%) 
1,755 (27.4%) 
2,069 (32.4%) 
1,080 (16.9%) 
972 (15.2%) 
400 (6.3%) 

 
113 (1.8%) 
1,884 (29.5%) 
2,017 (31.6%) 
951 (14.9%) 
1,002 (15.7%) 
421 (6.6%) 

Note: Information for mother’s education taken at cohort member’s birth and information for father’s education taken at age 7.  
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Table 8.3 Descriptive statistics for age 33 SEP indicator variables 

Age 33 SEP indicator variables Total  
N=12,784 (100%) 

Men  
n=6,396 (100%) 

Women  
n=6,388 (100%) 

Housing tenure 
Owner occupied/private rent/other  
Council rented 
Item missing 
No data at age 33 

 
8,851 (69.2%) 
1,588 (12.4%) 
995 (7.8%) 
1,350 (10.6%) 

 
4,326 (67.6%) 
669 (10.5%) 
622 (9.7%) 
779 (12.2%) 

 
4,525 (70.8%) 
919 (14.4%) 
373 (5.8%) 
571 (8.9%) 

Overcrowding 
<1 person per room 
1 person per room 
>1 to 1.5 people per room 
>1.5 people per room 
Item missing 
No data at age 33 

 
7,488 (58.6%) 
2,366 (18.5%) 
1,142 (8.9%) 
149 (1.2%) 
289 (2.3%) 
1,350 (10.6%) 

 
3,715 (58.1%) 
1,153 (18.03%) 
512 (8.0%) 
69 (1.1%) 
168 (2.6%) 
779 (12.2%) 

 
3,772 (59.1%) 
1,213 (19.0%) 
630 (9.9%) 
80 (1.3%) 
121 (1.9%) 
571 (8.9%) 

Car ownership 
Yes 
No 
Item missing 
No data at age 33 

 
9,658 (75.6%) 
1,604 (12.6%) 
172 (1.3%) 
1,350 (10.6%) 

 
4,759 (74.4%) 
779 (12.2%) 
79 (1.2%) 
779 (12.2%) 

 
4,899 (76.7%) 
825 (12.9%) 
93 (1.5%) 
571 (8.9%) 

Benefits received (income support, unemployment benefit, housing benefit) 
No benefits 
=>1 benefits 
Item missing 
No data at age 33 

 
10,160 (79.5%) 
1,165 (9.1%) 
108 (0.8%) 
1,350 (10.6%) 

 
5,097 (79.7%) 
467 (7.3%) 
53 (0.8%) 
779 (12.2%) 

 
5,064 (79.3%) 
698 (11.0%) 
55 (0.9%) 
571 (8.9%) 

NS-SEC 
Higher managerial, administrative and professional  
Intermediate  
Routine and manual 
Item missing 
No data at age 33 

 
3,578 (28.0%) 
2,680 (21.0%) 
4,483 (35.1%) 
693 (5.4%) 
1,350 (10.6%) 

 
2,008 (31.4%) 
1,044 (16.3%) 
2,332 (36.5%) 
233 (3.6%) 
779 (12.2%) 

 
1,570 (24.6%) 
1,636 (25.6%) 
2,151 (33.7%) 
460 (7.2%) 
571 (8.9%) 

Access to employer pension scheme  
No 
Yes 
Item missing 
No data at age 33 

 
2,606 (20.4%) 
4,797 (37.5%) 
4,031 (31.5%) 
1,350 (10.6%) 

 
998 (15.6%) 
2,887 (45.1%) 
1,732 (27.7%) 
779 (12.2%) 

 
1,608 (25.2%) 
1,910 (29.9%) 
2,299 (36.0%) 
571 (8.9%) 

Chance to buy shares (NCDS only) 
No 
Yes 
Item missing  
No data at age 33 

 
5,562 (43.5%) 
1,841 (14.4%) 
4,031 (31.5%) 
1,350 (10.6%) 

 
2,701 (42.2%) 
1,184 (18.5%) 
1,732 (27.1%) 
779 (12.2%) 

 
2,861 (44.8%) 
657 (10.3%) 
2,299 (36.0%) 
571 (8.9%) 
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Table 8.3 Descriptive statistics for age 33 SEP indicator variables (continued) 

Age 33 SEP indicator variables Total  
N=12,784 (100%) 

Men  
n=6,396 (100%) 

Women  
n=6,388 (100%) 

Access to company car (NCDS only) 
No 
Yes 
Item missing  
No data at age 33 

 
6,107 (47.8%) 
1,296 (10.1%) 
4,031 (31.5%) 
1,350 (10.6%) 

 
2,826 (44.2%) 
1,059 (16.6%) 
1,732 (27.1%) 
779 (12.2%) 

 
3,281 (51.4%) 
237 (3.7%) 
2,299 (36.0%) 
571 (8.9%) 

Private medical insurance (NCDS only) 
No 
Yes 
Item missing  
No data at age 33 

 
6,037 (47.2%) 
1,366 (10.7%) 
4,031 (31.5%) 
1,350 (10.6%) 

 
2,921 (45.7%) 
964 (15.1%) 
1,732 (27.1%) 
779 (12.2%) 

 
3,116 (48.8%) 
402 (6.3%) 
2,299 (36.0%) 
571 (8.9%) 

Highest held qualification 
No qualifications 
CSE 2–5/NVQ1 
O Level/ NVQ2 
A Level/NVQ3 
Diploma or higher qualification below degree/NVQ4  
Degree or higher/NVQ5 or 6 
Item missing 
No data at age 33 

 
1,402 (11.0%) 
1,387 (10.9%) 
3,803 (29.8%) 
1,568 (12.3%) 
1,577 (12.3%) 
1,401 (11.0%) 
296 (2.3%) 
1,350 (10.6%) 

 
619 (9.7%) 
607 (9.5%) 
1,669 (26.1%) 
1,001 (15.7%) 
785 (12.3%) 
770 (12.0%) 
166 (2.6%) 
779 (12.2%) 

 
783 (12.3%) 
780 (12.2%) 
2,134 (33.4%) 
567 (8.9%) 
792 (12.4%) 
631 (9.9%) 
130 (2.0%) 
571 (8.9%) 

 Mean(sd) Mean(sd) Mean(sd) 

Age left full-time education (range 14 to 33) 
Item missing 

17.2 (2.1) 
464 (3.6%) 

17.2 (2.2) 
267 (4.2%) 

17.2 (2.0) 
197 (3.1%) 

Highest household Cambridge scale (range 10 to 99) 
Item missing 
No data at age 33 

55.3 (14.8) 
675 (5.3%) 
1,350 (10.6%) 

54.0 (14.6) 
221 (3.5%) 
779 (12.2%) 

56.7 (14.9) 
454 (7.1%) 
571 (8.9%) 

Weekly net household income adjusted for household size (range £0 to £90,000) 
Item missing 
No data at age 33 

195.0 (1090.7) 
1,742 (13.6%) 
1,350 (10.6%) 

209.8 (1516.0) 
967 (15.1%) 
779 (12.2%) 

181.7 (419.1) 
775 (12.1%) 
571 (8.9%) 

   Note: Information for ‘age left full-time education’ taken from age 42.  
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8.3.2 Confirmatory Factor Analysis 

Table 8.4 presents the results of the CFA model run separately for men and women, including 

indicators of SEP at age 11 and at age 33. The results of the CFA model, incorporated six 

correlations (see note 2 under Table 8.4) between pairs of indicator variables, all of which were 

theoretically plausible. These six correlations were the same as those used to derive the SEP 

construct at age 33 in chapter 7 (see section 7.3.2).   

The inclusion of these correlations improved the CFA model fit substantially from being below 

recommended thresholds, i.e. CFI <0.9, RMSEA >0.05 and RMSEA close fit test (p<0.05) (Wang and 

Wang, 2012), to being adequate, for both men (CFI = 0.936, RMSEA = 0.047 (95% CI = 0.045, 

0.048), RMSEA close fit test p value = 1.000) and women (CFI = 0.943, RMSEA = 0.047 (95% CI = 

0.046, 0.049), RMSEA close fit test p value = 0.997). All indicators loaded significantly onto their 

respective SEP construct (p<0.001) with the exception of the ‘chance to buy shares’ indicator 

variable amongst women (p>0.05). However, this variable was retained due to being statistically 

significant (p<0.05) amongst men. The majority of the SEP indicators were deemed to contribute 

at least moderately to their respective SEP construct (factor loading >0.32). 

Each CFA model produced two continuous latent constructs, one capturing SEP at age 11 the other 

capturing SEP at age 33. These constructs were considered to be uni-dimensional, capturing 

material and cultural dimensions of SEP at age 11 and material, occupational and cultural 

dimensions of SEP at age 33. A higher score on each construct indicated more disadvantaged SEP 

at that age. Each latent construct had a mean of zero and an estimated variance. In order to treat 

the latent construct for SEP at age 33 as observed in further analyses, the estimated factor scores 

from the latent constructs for SEP at ages 11 and 33 were saved. Descriptive analyses of these 

estimated factor scores found them to be normally distributed with a mean very close to 0. The 

descriptive statistics for the latent constructs for SEP at age 11 and at age 33 and the 

corresponding observed estimated factor scores are presented in Appendix 8.3. 
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Table 8.4 Estimates from ‘combined’ CFA models incorporating both pre-adolescent and mid-
adulthood SEP indicator variables in the NCDS 

Pre-adolescent Indicator Variables NCDS Men (n=6,396) 

Estimate (S.E) 

NCDS Women (n=6,388) 

Estimate (S.E) 

Housing tenure 0.71 (0.02) 0.69 (0.02) 

Overcrowding 0.57 (0.01) 0.58 (0.01) 

Free school meals 0.65 (0.02) 0.59 (0.03) 

Benefits received 0.57 (0.03) 0.56 (0.03) 

Mothers education 0.65 (0.02) 0.65 (0.02) 

Fathers education 0.70 (0.02) 0.71 (0.02) 

Parental interest in education 0.64 (0.02) 0.63 (0.01) 

Mid-adulthood Indicator Variables NCDS Men (n=6,396) 

Estimate (S.E) 

NCDS Women (n=6,388) 

Estimate (S.E) 

Housing tenure 0.78 (0.02) 0.78 (0.02) 

Overcrowding 0.48 (0.02) 0.45 (0.02) 

Car ownership 0.30 (0.02) 0.45 (0.02) 

Benefits received 0.52 (0.02) 0.61 (0.02) 

Household income  -0.48 (0.01) -0.54 (0.01) 

NS-SEC 0.80 (0.01) 0.75 (0.01) 

Access to employer pension scheme  -0.28 (0.02) -0.49 (0.02) 

Chance to buy shares  -0.19 (0.02) 0.01 (0.03)* 

Access to company car  -0.41 (0.02) -0.28 (0.02) 

Private medical insurance  -0.43 (0.02) -0.23 (0.02) 

Highest held qualification -0.76 (0.01) -0.83 (0.01) 

Age left full-time education  -0.63 (0.01) -0.65 (0.01) 

Highest household Cambridge scale  -0.73 (0.01) -0.81 (0.01) 

Note 1: Standardised factor loadings. All loadings statistically significant (p<0.001) except superscripts; *=p>0.05.                                                             

Note 2: Six correlations between indicator measurement errors included in the model based on modification 

indices 1) NS-SEC and highest household Cambridge scale; 2) Access to a company car and employer offering 

private medical insurance; 3) household income and employer offering private medical insurance; 4) the chance to 

buy shares in company and employer offering a pension scheme; 5) being in receipt of benefits and car 

ownership; 6) number of  years in education and highest held qualification.           
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8.3.3 Latent Transition Analysis  

 Exploratory LTA model selection 

Table 8.5 and Table 8.6, present the model fit statistics for LPA models each with 3 to 6 HRB 

clusters, run separately at each time point and according to gender. Table 8.7 presents the model 

fit statistics for a series of LTA models with numbers of HRB clusters increasing from 3 to 7. 

As previously identified in chapter 6 (see section 6.3.2.1), based solely upon the model fit statistics 

from the LPA models at age 33, a 4-cluster model was found to be optimal for men and women at 

age 33. Examining the model fit statistics for men and women at age 42 also found that amongst 

men a 4-cluster solution was preferred. For men and women at age 33 and men at age 42, the 5-

cluster LPA model BIC statistic is higher than that of the 4-cluster LPA model and the LMR LRT p 

value is not statistically significant (p>0.1). For women at age 42, the 5-cluster LPA model is 

preferable to the 4-cluster LPA model, given that there is a lower BIC statistic than the 4- and 6- 

cluster models, a significant LRM LRT p value (<0.1) and entropy >0.9. 

 

Table 8.5 Model fit statistics for NCDS LPA models at age 33 

MEN (n=5,586) Log-likelihood AIC BIC aBIC Lo-Mendell-Rubin 
LRT p value 

Entropy 

3 cluster 38917.438 77916.877 78188.626 78058.340 0.03 0.978 

4 cluster 38850.141 77808.282 78166.195 77994.599 0.06 0.917 

5 cluster 38811.209 77756.417 78200.494 77987.589 0.15 0.861 

6 cluster 38778.255 77716.510 78246.751 77992.536 0.76 0.874 

WOMEN (n=5,787) Log-likelihood AIC BIC aBIC Lo-Mendell-Rubin 
LRT p value 

Entropy 

3 cluster 38915.657 77913.313 78186.511 78056.225 <0.001 0.899 

4 cluster 38849.292 77806.585 78166.407 77994.811 0.01 0.905 

5 cluster 38817.567 77769.134 78215.580 78002.673 0.23 0.903 

6 cluster 38790.693 77741.385 78274.455 78020.238 0.81 0.884 

Note: Preferred model highlighted in bold. Bootstrapped Lo-Mendell-Rubin LRT p values could not be estimated. 
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Table 8.6 Model fit statistics for NCDS LPA models at age 42 

MEN (n=5,529) Log-likelihood AIC BIC aBIC Lo-Mendell-
Rubin LRT p 
value 

Entropy 

3 cluster 35811.814 71705.629 71976.957 71846.671 0.01 0.960 

4 cluster 35726.248 71560.496 71917.855 71746.259 <0.001 0.947 

5 cluster 35681.915 71497.829 71941.219 71728.314 0.20 0.907 

6 cluster 35649.885 71459.771 71989.192 71734.976 0.51 0.919 

WOMEN (n=5,683) Log-likelihood AIC BIC aBIC Lo-Mendell-
Rubin LRT p 
value 

Entropy 

3 cluster 36042.687 72167.375 72439.830 72309.544 0.05 0.928 

4 cluster 35940.479 71988.959 72347.801 72176.206 0.01 0.964 

5 cluster 35873.780 71881.560 72326.791 72113.884 0.02 0.906 

6 cluster 35826.518 71813.035 72344.654 72090.438 0.10 0.898 

Note: Preferred model highlighted in bold. Bootstrapped Lo-Mendell-Rubin LRT p values could not be estimated. 

 

The model fit statistics comparing LTA models, incorporating information from both time points, 

suggest the 6-cluster LTA model as the optimal solution. This model has a lower BIC than LTA 

models with 5 and 7 clusters, and the 7-cluster LTA model for men is not identified.  

 

Table 8.7 Model fit statistics for NCDS LTA models 

MEN (n=6,396) Log-
likelihood 

AIC BIC aBIC Entropy 

3 cluster 74322.630 148757.260 149136.012 148958.059 0.869 

4 cluster 74067.639 148291.277 148818.825 148570.961 0.888 

5 cluster 73906.364 148016.729 148706.598 148382.469 0.890 

6 cluster 73763.618 147783.237 148648.955 148242.205 0.887 

7 cluster a 73673.958 147659.915 148715.010 148219.282 0.902 

WOMEN (n=6,388) Log-
likelihood 

AIC BIC aBIC Entropy 

3 cluster 74093.473 148298.947 148677.628 148499.675 0.904 

4 cluster 73845.118 147846.236 148373.686 148125.822 0.901 

5 cluster 73670.379 147544.758 148234.500 147910.371 0.903 

6 cluster 73507.250 147270.500 148136.059 147729.308 0.905 

7 cluster b 73422.916 147157.832 148212.731 147717.004 0.905 

Note: Measurement invariance assumed over time. Preferred model highlighted in bold.                                                                                                                              

a The model was unidentified the log-likelihood did not replicate. Out of 1,000 fully run models with random starts 635 did not 

converge. Fit statistics may not be reliable but are included for comparative purposes.                                                                                                                                                                                                                                     

b The model was identified the log-likelihood was replicated. Out of 1,000 fully run models with random starts 470 did not 

converge.                     
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Based on these model fit statistics, it would appear that the 6-cluster LTA should be selected. 

However, as recommended (Collins and Lanza, 2010), estimates from the 4-, 5- and 6-cluster LTA 

models were examined to ascertain whether cluster size and interpretability were adequate. 

Additionally, given that LTA models rely heavily on the measurement invariance assumption 

(Collins and Lanza, 2010), estimates from 4-, 5- and 6-cluster LPA models at each time point were 

also examined to ascertain whether measurement invariance could be reasonably assumed. The 

estimates from these exploratory 4-, 5- and 6-cluster LTA and LPA models are presented in 

Appendix 8.4. 

In all of the LTA models, the original three cluster patterns (‘Risky’, ‘Moderate Smokers’ and 

‘Mainstream’) appeared to be stable, although there was some variation in cluster prevalence. 

These cluster patterns were also stable in the LPA models at ages 33 and 42. The 4-, 5- and 6-

cluster LTA models (and to some extent the LPA models) elucidated additional clustered patterns. 

These additional clustered patterns are described fully in Appendix 8.4.  

For men and women, the cluster patterns found in the 4-, 5- and 6-cluster LPA models were not 

consistent with those identified in the 4-, 5- and 6-cluster LTA models. This suggested that there 

was little substantive evidence of measurement invariance holding for each of these models. 

 Confirmatory LTA model selection 

Table 8.8 and Table 8.9 present the results of a 3-cluster LTA model, run separately for men and 

women. These models can be considered as ‘fixed’ models because they assume measurement 

invariance over time – i.e. that the nature of the three previously derived clusters, ‘Risky’, 

‘Moderate Smokers’ and ‘Mainstream’, are the same at ages 33 and 42. 

In order to assess measurement invariance, the ‘fixed’ 3-cluster LTA models were compared with 

estimates from ‘free’ LTA models, whereby cluster patterns were free to vary at each time point. 

Table 8.10 presents the results of a statistical test for measurement invariance (i.e. chi-square 

difference test of LTA model log-likelihoods). 

Comparisons of the ‘fixed’ and ‘free’ 3-cluster LTA models (see Table 8.10) found the chi-square 

difference test to be significant (p<0.001) suggesting that measurement invariance does not hold 

quantitatively for men or women. This is to be expected given the large sample sizes. However, 
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the measurement invariance assumption of the ‘fixed’ 3 cluster LTA models could be considered 

reasonable based on a substantive examination of the LPAs run separately at each time point for 

each gender (see Appendix 8.5).  

 

Table 8.8 Estimates from ‘fixed’ 3-cluster LTA model in the NCDS (men) 

NCDS Men Total N=6,396  Cluster 1 

‘Risky’             

 

  

Cluster 2                   

‘Moderate 

Smokers’                   

 

Cluster 3 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

849 (13.2%)             

195 (3.0%) 

1,247 (19.5%) 

1,616 (25.3%) 

4,301 (67.2%) 

4,584 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  22.38 (14.5) 17.16 (0.67) 0 

Frequency of fruit and vegetable consumption
 
 3.06 (0.21) 4.38 (0.14) 4.97 (0.03) 

Frequency of fried food consumption  5.10 (0.25) 3.00 (0.05) 3.03 (0.02) 

Frequency of sweet food consumption  3.61 (0.20) 4.31 (0.10) 4.64 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.50 (0.04) 

0.17 (0.02) 

0.15 (0.02) 

0.18 (0.02) 

 

0.41 (0.02) 

0.19 (0.01) 

0.19 (0.01) 

0.21 (0.01) 

 

0.29 (0.01) 

0.21 (0.01) 

0.25 (0.01) 

0.26 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.14 (0.02) 

0.39 (0.04) 

0.48 (0.04) 

 

0.16 (0.01) 

0.46 (0.02) 

0.38 (0.02) 

 

0.12 (0.01) 

0.59 (0.01) 

0.29 (0.01) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.23 (0.03) 

0a  

0a 

0.60 (0.03) 

0.72 (0.02) 

0.05 (<0.01) 

0.17 (0.02) 

0.27 (0.02) 

0.95 (<0.01) 

Note: Cluster prevalence based on estimated model. Transitions probabilities in bold correspond to staying in the same HRB 

cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal 

across time). Transition probabilities sum to 1.0 (with rounding error) across rows. Superscript a = transitions not estimated 

in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.9 Estimates from ‘fixed’ 3-cluster LTA model in the NCDS (women) 

NCDS Women Total N=6,388 Cluster 1 

‘Risky’             

 

  

Cluster 2                   

‘Moderate 

Smokers’                   

 

Cluster 6 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

725 (11.4%)             

524 (8.2%) 

1,318 (20.6%) 

1,289 (20.1%) 

4,345 (68.0%) 

4,575 (71.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  21.05 (0.07) 13.88 (0.28) 0 

Frequency of fruit and vegetable consumption
 
 3.44 (0.09) 5.66 (0.11) 6.07 (0.03) 

Frequency of fried food consumption  3.67 (0.17) 2.37 (0.05) 2.41 (0.02) 

Frequency of sweet food consumption  4.04 (0.21) 4.16 (0.10) 4.67 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.63 (0.02) 

0.13 (0.01) 

0.07 (0.01) 

0.17 (0.02) 

 

0.33 (0.02) 

0.18 (0.01) 

0.19 (0.01) 

0.30 (0.01) 

 

0.29 (0.01) 

0.21 (0.01) 

0.22 (0.01) 

0.28 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.30 (0.03) 

0.47 (0.02) 

0.23 (0.02) 

 

0.28 (0.01) 

0.56 (0.02) 

0.15 (0.01) 

 

0.25 (0.01) 

0.64 (0.01) 

0.11 (0.01) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.72 (0.04) 

0a 

0.001 (<0.01) 

0.19 (0.04) 

0.75 (0.03) 

0.04 (<0.01) 

0.09 (0.02) 

0.25 (0.02) 

0.96 (<0.01) 

Note: Cluster prevalence based on estimated model. Transitions probabilities in bold correspond to staying in the same HRB 

cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal 

across time). Transition probabilities sum to 1.0 (with rounding error) across rows. Superscript a = transitions not estimated 

in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.10 Chi-square difference tests for LTA model log-likelihoods (fixed vs free) 

NCDS Men a 

(n=6,396) 

Log-

likelihood  

No. of 

parameters 

estimated  

Scaling 

correction 

factor 

Difference 

test                    

p value c 

AIC  BIC aBIC Entropy 

Model 1a -74322.662 56 1.3541 <0.001 148757.324 149136.076 148958.122 0.869 

Model 2b -73715.035 82 1.1565 147594.070 148148.671 147888.097 0.907 

NCDS 

Women a 

(n=6,388) 

Log-

likelihood  

No. of 

parameters 

estimated  

Scaling 

correction 

factor 

Difference 

test               

p value c 

AIC  BIC aBIC Entropy 

Model 1a -74093.473 56 1.2841 <0.001 148298.947 148677.628 148499.675 0.904 

Model 2b -73606.027 82 1.1385 147376.053 147930.552 147669.977 0.923 

a Model 1 = cluster parameter estimates (item means/thresholds) are restricted to be equal over time.  
b Model 2 = cluster parameter estimates (item means/thresholds) can vary over time. 
c Difference test p value for nested models (comparing fixed and free). 

 

Estimates from the ‘fixed’ LTA models were compared with the ‘free’ LTA models (see Table 8.11 

to Table 8.16). Unlike the LPA models run separately at each time point (see Appendix 8.5), the 

‘free’ LTA model incorporated longitudinal information to influence the measurement model. As 

mentioned above (see section 8.2.3.3), given that LTA models are inherently autoregressive, 

emphasis was placed on the estimates from the ‘free’ LTA model, incorporating information from 

both time points, in comparison with estimates from the LPA models run separately at each time 

point in order to ascertain whether measurement invariance could be reasonably assumed. 

The item means and thresholds from these ‘free’ LTA models (tables Table 8.11 to Table 8.14) 

suggested that for both genders the cluster patterns for the ‘Moderate Smokers’ and ‘Mainstream’ 

clusters were similar across time points. Moreover, the transition probabilities for these two 

clusters were similar to those found in the ‘fixed’ LTA models (tables Table 8.15 to Table 8.16). This 

suggested that for men and women measurement invariance could be reasonably assumed for the 

‘Moderate Smokers’ and ‘Mainstream’ clusters.  

However, the ‘free’ LTA model estimates indicated that cluster patterns were less consistent for 

the ‘Risky’ cluster at each time point. Examination of the parameters (item means/thresholds) and 

standard errors elucidated that the ‘Risky’ cluster patterns differed for men in relation to fried 

food consumption (age 33 mean=5.15 (sd 0.17), age 42 mean=3.54 (sd 0.14), p<0.05) and for 

women in relation to fried food consumption (age 33 mean=4.13 (sd 0.11), age 42 mean=2.83 (sd 
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0.10), p<0.05) and physical activity (≤3 times a month age 33=57%, age 42=65%, overall p<0.05). 

Therefore, the difference in the clustered patterns and transitions for the ‘Risky’ cluster in the 

‘fixed’ LTA model compared to the ‘free’ LTA model suggested that the assumption of 

measurement invariance over time did not fully hold for members of the ‘Risky’ cluster. This 

indicates partial measurement invariance over time for the ‘Risky’ cluster which is further 

investigated in section 8.3.3.4. 

 

 

 
 



192 
 

Table 8.11 Parameter estimates from ‘free’ 3-cluster LTA model at age 33 in the NCDS (men) 

NCDS Men Total N=6,396 Cluster 1 ‘Risky’            

n=602 (9.4%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,493 (23.4%) 

Cluster 3 ‘Mainstream’         

n=4,300 (67.2%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  25.20 (1.50) 15.87 (0.35) 0 

Frequency of fruit and vegetable consumption
 
 2.78 (0.11) 4.30 (0.12) 4.65 (0.03) 

Frequency of fried food consumption  5.15 (0.17) 3.60 (0.08) 3.37 (0.02) 

Frequency of sweet food consumption  3.44 (0.23) 4.41 (0.13) 4.71 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.54 (0.04) 
0.17 (0.03) 
0.14 (0.02) 
0.16 (0.02) 

 
0.35 (0.02) 
0.22 (0.01) 
0.21 (0.01) 
0.22 (0.01) 

 
 0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.15 (0.03) 
0.30 (0.04) 
0.55 (0.04) 

 
0.14 (0.01) 
0.56 (0.02) 
0.30 (0.02) 

 
 0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

Note: Cluster prevalence based on estimated model. 

Table 8.12 Parameter estimates from ‘free’ 3-cluster LTA model at age 42 in the NCDS (men) 

NCDS Men Total N=6,396 Cluster 1 ‘Risky’            

n=535 (8.3%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,274 (19.9%) 

Cluster 3 ‘Mainstream’         

n=4,587 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  25.25 (1.55) 16.02 (0.36) 0 

Frequency of fruit and vegetable consumption
 
 2.94 (0.12) 4.67 (0.14) 5.27 (0.03) 

Frequency of fried food consumption  3.54 (0.14) 2.79 (0.04) 2.71 (0.02) 

Frequency of sweet food consumption  3.41 (0.24) 4.39 (0.15) 4.50 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.62 (0.04) 
0.10 (0.03) 
0.09 (0.02) 
0.19 (0.03) 

 
0.40 (0.02) 
0.19 (0.01) 
0.19 (0.01) 
0.22 (0.01) 

 
 0.30 (0.01) 
0.21 (0.01) 
0.24 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.18 (0.03) 
0.23 (0.03) 
0.59 (0.04) 

 
0.16 (0.02) 
0.43 (0.02) 
0.40 (0.02) 

 
 0.11 (0.01) 
0.54 (0.01) 
0.34 (0.01) 

Note: Cluster prevalence based on estimated model. 
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Table 8.13 Parameter estimates from ‘free’ 3-cluster LTA model at age 33 in the NCDS (women) 

NCDS Women Total N=6,388 Cluster 1 ‘Risky’            

n=750 (11.7%) 

Cluster 2 ‘Moderate Smokers’               

n=1,295 (20.3%) 

Cluster 3 ‘Mainstream’         

n=4,343 (68.0%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  20.62 (0.67) 13.72 (0.27) 0 

Frequency of fruit and vegetable consumption
 
 3.52 (0.10) 5.67 (0.10) 5.79 (0.03) 

Frequency of fried food consumption  4.13 (0.11) 2.54 (0.07) 2.55 (0.02) 

Frequency of sweet food consumption  4.14 (0.20) 4.25 (0.11) 4.85 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.57 (0.02) 
0.19 (0.02) 
0.09 (0.01) 
0.18 (0.02) 

 
0.29 (0.02) 
0.22 (0.01) 
0.20 (0.01) 
0.31 (0.02) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.29 (0.03) 
0.54 (0.03) 
0.17 (0.02) 

 
0.29 (0.02) 
0.62 (0.02) 
0.09 (0.01) 

 
0.29 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

Note: Cluster prevalence based on estimated model. 

Table 8.14 Parameter estimates from ‘free’ 3-cluster LTA model at age 42 in the NCDS (women) 

NCDS Women Total N=6,388 Cluster 1 ‘Risky’            

n=700 (11.0%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,111 (17.4%) 

Cluster 3 ‘Mainstream’         

n=4,578 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  20.12 (0.81) 13.70 (0.03) 0 

Frequency of fruit and vegetable consumption
 
 3.50 (0.15) 5.86 (0.17) 6.35 (0.03) 

Frequency of fried food consumption  2.83 (0.10) 2.16 (0.04) 2.26 (0.02) 

Frequency of sweet food consumption  3.98 (0.20) 4.03 (0.12) 4.47 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.65 (0.03) 
0.09 (0.01) 
0.07 (0.01) 
0.20 (0.02) 

 
0.34 (0.03) 
0.15 (0.01) 
0.20 (0.02) 
0.31 (0.02) 

 
0.31 (0.01) 
0.18 (0.01) 
0.23 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.33 (0.03) 
0.38 (0.03) 
0.29 (0.03) 

 
0.27 (0.02) 
0.52 (0.02) 
0.21 (0.02) 

 
 0.22 (0.01) 
0.63 (0.01) 
0.15 (0.01) 

Note: Cluster prevalence based on estimated model.
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Table 8.15 Transition probabilities from ‘free’ 3-cluster LTA model in the NCDS (men) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.88 (0.03) 

0a 

0.001 (<0.01) 

0b 

0.72 (0.02) 

0.04 (<0.01) 

0.11 (0.02) 

0.28 (0.02) 

0.96 (<0.01) 

Note: Transitions probabilities in bold correspond to staying in the same HRB cluster. Measurement invariance assumed 

over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 

1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus 

Version 7. 

 

Table 8.16 Transition probabilities from ‘free’ 3-cluster LTA model in the NCDS (women) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.92 (0.03) 

0a 

0.003 (<0.01) 

0a 

0.74 (0.02) 

0.04 (<0.01) 

0.08 (0.02) 

0.26 (0.02) 

0.96 (<0.01) 

Note: Transitions probabilities in bold correspond to staying in the same HRB cluster. Measurement invariance assumed 

over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 

1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus 

Version 7. 

 

 

 LTA model selection summary 

Based on a comparison of exploratory and confirmatory approaches to LTA model selection, 

the confirmatory approach (i.e. taking into consideration prior knowledge on the existence of 3 

HRB clusters at age 33) was considered superior.  

Based on model fit statistics, the 6-cluster solution appeared optimal. However, further 

investigations comparing LTA and LPA estimates found the three HRB cluster patterns 

identified in the 3-cluster model to be present and stable in the 4-, 5- and 6-cluster models. 

Moreover, there was little substantive evidence of measurement invariance holding for the 4-, 

5- and 6-cluster models. 

In contrast, the confirmatory 3-cluster LTA model not only incorporated prior knowledge 

gained through the exploratory LPA conducted to achieve objective one of this thesis (see 

chapter 6), there was stronger evidence of measurement invariance holding in the 3-cluster 

model compared to the 4-, 5- and 6-cluster models. The clustered patterns of the ‘fixed’ 3-

cluster LTAs were similar to those of the ‘free’ LTA models and the LPAs at age 33, although 

there was evidence of partial measurement invariance for the ‘Risky’ cluster. 
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In consequence, the LTA models with four, five and six clusters, identified through exploratory 

investigations, were not felt to be optimal in comparison to the 3-cluster LTA models. This 

adds support to arguments that the measurement invariance assumption which underpins LTA 

models should be explicitly tested (Collins and Lanza, 2010) and that prior knowledge should 

be drawn upon when considering LTA model selection (Finch and Bronk, 2011). 

The next step was further examinations of partial measurement invariance identified for the 

‘Risky’ cluster in the 3-cluster LTA models. 

 

 Partial measurement invariance for the 3-cluster LTA model 

Measurement invariance analysis undertaken in section 8.3.3.2 found partial measurement 

invariance for the ‘Risky’ cluster in the 3-cluster LTA models. Partial measurement invariance 

related to fried food consumption for men and women and leisure-time physical activity for 

women. This implies that change between ages 33 and 42 for these HRBs is over and above 

what can be captured by the HRB cluster transitions estimated in the LTA model and that 

change for these HRBs extends beyond the interrelationship of the four HRBs. 

In order to further explore partial measurement invariance for the ‘Risky’ cluster, ‘partial’ LTA 

models were run. These models used the starting values from the ‘fixed’ LTA models to 

constrain item means and thresholds to be the same for the ‘Moderate Smokers’ and 

‘Mainstream’ clusters over time. Item means and thresholds for the ‘Risky’ cluster were also 

constrained to be the same over time, except for fried food consumption amongst men and 

leisure-time physical activity amongst women. The fried food consumption mean (amongst 

men) and leisure-time physical activity thresholds (amongst women) were freely estimated 

over time. Whilst fried food consumption amongst women was also found to be different at 

each time point this was fixed to be the same over time on the basis that the mean 

consumption frequency at age 33 rounded to 4 and at age 42 rounded to 3. For women, these 

values of 3 and 4 equate to the same frequency category over time ‘1–2 days per week’. By 

contrast, for men, the mean fried food consumption at age 33 was 5 and a mean of 4 at age 

42. These values, 4 and 5, equate to ‘1–2 days per week’ and ‘3–6 days per week’ respectively.  

For men and women, statistical investigations found these ‘partial’ LTA models to have a 

preferable model fit in comparison to the ‘fixed’ LTA model. However, the fit remained worse 

than that of the ‘free’ LTA models (see Table 8.17).  As expected, for men and women the 

cluster probability transitions for the ‘Risky’ cluster in the ‘partial’ LTA model were found to lie 
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between those estimated in the ‘fixed’ and ‘free’ LTA models. This indicates that imposing 

differing levels of measurement invariance in the models introduces differing levels of bias in 

the ‘Risky’ cluster patterns and transitions. 

 

Table 8.17 Model fit statistics for ‘fixed’, ‘partial’ and ‘free’ LTA model log-likelihoods 

NCDS Mena 

(n=6,396) 

Log-

likelihood  

AIC  BIC aBIC Entropy 

Fixed model -74322.662 148757.324 149136.076 148958.122 0.869 

Partial model -74233.196 148490.393 148571.554 148533.421 0.870 

Free model -73715.035 147594.070 148148.671 147888.097 0.907 

NCDS Womena 

(n=6,388) 

Log-

likelihood  

AIC  BIC aBIC Entropy 

Fixed model -74093.473 148298.947 148677.628 148499.675 0.904 

Partial model -74080.213 148188.425 148283.095 148238.607 0.902 

Free model -73606.027 147376.053 147930.552 147669.977 0.923 

 
Note: ‘Fixed’ LTA model (full measurement invariance). Item mean and probabilities fixed to be the same across all 
clusters at age 33 and age 42.  
‘Partial’ LTA model (partial measurement invariance). Starting values from ‘fixed’ LTA model used to constrain 
parameter estimates (item means/thresholds) for the ‘Moderate Smokers’ and ‘Mainstream’ clusters. Parameter 
estimates (item means/thresholds) also constrained for the ‘Risky’ cluster except for fried food consumption in men and 
physical activity in women. 
 ‘Free’ LTA model (no measurement invariance). Cluster parameter estimates (item means/thresholds) can vary over 
time.   

 

On the basis of the above analyses, for men and women the ‘partial’ LTA models were 

selected. Whilst a ‘free’ LTA model had better model fit, on balance the ‘partial’ LTA model 

was preferred because it resulted in a more parsimonious and interpretable solution (Collins 

and Lanza, 2010). Thus, the ‘partial’ LTA models were considered to be a reasonable 

compromise, taking into account that full measurement invariance cannot be reasonably 

assumed for the ‘Risky’ cluster.  

Table 8.20 to Table 8.23 provide the HRB cluster prevalence and patterns in the ‘partial’ LTA 

models at each age. Notably, ‘Risky’ cluster membership for men at age 33 (13.1%) is larger in 

the LTA models than those found in the LPA models for NCDS men at age 33 (1.7%) which are 

described in Chapter 6 (see Table 6.12 ). This can be explained by the different samples used to 

derive the models, the LTA models in this chapter include information on HRBs at age 33 and 

age 42 (see section 8.2.1) whereas the LPA models in chapter 6 are based solely on 

information at age 33.   
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 Transitions in HRB cluster membership during mid-life based on LTA models with 

partial measurement invariance over time 

Table 8.18 to Table 8.19 provide the probabilities for transitions in HRB cluster membership 

between ages 33 and 42. 

Together, these findings are similar to those identified in the ‘fixed’ LTA models which imposed 

full measurement invariance (see Table 8.8 and Table 8.9), suggesting that HRBs are relatively 

stable during mid-age. This is indicated by a relatively high probability (>67%, p<0.001) of 

remaining in the same cluster, whether it be ‘Risky’, ‘Moderate Smokers’ or ‘Mainstream’, men 

and women.  

At the same time, these results demonstrate that some participants did transition to another 

HRB cluster at age 42. Amongst those that did move, membership of HRB clusters at age 42 

tending to be characterised by HRBs that were more beneficial for health in comparison to 

HRB cluster membership at age 33. For example, amongst men and women there was more 

than a 25% probability (men=27%, women=26%, p<0.001) of transitioning from the ‘Moderate 

Smokers’ to the ‘Mainstream’ cluster between ages 33 and 42 and more than 9% probability 

(men=17%, women=9%, p<0.001) probability of transitioning from the ‘Risky’ to the 

‘Mainstream’ cluster. Given that members of the ‘Mainstream’ cluster were non-smokers, had 

a higher frequency of fruit and vegetable consumption, a lower frequency of fried food 

consumption and a higher frequency of leisure-time physical activity in comparison to the 

‘Risky’ and ‘Moderate Smokers’ clusters (p<0.001), this movement suggests that during mid-

life HRBs tend to improve.  

Appendix 8.6 shows how the individual behaviours at the two time points differ for 

participants who moved to a different HRB cluster between ages 33 and 42 in comparison to 

those who remained in the same HRB cluster over time. 
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Table 8.18 Transition probabilities from ‘partial’ 3 cluster LTA model in the NCDS (men) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.67 (0.08) 

0a 

0a 

0.16 (0.08) 

0.73 (0.16) 

0.04 (<0.01) 

0.17 (0.02) 

0.27 (0.03) 

0.96 (<0.01) 

Note: Transitions probabilities in bold correspond to staying in the same HRB cluster. Measurement invariance assumed 

over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 

1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus 

Version 7. 

 

Table 8.19 Transition probabilities from ‘partial’ 3 cluster LTA model in the NCDS (women) 

Transition probabilities (standard errors) from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                   

Cluster 3 ‘Mainstream’          

0.70 (0.04) 

0a 

0.002 (<0.01) 

0.21 (0.04) 

0.74 (0.03) 

0.04 (<0.01) 

0.09 (0.02) 

0.26 (0.02) 

0.96 (<0.01) 

Note: Transitions probabilities in bold correspond to staying in the same HRB cluster. Measurement invariance assumed 

over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 

1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus 

Version 7. 
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Table 8.20 Parameter estimates from ‘partial’ 3-cluster LTA model at age 33 in the NCDS (men) 

NCDS Men Total N=6,396 Cluster 1 ‘Risky’            

n=838 (13.1%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,259 (19.7%) 

Cluster 3 ‘Mainstream’         

n=4,299 (67.2%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  22.38  17.16 0 

Frequency of fruit and vegetable consumption
 
 3.06  4.38  4.97 

Frequency of fried food consumption  5.14 (0.09) 3.00 3.03 

Frequency of sweet food consumption  3.61  4.31  4.64 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.50  
0.17  
0.15  
0.18  

 
0.41  
0.19  
0.19  
0.21  

 
 0.29  
0.21  
0.25  
0.26  

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.14  
0.39  
0.48  

 
0.16  
0.46  
0.38  

 
 0.12  
0.59  
0.29  

 Note: Cluster prevalence based on estimated model. Standard errors not estimated for parameters constrained using starting values from ‘fixed’ LTA model (see table 8.8). 

Table 8.21 Parameter estimates from ‘partial’ 3-cluster LTA model at age 42 in the NCDS (men) 

NCDS Men Total N=6,396 Cluster 1 ‘Risky’            

n=559 (8.7%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,251 (19.6%) 

Cluster 3 ‘Mainstream’         

n=4,586 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  22.38  17.16 0 

Frequency of fruit and vegetable consumption
 
 3.06  4.38  4.97 

Frequency of fried food consumption  3.53 (0.20) 3.00 3.03 

Frequency of sweet food consumption  3.61 4.31  4.64 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.50  
0.17  
0.15  
0.18  

 
0.41  
0.19  
0.19  
0.21 

 
0.29  
0.21  
0.25  
0.26  

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.14  
0.39  
0.48  

 
0.16  
0.46  
0.38  

 
 0.12  
0.59  
0.29  

Note: Cluster prevalence based on estimated model. Standard errors not estimated for parameters constrained using starting values from ‘fixed’ LTA model (see table 8.8). 
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Table 8.22 Parameter estimates from ‘partial’ 3-cluster LTA model at age 33 in the NCDS (women) 

NCDS Women Total N=6,388 Cluster 1 ‘Risky’            

n=737 (11.5%) 

Cluster 2 ‘Moderate Smokers’               

n=1,306 (20.5%) 

Cluster 3 ‘Mainstream’         

n=4,345 (68.0%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  21.05  13.88  0 

Frequency of fruit and vegetable consumption
 
 3.44  5.66  6.07  

Frequency of fried food consumption  3.67  2.37  2.41  

Frequency of sweet food consumption  4.04  4.16  4.67  

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.57 (0.02) 
0.18 (0.01) 
0.09 (0.01) 
0.17 (0.02) 

 
0.33  
0.18  
0.19  
0.30  

 
0.29  
0.21  
0.22  
0.28  

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.30  
0.47  
0.23  

 
0.28  
0.56  
0.15  

 
0.25 
0.64 
0.11 

Note: Cluster prevalence based on estimated model. Standard errors not estimated for parameters constrained using starting values from ‘fixed’ 3 cluster LTA model (see table 8.9). 

Table 8.23 Parameter estimates from ‘partial’ 3-cluster LTA model at age 42 in the NCDS (women) 

NCDS Women Total N=6,388 Cluster 1 ‘Risky’            

n=516 (8.1%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,297 (20.3%) 

Cluster 3 ‘Mainstream’         

n=4,575 (71.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  21.05  13.88  0 

Frequency of fruit and vegetable consumption
 
 3.44  5.66  6.07  

Frequency of fried food consumption  3.67  2.37  2.41  

Frequency of sweet food consumption  4.04  4.16  4.67  

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.72 (0.03) 
0.07 (0.02) 
0.05 (0.01) 
0.16 (0.02) 

 
0.33  
0.18  
0.19  
0.30  

 
0.29  
0.21  
0.22  
0.28  

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.30  
0.47  
0.23  

 
0.28  
0.56  
0.15  

 
0.25 
0.64 
0.11 

Note: Cluster prevalence based on estimated model. Standard errors not estimated for parameters constrained using starting values from ‘fixed’ 3 cluster LTA model (see table 8.9).
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8.3.4 Latent Transition Analysis with a covariate 

Based on the results of the measurement invariance analysis outlined above, the 3-cluster LTA 

models with ‘partial’ measurement invariance were taken forward and incorporated in to a 

‘LTA with a covariate’ model. As mentioned in section 8.2.3.4, this model was operationalised 

using structural equation models (SEMs) in Mplus Version 7 (Muthén, 2014). The 

measurement part of each SEM was the derivation of the HRB clusters at ages 33 and 42 (using 

the gender-specific ‘partial’ 3-cluster LTA model). This produced a three-category latent 

dependent variable, capturing ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’ HRB clusters over 

time.  The structural part of each SEM was the transition between HRB clusters at ages 33 and 

42, the path between an observed continuous variable capturing SEP at age 33 (higher scores 

=more disadvantaged) and HRB cluster membership at age 33 (see Figure 8.1) and the path 

between SEP at age 33 and transitions in HRB cluster membership (see Figure 8.2). 

 

Table 8.24, presents the model fit indices from the ‘LTA with a covariate’ models. Model 1 

estimated the crude effect of SEP at age 33 on HRB cluster membership at age 33 (see Figure 

8.1). Model 2 investigated moderation to ascertain the effect of SEP at age 33 on HRB cluster 

membership transitions (see Figure 8.2). The BIC and aBIC fit indices (which balance model fit 

and parsimony) were found to be higher for model 2 in comparison to model 1 implying a 

poorer model fit, this may be due to model 1 being more parsimonious than model 2. In 

contrast, the AIC (which also balances model fit and parsimony) was found to be lower for 

model 2 and the log-likelihood chi-square difference test was significant (p<0.001), both 

suggesting improved model fit.  

 

Table 8.24 Model fit statistics from ‘LTA with a covariate’ models 1 and 2 

MEN 
(n=6,396) 

Log-likelihood Scaling 
correction 
factor 

Number of 
parameters 

Difference 
test                    
p value a 

AIC BIC aBIC Entropy 

Model 1 -73878.926 0.7872 10 <0.001 147777.853 147845.487 147813.710 0.876 

Model 2 -73865.112 0.7260 16 147762.224 147870.439 147819.595 0.875 

WOMEN 
(n=6,388) 

Log-likelihood Scaling 
correction 
factor 

Number of 
parameters 

Difference 
test                    
p value a 

AIC BIC aBIC Entropy 

Model 1 -73626.269 0.8963 10 <0.001 147272.539 147340.160 147308.383 0.906 

Model 2 -73611.784 0.8261 16 147255.568 147363.763 147312.919 0.906 

Note: Partial measurement invariance over time for fried food consumption in the ‘Risky’ cluster for men. Partial 
measurement invariance over time for physical activity in the ‘Risky’ cluster for women.   
Model 1=Effect of SEP on HRB cluster membership age 33.  
Model 2=Moderation model, effect of SEP on transitions in HRB cluster membership over time. 
a= Difference test p value for nested models (comparing model 1 and model 2). 
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Because of the ambiguity of the model fit indices, further models were run in order to explore 

whether SEP at age 33 had a moderating effect on transitions in HRB cluster membership. If 

moderation were present (i.e. the effect of SEP at age 33 predicts transitions in HRB cluster 

membership over time) we would expect to see the effect of SEP at age 33 on HRB cluster 

membership at age 42 stratified by HRB cluster membership at age 33 (model 2, see Figure 

8.2) to be different to the effect of SEP at age 33 on HRB cluster membership at age 42 

adjusting for HRB cluster membership at age 33 (hereafter named model 3, see Figure 8.3). 

 

Figure 8.3 A ‘LTA with covariate model’ testing the effect of SEP at age 33 on HRB cluster 
membership at age 42 adjusting for HRB cluster membership at age 33 
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The results presented in Table 8.25, suggest no significant difference in the coefficients for 

models 2 and 3 for the effect of SEP at age 33 on HRB cluster membership at age 42 when 

comparing ‘Moderate Smokers’ and ‘Mainstream’ cluster membership (see ‘cluster 2’ column), 

indicated by confidence intervals that overlap (NCDS men model 2 cluster 2 coefficient=0.40 

(0.16, 0.63), model 2 cluster 3 coefficient=0.52 (0.31, 0.72), model 3 coefficient=0.43 (95% 

CI=0.27, 0.58); NCDS women model 2 cluster 2 coefficient=0.47 (0.25, 0.69), model 2 cluster 3 

coefficient=0.43 (0.19, 0.67), model 3 coefficient=0.46 (95% CI=0.31, 0.62)). This implies that 

whilst SEP at age 33 appears to influence HRB cluster membership it does not appear to 

predict transitions between HRB clusters at each age.  

The effect of SEP at age 33 on ‘Risky’ vs ‘Mainstream’ cluster membership at age 42 is different 

across models 2 and 3, and is largely non-significant (p<0.05). The coefficients are considered 

to be somewhat unstable, due to the small cell sizes, and in consequence these effects provide 

little evidence of moderation. 

Due to the limited evidence of a moderating effect, model 1 was selected. This implies that 

whilst SEP at age 33 appears to influence HRB cluster membership at age 33 it does not predict 

transitions between HRB clusters at each age.  

 

Table 8.25 Regression coefficients for the effect of SEP at age 33 on HRB cluster membership 
at age 42 from ‘LTA with a covariate’ models 2 and 3 

NCDS Men Total N=6,396 Cluster 1 ‘Risky’ age 42             Cluster 2 ‘Moderate 

Smokers’ age 42                  

Cluster 3 ‘Mainstream’ age 

42         

Logit coefficient (95% CI) Logit coefficient (95% CI) Logit coefficient (95% CI) 

Model 2 (cluster 1 age 33) 0.38 (-0.14, 0.91) -0.48 (-1.46, 0.49) Reference 

Model 2 (cluster 2 age 33) 2.63a 0.40 (0.16, 0.63)* Reference 

Model 2 (cluster 3 age 33) 3.63a 0.52 (0.31, 0.72)* Reference 

Model 3 0.44 (-0.07, 0.96) 0.43 (0.27, 0.58)* Reference 

NCDS Women Total 

N=6,388 

Cluster 1 ‘Risky’ age 42            Cluster 2 ‘Moderate 

Smokers’ age 42               

Cluster 3 ‘Mainstream’ age 

42          

Logit coefficient (95% CI) Logit coefficient (95% CI) Logit coefficient (95% CI) 

Model 2 (cluster 1 age 33) 0.05 (-0.61, 0.71) 0.28 (-0.52, 1.09) Reference 

Model 2 (cluster 2 age 33) 5.40a 0.47 (0.25, 0.69)* Reference 

Model 2 (cluster 3 age 33) 1.76 (0.69, 2.83) 0.43 (0.19, 0.67)* Reference 

Model 3 0.20 (-0.42, 0.83) 0.46 (0.31, 0.62)* Reference 

Note: Partial measurement invariance over time for fried food consumption in the ‘Risky’ cluster for men. Partial 
measurement invariance over time for physical activity in the ‘Risky’ cluster for women. SEP=socio-economic position at 
age 33, CI=95% confidence interval, *p≤0.01. 
Superscript a = 95% CI not estimated in model, p value fixed at 0.999 in Mplus Version 7.                                            

Model 2 = Moderation model, effect of SEP on transitions in HRB cluster membership over time (the effect of SEP at 

age 33 on HRB cluster membership at age 42 stratified by HRB cluster membership at age 33).                                                  

Model 3 = Effect of SEP on HRB cluster membership at age 42 (adjusting for HRB cluster membership at age 33).                                                                                                                                                            
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The regression coefficients for model 1 (Table 8.26) suggest that for both genders a one unit 

increase in SEP at age 33 (equating to being more disadvantaged) was significantly associated 

(p<0.001) with HRB cluster membership at age 33. These results indicate that those 

experiencing more social disadvantage at age 33 had a higher likelihood of membership of the 

‘Moderate Smokers’ cluster and to the ‘Risky’ cluster in comparison to the ‘Mainstream’ 

cluster. 

The coefficients presented in Table 8.26 reflect a one unit increase in SEP at age 33 on HRB 

cluster membership at age 33. Given that SEP at age 33 ranges from -1.97 to 2.10 amongst 

men and -2.91 to 2.12 amongst women (see Appendix 8.3 for a full description of the SEP 

variable distributions) the coefficients pertaining to the ‘Risky’ cluster could be considered very 

large. This is likely the result of data sparseness due to the smaller size of the ‘Risky’ cluster.   

 

Table 8.26 Regression coefficients for the effect of SEP at age 33 on HRB cluster membership 
at age 33 from ‘LTA with a covariate’ model 1 

NCDS Men 

Total N=6,396 

Cluster 1 ‘Risky’ age 33            Cluster 2 ‘Moderate 

Smokers’ age 33                  

Cluster 3 ‘Mainstream’ age 

33         

Logit coefficient (95% CI) Logit coefficient (95% CI) Logit coefficient (95% CI) 

Model 1 2.00 (1.84, 2.15)* 0.46 (0.37, 0.56)* Reference 

NCDS Women 

Total N=6,388 

Cluster 1 ‘Risky’ age 33             Cluster 2 ‘Moderate 

Smokers’ age 33                

Cluster 3 ‘Mainstream’ age 

33          

Logit coefficient (95% CI) Logit coefficient (95% CI) Logit coefficient (95% CI) 

Model 1 2.29 (2.12, 2.46)* 0.57 (0.47, 0.66)* Reference 

Note: Partial measurement invariance over time for fried food consumption in the ‘Risky’ cluster for men. Partial 
measurement invariance over time for physical activity in the ‘Risky’ cluster for women.                                                             
SEP=socio-economic position at age 33, CI=95% confidence interval, *p≤0.01.   
Model 1= Effect of SEP on HRB cluster membership at age 33. 
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8.4 Summary of findings 

Using prospectively collected data from a cohort of participants born in 1958, this chapter 

investigated the stability of HRB cluster membership between ages 33 and 42. Latent 

Transition Analysis (LTA) was undertaken to identify transitions between three HRB clusters: 

‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’ during mid-life. The hypothesis that HRBs are 

relatively stable during mid-adulthood (men=67% probability; women=70% probability) but 

that some change will occur, largely in a positive direction (men=27% probability; women=26% 

probability) was confirmed. The hypothesis that mid-adulthood SEP would influence change in 

HRB over time did not hold, there was no evidence of a moderating effect of mid-adulthood 

SEP on transitions in HRB cluster membership between ages 33 and 42. 

Comparing confirmatory and exploratory approaches to LTA model selection was insightful. 

This analysis suggested that taking a confirmatory approach, based upon prior knowledge of 3 

HRB clusters being present at age 33, was more efficient in comparison to an exploratory 

approach which was purely data driven. By taking a confirmatory approach, it was concluded 

that the 3-cluster LTA model was preferred for men and women. 

Measurement invariance analysis, examining whether the nature of the HRB clusters were 

equivalent over time, found that full measurement invariance did not hold for the 3-cluster 

LTA model. Instead, models with ‘partial’ measurement invariance for fried food consumption 

amongst men and leisure-time physical activity amongst women in the ‘Risky’ cluster were 

selected. These ‘partial’ LTA models were considered to provide a better representation of the 

extent to which HRB cluster membership changed between ages 33 and 42.  

Results from the ‘partial’ LTA models suggested that for men and women HRB cluster 

membership was relatively stable during mid-adulthood with a large proportion of participants 

(>67%, p<0.001) remaining in the same cluster at ages 33 and 42. At the same time this 

stability was not universal, and there was evidence of significant (p<0.001) and substantial 

transitions between HRB clusters during mid-life (the probability of movement from the ‘Risky’ 

and ‘Moderate Smokers’ clusters to the ‘Mainstream’ cluster being >9% and >25% 

respectively). This implies that assumptions regarding HRB stability in mid-adulthood do not 

hold and should be challenged. 

The LTA models showed movement from HRB clusters characterised by multiple negative HRBs 

to clusters characterised by HRB patterns tending to be more beneficial for health. For 

example, amongst men and women there were transitions from the ‘Risky’ cluster and 

‘Moderate Smokers’ cluster at age 33 to the ‘Mainstream’ cluster at age 42. Akin to the results 
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in chapter 6 (see section 6.3.2.3), members of the ‘Mainstream’ cluster were non-smokers, 

had a higher frequency of fruit and vegetable consumption, a lower frequency of fried food 

consumption and a higher frequency of leisure-time physical activity in comparison to the 

‘Risky’ and ‘Moderate Smokers’ clusters. Again, similarly to chapter 6 (see section 6.3.2.3) 

there was a higher frequency of sweet food consumption in the ‘Mainstream’ cluster in 

comparison to the other two clusters. 

It should be noted that a transition in HRB cluster membership between ages 33 and 42 does 

not imply that an individual changed all four HRBs. Instead, movement to a cluster 

characterised by more positive HRBs than the one left behind suggests an average 

improvement in HRB patterns over time.  This average improvement in HRBs over time was 

reflected, to some extent, in the descriptive statistics comparing individuals HRBs (i.e. smoking, 

alcohol, three diet variables and physical activity) at ages 33 and 42. Wald tests indicted a 

lower proportion smoking cigarettes (p<0.001), a higher mean frequency of fruit and vegetable 

consumption (p<0.001) and a lower mean frequency of fried food consumption (p<0.001).  

Alongside these general improvements in HRB patterns, the LTA models indicated a higher 

proportion of women who never drink alcohol in the ‘Risky’ cluster compared to the 

‘Mainstream’ cluster. Thus, a shift to the ‘Mainstream’ cluster between ages 33 and 42 implies 

that some women may increase their alcohol consumption from never drinking alcohol to 

drinking alcohol within recommended limits during mid-life. Moreover, for men and women 

movement to the ‘Mainstream’ cluster, characterised by a higher frequency of sweet food 

consumption in comparison to the other two clusters, implies the average frequency of sweet 

food consumption increased.  

Interestingly, transitions between the ‘Risky’ cluster at age 33 and the ‘Mainstream’ cluster at 

age 42 were larger for men in comparison to women. This may be explained by differences in 

the clustered patterns of HRBs according to gender. For example, the patterns of alcohol 

consumption across the three HRB clusters are different for women compared to men. The 

proportion drinking above recommended limits is higher for men in all three clusters 

compared to women. Moreover, the observed difference across the three clusters in relation 

to the proportion drinking above recommended limits was more marked amongst men. In 

consequence, women in the ‘Risky’ cluster at age 33 would need to change their alcohol 

consumption substantially in order for them to transition to the ‘Mainstream’ HRB cluster at 

age 42. In contrast, men in the ‘Risky’ cluster at age 33 may only need to reduce their alcohol 

consumption slightly in order to make a transition to the ‘Mainstream’ cluster at age 42. It is 
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possible that this is an artefact of the slight over-estimation of beer drinkers identified in 

Appendix 5.3, impacting on men’s alcohol consumption more than women’s. However, these 

gender differences in alcohol consumption are considered to be reliable, given evidence that 

men do drink more units of alcohol then women (Meng et al., 2014) which may be explained 

by pregnancy and motherhood (Tran et al., 2015).  

Results from the ‘partial’ LTA models should be interpreted with consideration to the 

measurement variability identified in relation to particular behaviours in the ‘Risky’ cluster (i.e. 

fried food for men and leisure-time physical activity for women). This implies that change 

between ages 33 and 42 for these particular HRBs is over and above what can be captured by 

the HRB cluster transitions estimated in the model. Such an interpretation indicates changes in 

fried food consumption for men and leisure-time physical activity for women extend beyond 

the interrelationship of the four HRBs. 

LTA models including SEP at age 33 as a covariate found this uni-dimensional construct, 

derived through CFA models, to predict HRB cluster membership at age 33. However, there 

was a lack of evidence of an effect of SEP at age 33 on transitions in HRB cluster membership 

during mid-adulthood. These results suggest that social circumstances at age 33 may influence 

lifestyle at age 33 but not with change in HRBs over time.   

8.5 Strengths and limitations 

A major strength of this work was the utilisation of longitudinal data in order to investigate the 

extent to which HRB cluster membership changes during mid-life and thus address the 

commonly held assumption that HRBs are stable during mid-life. 

The application of LTA to identify the progression of HRBs over time is considered a powerful 

tool and superior to other methods such as index scoring (Reboussin et al., 1998) and 

generalised estimation equations (Yeh et al., 2012). Using LTA to examine HRB clustering over 

time allowed for a person-centred exploration of HRB cluster stability during mid-life 

accommodating multiple HRB variables to derive HRB cluster patterns representing distinct 

lifestyles shared by subgroups of British middle-aged adults.   

Treating HRBs as time-varying builds upon the cross-sectional examination of the relationship 

between HRB cluster membership and transitions and SEP advances our understanding of how 

clustered patterns persist or decline over time (Blue et al., 2014) and provides further insights 

into the development of SEP inequalities in HRBs and subsequent health outcomes (Oude 

Groeniger and van Lenthe, 2016). Moreover, using information for HRBs at two time points 
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from this prospectively collected data from this British birth cohort study ensures temporality 

and minimises recall bias (Cohen et al., 2010) as well as controlling for cohort effects and thus 

allowing for an investigation of period and age (Schoon, 2006). 

However, the consideration of HRB cluster membership and transitions at two points is also a 

limitation of this study. LTA requires the same measures to be used at both time points in 

order to impose measurement invariance (Collins and Lanza, 2010). Therefore, only 

information at two time points could be incorporated into the LTA models. Ideally, information 

pertaining to all four HRBs from more than two time points during mid-life would have been 

included, allowing for a more detailed description of the transitions that may have occurred 

during this nine-year period (i.e. ages 33 to 42). Using repeated HRB measures at other time 

points may also elucidate ‘natural fluctuations’ in HRB cluster patterns across the lifecourse 

which could be optimal points for multiple HRB interventions and maximise their efficacy 

(Mulder et al., 1998). Moreover, the inclusion of information on all four HRBs at multiple time 

points may have improved statistical power (Collins and Lanza, 2010), thus increasing the 

ability to detect the effect of SEP at age 33 on HRB cluster transitions over time.  

Additionally, including SEP at other points in the lifecourse would be insightful given the 

relationship between multiple risky HRBs and SEP in adolescence (Hale and Viner, 2016) and at 

older ages (Shankar et al., 2010) and research suggesting SEP predicts change in HRBs during 

earlier periods of the lifecourse (de Winter et al., 2016; White et al., 2016) and the later stages 

of working life (Harrington et al., 2014). Using time-varying measures of HRBs and SEP would 

also serve to highlight the extent to which social inequalities in HRBs may be widening over 

time (Oude Groeniger and van Lenthe, 2016). 

Furthermore, a cross-cohort comparison with participants from the BCS70 would have been 

useful both contributing to disentangling age and period effects and improving the 

generalisability of the results to later-born cohorts. However, the same measures for three diet 

variables used at age 34 in the BCS70 (see section Age 33 NCDS and age 34 NCDS) were not 

available at any other time points during mid-age and therefore the LTA models could not be 

replicated in this cohort. 

Information for all four HRBs was self-reported by participants and therefore could be subject 

to bias in regard to their measurement (Conry et al., 2011; Heroux et al., 2012; Schneider et al., 

2009). For example, self-report bias has been found to influence the observed relationship 

between SEP and alcohol consumption (Devaux and Sassi, 2015). Social desirability bias 
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(Crowne and Marlowe, 1960) is possible when using information pertaining to HRBs, 

potentially leading to an underestimation of health-damaging HRBs and overestimating of 

health-promoting HRBs. This may not only explain the larger prevalence of the ‘Mainstream’ 

cluster in comparison to the ‘Risky’ and ‘Moderate Smokers’ clusters at ages 33 and 42 but also 

influence the transitions to the ‘Mainstream’ cluster. For example, persistent public health 

campaigns and policies have led to smoking cigarettes becoming increasingly socially 

unacceptable over time (Graham, 2012) and therefore could lead to increases in the under-

reporting of smoking over time (Stait and Calnan, 2016).  

As mentioned in chapter 6 (see section 6.5) the inclusion of additional measures of the HRBs, 

such as other occupational and commuting physical activity and the tendency to binge drink, 

would have been insightful considering their differential relationship with SEP. For example, 

leisure-time physical activity has been shown to be positively associated with increased 

educational attainment whereas the opposite appears to be true for occupational physical 

activity (Wallmann-Sperlich and Froboese, 2014). Moreover, there is research to suggest that, 

whilst those in more disadvantaged social circumstances tend to consume fewer alcohol units 

overall, they are more likely to partake in heavy episodic use (i.e. binge drinking) (Bellis et al., 

2016).  

Appendix 5.3 outlines the issues in measurement for ‘beer consumption’ at age 42. Although 

this error introduced the potential for an over-estimation of ‘beer’ consumption, subsequent 

corrections were made using alcohol consumption in relation to the remaining alcohol 

beverage categories at age 42 and all alcohol beverage categories at age 33. Comparing the 

distribution of alcohol consumption before and after these corrections and undertaking 

sensitivity analyses using external datasets validated this work. The analyses demonstrated 

that whilst beer consumption may remain slightly over-estimated in the NCDS at age 42 when 

compared to beer-specific consumption in external datasets, following these corrections, total 

alcohol consumption at age 42 did not appear to be over-estimated. 

 

The measure of SEP at age 33 was considered to strengthen this work. The continuous 

construct derived using multiple SEP indicators is considered to parsimoniously capture three 

dimensions of SEP (material, cultural and occupational). However, unlike in chapter 7 (see 

section 7.3.3) the estimated factor scores were used in the ‘LTA with a covariate’ models 

meaning that SEP was included as an observed, rather than latent variable. Although it would 

be preferable to use the latent variable in the models, the results are not considered to be 
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heavily influenced by the inclusion of SEP at age 33 as observed given that the regression 

method in estimating factor scores is considered robust (DiStefano et al., 2009) and that these 

models have been found to adequately estimate the relationship between an observed 

predictor and latent outcome (Muthén and Hsu, 1993). Moreover, sensitivity analysis carried 

out in chapter 7 (see section 7.3.5) found the inclusion of SEP at age 33 as both a latent and 

observed variable led to very similar results and did not affect the overall conclusions. 

The attrition between age 33 and age 42 amongst NCDS participants has the potential to bias 

the results. However, the management of missing data in the LTA models was considered 

adequate based on the sensitivity analysis undertaken in chapter 7 (see section 7.3.5). In 

addition, it has been found in research investigating SEP inequalities for a range of outcomes 

(including smoking during pregnancy and educational attainment) that, even with high levels 

of attrition (>50%), conclusions regarding the direction and size of the effect did not change 

(Howe et al., 2013b).  
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9 Chapter 9: Discussion 
This doctoral project makes novel and valid contributions to existing evidence in three 

important ways: 1) by elucidating distinct clustered patterns of HRBs from two British cohorts 

born 12 years apart (i.e. in 1958 and 1970); 2) by determining the predictive role of pre-

adolescent social circumstances in HRB cluster membership in mid-adulthood; 3) by providing 

evidence that suggests stability in HRB cluster membership during mid-life. 

This chapter demonstrates this contribution further by firstly providing highlights of the 

findings, secondly discussing these findings within the context of existing evidence, thirdly 

raising some key points that have emerged as a product of critiquing the analytical methods 

and research findings, fourthly highlighting the potential policy implications of this work and, 

finally, suggesting the direction of future research in HRB clustering.    

9.1 Highlights of findings 

This section provides highlights of the thesis’ findings, consolidating the summarised results 

from chapters 6, 7 and 8. 

9.1.1 The cross-cohort comparison of HRB clustering 

The results of chapter 6 supported the first hypothesis relating to objective 1, finding three 

distinct HRB clusters which were labelled ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’. The 

‘Mainstream’ cluster largely consisted of multiple positive HRBs, the ‘Risky’ cluster was largely 

characterised by multiple negative HRBs and the ‘Moderate Smokers’ cluster was a mixture of 

both. The latter HRB cluster consisted of HRB patterns that are considered to be more 

beneficial to health than the other two clusters (i.e. not smoking, eating fruit and vegetables 

more frequently, eating chips and fried food less frequently and being more active). However, 

the frequency of sweet food consumption was generally higher in the ‘Mainstream’ cluster. 

Moreover, the hypothesis that heavy smokers and drinkers would also be more physically 

activity was not supported with members of the ‘Risky’ cluster having lower levels of physical 

activity in comparison to the other clusters. 

 

The results also supported the hypothesis of cohort and gender differences in HRB cluster 

patterns and membership. A larger proportion of BCS70 participants were members of the 

‘Mainstream’ cluster, compared to NCDS participants. HRB cluster patterns were found to be 

similar for men and women in the two cohorts in relation to smoking, fruit and vegetable 

consumption, fried food consumption and physical activity. There was a slight divergence for 

sweet food consumption amongst men in the later-born cohort who, unlike men and women 
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in the NCDS and women in the BCS70, had the same frequency in the ‘Risky’ and ‘Mainstream’ 

cluster. Cohort differences were notable for alcohol consumption amongst women. For 

women in both cohorts the proportion drinking above recommended guidelines was highest in 

the ‘Risky’ cluster followed by the ‘Moderate Smokers’ and ‘Mainstream’ clusters respectively. 

However, women in the later-born cohort drank more overall. The proportion of women in the 

later-born cohort drinking above recommended guidelines was almost double that of their 

predecessors across all three clusters, with a sizeable proportion (>10%) of women in the 

BCS70 drinking above recommended levels in the ‘Mainstream’ cluster. At the same time, 

sweet food consumption in the ‘Mainstream’ cluster, whilst being higher than the ‘Risky’ and 

‘Moderate Smokers’ clusters, was less frequent amongst later-born women compared to those 

born earlier. 

9.1.2 Pre-adolescent SEP predicting HRB cluster membership in mid-adulthood 

The research findings presented in chapter 7 (objective 2) provide support for some of the 

hypothesised paths between pre-adolescence SEP and mid-adulthood HRB cluster 

membership. The findings showed how social circumstances in pre-adolescence and mid-

adulthood, captured by material, occupational and cultural dimensions of individual SEP, are 

associated with HRB cluster membership in mid-adulthood.  

There was stronger evidence of an indirect effect of pre-adolescent SEP on HRB cluster 

membership through mid-adulthood SEP in comparison to a direct effect. For men and women 

in both cohorts, a substantial proportion of the total effect of pre-adolescent SEP on mid-

adulthood HRB occurred via mid-adulthood SEP. Disadvantaged pre-adolescence SEP strongly 

predicted disadvantaged mid-adulthood SEP which was, in turn, strongly associated with 

‘Risky’ and ‘Moderate Smokers’ cluster membership in mid-adulthood. This work found that 

differentials in HRB patterns associated with social circumstances in mid-adulthood are 

strengthened through the persistence of either advantaged or disadvantaged social 

circumstances since pre-adolescence. This was shown through analyses indicating that pre-

adolescent SEP strengthened the association between mid-adulthood SEP and adult HRB 

cluster membership. 

Together these results indicate that pre-adolescent SEP is less likely to directly shape HRB 

patterns in mid-adulthood independent of mid-adulthood SEP. Therefore, SEP has a 

contemporaneous influence on HRB clustering in mid-adulthood, dictating the proximal 

environment in which people live their lives strongly influencing their lifestyles. Consequently, 

these findings suggest a social rather than behavioural pathway between pre-adolescence and 
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mid-adulthood HRB clustering. The behavioural pathway implies that HRBs are embedded in 

pre-adolescence and re-emerge in mid-adulthood whereas the social pathway implies that the 

accumulation of resources from pre-adolescence to mid-adulthood dictates the social 

circumstances in which people live their lives in mid-adulthood and consequently their 

lifestyles.  

9.1.3 Transitions in HRB cluster membership over time and the role of mid-adulthood SEP 

The findings from chapter 8 supported the first hypothesis for objective 3 (see section 4.3), 

showing that, whilst HRB cluster membership was relatively stable during mid-life, some 

transitions did occur. Participants tended to move to an HRB cluster characterised by more 

positive HRBs than the one they had left behind. Movement to the ‘Mainstream’ cluster was 

both statistically significant (p<0.001) and substantial (‘Risky’ cluster >9% probability, 

‘Moderate Smokers’ cluster >25% probability), suggesting that assumptions regarding HRB 

stability in mid-adulthood do not necessarily hold and should be challenged. 

The analyses in chapter 8 (objective 3) used the information from the cohort born in 1958, 

following their HRBs from age 33 to the second time point nine years later at age 42. The same 

three HRB clusters, identified in chapter 6 (objective 1), were found once more, despite the 

incorporation of additional information from the second time point. 

Sensitivity analyses (see section 8.3.3.4) suggested that the nature of the HRB patterns in the 

‘Mainstream’ and ‘Moderate Smokers’ clusters were somewhat equivalent across the two time 

points. However, for the ‘Risky’ cluster, differences in the nature of the HRB patterns over time 

were identified for some HRBs (i.e. partial measurement invariance). The sensitivity analyses 

suggested that changes in fried food consumption for men and leisure-time physical activity 

for women during the subsequent nine years extended beyond the interrelationship of the 

four HRBs.  

There was little evidence to support the hypothesis that social circumstances at age 33 

influence transitions in HRB cluster membership during mid-life. The findings indicated HRB 

cluster membership at age 33 was associated with social circumstances at age 33. Those in 

more disadvantaged social circumstances at age 33 had a higher probability of membership of 

the ‘Risky’ and ‘Moderate Smokers’ clusters in comparison to the ‘Mainstream’ cluster at age 

33. However, transitions in HRB cluster membership thereafter (i.e. between ages 33 and 42) 

were not found to be related to social circumstances at age 33. 
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9.2 Limitations of self-reported HRB measures 

As mentioned in chapters 6 (see section 6.5) and 8 (see section 8.5) the HRBs measures used in 

this thesis are self-reported and therefore social desirability bias (Crowne and Marlowe, 1960) 

is possible. This bias may lead to an underestimation of health-damaging HRBs and 

overestimating of health-promoting HRBs and may explain the larger prevalence of the 

‘Mainstream’ cluster in comparison to the ‘Risky’ and ‘Moderate Smokers’ clusters at ages 33 

and 42 as well as influence the transitions to the ‘Mainstream’ cluster.  

For example, persistent public health campaigns and policies have led to smoking cigarettes 

becoming increasingly socially unacceptable over time (Graham, 2012) and therefore could 

lead to increases in the under-reporting of smoking (Stait and Calnan, 2016). Similarly, 

awareness of the ‘five a day’ public health message (FSA, 2008), physical activity 

recommendations (Stamatakis et al., 2007) and alcohol consumption guidelines (DOH, 1995) 

could result in over-reporting of these behaviours.  

Moreover, such bias may differ according to SEP given the increased receptivity to public 

health messages amongst more advantaged SEP groups (Cutler and Lleras-Muney, 2010; 

Schooling and Kuh, 2002). 

9.3 Limitations of the clustering approach.  

The purpose of this thesis was to empirically derive clustered patterns of HRBs in two British 

birth cohorts in order to identify a complex web of HRB patterns that suggest distinct 

typologies are practised by different types of people providing a person-centred understanding 

of lifestyle. However, it is acknowledged that these HRB clusters provide a summary of the 

different ways in which HRB patterns may occur in these cohorts. The large size of the 

‘Mainstream’ cluster suggests that they are likely to be a heterogeneous group which should 

be taken into consideration when interpreting these results.  

The inclusion of additional measures of the four HRBs would have been insightful and may 

have uncovered some of the heterogeneity that is likely to exist within the large ‘Mainstream’ 

cluster. For example, the intensity of leisure-time physical activity could have been measured 

using metabolic equivalents (Conry et al., 2011; van Nieuwenhuijzen et al., 2009). 
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9.4 Contribution to the existing evidence 

This section shows how the findings from chapters 6, 7 and 8 addressing research objectives 1, 

2 and 3 respectively add stronger evidence to the existing body of literature outlined in parts 

1, 2 and 3 of chapter 2, and demonstrates the novel contribution of these findings to HRB 

clustering research.  

9.4.1 Contribution of the cross-cohort comparison of HRB clustering  

The results from chapter 6 strengthen existing research findings from the appraised studies 

investigating HRB clustering (see section 2.2) and the two literature reviews of HRB clustering 

research (Meader et al., 2016; Noble et al., 2015), all of which find that HRBs are interrelated, 

by addressing some key methodological limitations of existing HRB-clustering research (see 

section 2.5). These include avoiding dichotomised HRB measures and using advanced person-

centred techniques to elucidate HRB cluster patterns.  

Whilst the findings between studies investigating HRB clustering are difficult to compare due 

to differences in methodological approach (outlined fully in section 2.2.1), the HRB patterns 

empirically identified in chapter 6 were suggested previously. For example, previous HRB 

clustering research suggests that people who smoke daily tend to have both lower fruit and 

vegetable consumption and lower levels of physical activity (Conry et al., 2011; De Vries et al., 

2008; Laaksonen et al., 2001; Schneider et al., 2009; Schuit et al., 2002; Verger et al., 2009; 

Vermeulen-Smit et al., 2015), people who drink alcohol heavily are more likely to smoke 

(Conry et al., 2011; Schneider et al., 2009; Verger et al., 2009; Vermeulen-Smit et al., 2015) and 

people who smoke and drink heavily are more likely to consume fried food and less likely to 

consume sweet snacks (Maibach et al., 1996; Vermeulen-Smit et al., 2015).  

Results from chapter 6 identified that whilst all four of the HRBs made a meaningful 

contribution to the HRB clusters, in both cohorts smoking contributed the most (see section 

6.3.2.2). This is in keeping with empirical research that has found smoking to play a central role 

in the formation of HRB patterns in adulthood (Chiolero et al., 2006; Paavola et al., 2004).  

The finding that HRB patterns did not differ for men and women with respect to smoking, fruit 

and vegetable consumption, fried food consumption and physical activity, lends empirical 

support to the conclusions through the critical appraisal of HRB cluster research by Meader et 

al. (2016), that the relationship between gender and the presence of multiple HRBs was likely 

to be relatively weak.  
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This work contributes to the existing evidence on HRB clustering by identifying both similarities 

and differences in HRB cluster patterns and membership across two British cohorts, providing 

useful insights and elucidating complexity. Detecting three HRB clusters suggests distinct 

patterns of HRBs are practised by different types of people providing a person-centred 

understanding. Largely consistent HRB cluster patterns were identified across the two cohorts 

for smoking, fruit and vegetable consumption, fried food consumption and physical activity, 

with only a slight divergence for sweet food consumption, suggesting these HRB patterns may 

persist across time. In regard to alcohol consumption, differences were found across the 

cohorts, particularly amongst women. Results indicated a convergence in alcohol consumption 

for men and women over time, which was consistent in previous work (Elliott et al., 2007; 

Keyes et al., 2011; Meng et al., 2014; Purshouse et al., 2017; Schoon and Parsons, 2003; Slade 

et al., 2016). 

 A higher membership of the ‘Mainstream’ cluster in the later-born cohort was found. This 

latter finding supports a previous comparison of these two cohorts in relation to individual 

HRBs (Schoon and Parsons, 2003) which found improvements in smoking and diet amongst 

those in the later-born cohort. These findings are also consistent with observed trends in HRBs 

in the United Kingdom over time. For example, a large proportion of participants in the 

‘Mainstream’ cluster did not smoke cigarettes, corresponding with declines in the prevalence 

of smoking over the past 50 years (RCP, 2012). Moreover, a higher frequency of sweet food 

consumption in the ‘Mainstream’ cluster appears to coincide with global trends of increasing 

sugar consumption since the early 1990s (Chang et al., 2017; Singh et al., 2015; WHO, 2015).  

This thesis provides some evidence of generalisability of these HRB clusters to later-born 

cohorts, with respect to smoking, fruit and vegetable consumption, fried food consumption 

and physical activity. Despite the intervening years (i.e. years between being age 33 in the 

NCDS (1991), age 34 in the BCS70 (2004) and age 33/34 today (2017)) resulting in later-born 

cohorts of mid-age adults being exposed from an earlier age to interventions that may have 

influenced their HRBs in mid-adulthood (i.e. smoke-free legislation implemented in 2007 

(Bauld, 2011) and recent healthy lifestyle campaigns, such as ‘Change4life’ (DOH, 2011)), 

similarities in HRB cluster patterns for these HRBs across the cohorts indicate that these 

clusters could, to some extent, be generalised to individuals in mid-adulthood in Britain today.  

Whilst it is acknowledged that these HRB clusters provide a summary of the different ways in 

which HRB patterns may occur in these cohorts and further replication using similar analyses in 

other datasets on mid-adults living in Britain today would be advantageous, the assertion of 
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generalisability is strengthened by previous research (Graham et al., 2016; Watts et al., 2015). 

These studies have detected similar HRB cluster patterns to those found in this thesis using 

more recent information on these four HRBs in samples of adults in the United Kingdom, albeit 

not population-based (Graham et al., 2016; Watts et al., 2015), lending further support to the 

view that the distinct HRB clusters found in this thesis remain relevant. For example, whilst not 

directly comparable, both studies and the results of this thesis identified a cluster 

characterised by heavy smoking and alcohol consumption and lower intakes of fruit and 

vegetables and levels of physical activity. Moreover, the results of this thesis and these two 

studies also detected a cluster characterised by not smoking, moderate alcohol consumption, 

higher intakes of fruit and vegetables and higher levels of physical activity.  

9.4.2 Contribution of investigating the role of pre-adolescent SEP in predicting HRB cluster 

membership in mid-adulthood 

The cross-cohort comparison undertaken in chapter 7 lends support to the assertion made in 

the previous section (9.4.1), that these three distinct HRB patterns may exist in later-born 

cohorts. The results pertaining to the second research objective identified similarities across 

the two cohorts in the relationship between HRB cluster membership and social circumstances 

in pre-adolescence and mid-adulthood. Such similarities provide further evidence that these 

HRB clusters are equivalent across the cohorts and thus generalisable to those born later. 

Moreover, this indicates that the relationship between HRB cluster membership and social 

circumstances in pre-adolescence and mid-adulthood may also be generalised to those born 

later.  

The findings presented in chapter 7 show a clear relationship, across cohort and gender 

groups, between disadvantaged social circumstances in mid-adulthood and an increased 

likelihood of membership of HRB clusters characterised by multiple negative HRBs. This is 

consistent with the two literature reviews of HRB clustering research  (Meader et al., 2016; 

Noble et al., 2015) as well as a number of empirical studies (Bécue-Bertaut et al., 2008; 

Berrigan et al., 2003; Bondy and Rehm, 1998; Conry et al., 2011; De Vries et al., 2008; Falkstedt 

et al., 2016; French et al., 2008; Patterson et al., 1994; Poortinga, 2007; Schneider et al., 2009; 

Schuit et al., 2002; Silva et al., 2013; Slater and Flora, 1991; Vermeulen-Smit et al., 2015) that 

suggest a strong cross-sectional relationship between disadvantaged SEP and membership of 

HRB clusters characterised by multiple negative HRBs. Consequently, this work provides 

further evidence of distinct and complex HRB cluster patterns which are shared by individuals 

with similar social circumstances (Evans-Polce et al., 2016; Stapinski et al., 2016). This provides 
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a person-centred understanding of health lifestyles and lends support to theories that suggest 

an interplay between social structure and individual agency (Cockerham, 2005). 

The finding that pre-adolescent SEP is linked to HRB cluster membership in mid-adulthood 

through its influence on SEP in mid-adulthood confirms those of other studies which have 

found a ‘chain of risk’ (Ben-Shlomo and Kuh, 2002: 287), between child SEP, adult SEP and 

individual HRBs. Empirical evidence suggests that HRBs in adulthood are largely determined by 

SEP in adulthood which is predicted by SEP in childhood (Kamphuis et al., 2013; Paavola et al., 

2004; Pudrovska and Anishkin, 2013; Yang et al., 2008). These results strengthen this existing 

evidence by addressing some key methodological limitations (see section 2.5). These include 

incorporating a range of measures to capture material, occupational and cultural dimensions 

of SEP and using prospectively collected data on pre-adolescent SEP.  

The direct effect of pre-adolescent SEP on HRB clustering was negligible relative to the indirect 

effect described in the preceding paragraph. This may relate to how each HRB contributes to 

the derivation of the HRB clusters. For example, van de Mheen et al. (1998) found that 

smoking and alcohol consumption are strongly associated with adulthood SEP compared to 

diet and physical activity which have stronger links to childhood SEP. In this context, it may be 

that the hypothesised direct path from pre-adolescent SEP to HRBs for diet and physical 

activity may be present but overshadowed by the influence of mid-adulthood SEP on smoking 

which makes the greatest contribution in shaping mid-adulthood lifestyles.  

The novelty of the research undertaken in chapter 7 is the application of a social determinants 

lifecourse framework to investigate the influence of social circumstances in pre-adolescence 

on HRB clustering in mid-adulthood. The results provide evidence of a total effect of pre-

adolescent SEP on mid-adulthood through a social pathway. Social differentials in HRB 

clustering are associated with social circumstances in mid-adulthood which are strengthened 

through the persistence of either advantaged or disadvantaged social circumstances since pre-

adolescence. This is in line with previous research, using these two cohorts, identifying that 

disadvantaged social circumstances in childhood tend to accumulate and therefore dictate 

disadvantaged social circumstances in adulthood (Anders and Dorsett, 2017; Breen and 

Goldthorpe, 2001; Bukodi and Goldthorpe, 2012).  

Identification of a contemporaneous effect of SEP on HRB cluster membership using a uni-

dimensional measure of SEP which is underpinned by prior knowledge can contribute to a 

better understanding of the pathways through which social circumstances in mid-adulthood 
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influence health, which to date remains elusive (Øversveen et al., 2017). For example, the 

contemporaneous influence of social circumstances in mid-adulthood suggests that it is 

circumstantial structural factors rather than, as previously proposed, behavioural embedding 

processes earlier in life that determine HRB cluster membership in mid-adulthood. These mid-

adulthood structural factors are conceived to influence HRB cluster membership via physical 

access, psychosocial stress and social group habitus.  

For example, both ‘Risky’ and ‘Moderate Smokers’ clusters are characterised by lower levels of 

physical activity and consumption of fruit and vegetables in comparison to the ‘Mainstream’ 

cluster. This may be the result of differentials in purchasing power dictating the ability to buy 

fresh fruit and vegetables (Jones et al., 2014; Kelly et al., 2016; Pechey et al., 2013) and 

participate in leisure-time physical activity (Beenackers et al., 2012; Chinn et al., 1999; Kelly et 

al., 2016; Parry, 2013). Similarly, membership of the ‘Risky’ and ‘Moderate Smokers’ clusters 

implies smoking and heavier alcohol consumption which could occur through exposure to 

material hardship (Hoek and Smith, 2016; Lindström et al., 2013; Pampel et al., 2010; Twyman 

et al., 2016) or job strain (Brunner et al., 2007; Heikkilä et al., 2012; Kivimäki et al., 2013; 

Lallukka et al., 2008; Nyberg et al., 2015). Moreover, both positive and negative HRBs may be 

compounded through frequent interactions with others who are experiencing similar social 

circumstances, thus making these HRBs socially normative (Bann et al., 2016; Bartley, 2016a) 

and linking them to an individual’s identity as well as their overall lifestyle (Fennis et al., 2015; 

Geronimus et al., 2016; Hedegaard, 2016; Kelly et al., 2016; Reid et al., 2010). 

9.4.3 Contribution of examining transitions in HRB clustering over time and the role of mid-

adulthood SEP 

The results presented in chapter 8 lend support to previous arguments that assuming HRBs to 

be stable during mid-adulthood may not be valid (Laaksonen et al., 2002; Oude Groeniger and 

van Lenthe, 2016). Whilst the results are consistent with existing findings that these four HRBs 

are relatively stable in mid-life (Benzies et al., 2008; Mulder et al., 1998), this stability was not 

found to be absolute, there being a substantial shift to the ‘Mainstream’ cluster (see section 

8.3.3.5). This finding is consistent with other studies demonstrating positive change in HRBs 

during mid-life (Backett and Davison, 1995; Benzies et al., 2008; Mulder et al., 1998) and 

suggests that assumptions regarding stability of HRBs during mid-life do not necessarily hold 

and should be challenged. 
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Again, these findings are considered to strengthen existing research evidence by considering 

HRB clustering, as opposed to individual HRBs, and using advanced person-centred techniques 

to elucidate HRB cluster patterns over time. 

Whilst a transition in HRB cluster membership during mid-life does not necessitate an 

individual changing all four HRBs, movement to a cluster characterised by more positive HRBs 

in comparison from the one left behind is consistent with research suggesting that, on average, 

individuals tend to improve their HRBs during mid-adulthood (Artaud et al., 2016; Backett and 

Davison, 1995; Benzies et al., 2008; Mulder et al., 1998; Sijtsma et al., 2012; Britton et al., 

2015). Furthermore, these results reflect HRB trends observed in the UK population since the 

1990s, such as decreases in smoking prevalence seen over the last 50 years (RCP, 2012), 

increases in fruit and vegetable consumption and reductions in fat intake (Ezzati et al., 2015). 

These findings are also consistent with general increases in leisure-time physical activity seen 

across developed countries since the 1990s (An et al., 2016; Stamatakis et al., 2007). 

This shift to the ‘Mainstream’ cluster, characterised by a higher frequency of sweet food 

consumption in comparison to the other two clusters, implies the average frequency of sweet 

food consumption increased. This is consistent with evidence of increasing sugar consumption 

since the early 1990s (Chang et al., 2017; Singh et al., 2015; WHO, 2015). Consequently, 

increases in the frequency of sweet food consumption identified in the ‘Mainstream’ cluster 

may reflect a period effect. For example, Sijtsma et al. (2012) found that, whilst age tended to 

be associated with improved diet quality, age-adjusted time trends showed a general 

deterioration in diet quality over time. 

However, general increases in sweet food consumption, indicated by a shift to the 

‘Mainstream’ cluster contrasts with research suggesting no change in sweet snack 

consumption amongst mid-age adults (Mulder et al., 1998). Furthermore, Parsons et al. (2006) 

found, in the same cohort, that between ages 33 and 42 the frequency in which ‘sweets or 

chocolate’ and ‘biscuits’ were consumed decreased, as did fried food consumption. Disparities 

may be due to differences in measurement, thus making comparability difficult. For example, 

in chapter 8 fried food and sweet food consumption were both captured based upon derived 

measures that combined ‘sweets and chocolate’ and ‘biscuits’ to become sweet foods and 

‘foods fried in fat’ and ‘chips’ to become fried foods (see section 5.2.1.1), whereas Parsons et 

al. (2006) examined these diet variables separately. Moreover, Mulder et al. (1998) captured 

sugar consumption as eating more than four sweet snacks during the day. 
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On the other hand, such disparities between the results of chapter 8 in relation to fried food 

and sweet food consumption and those of Mulder et al. (1998) and Parsons et al. (2006) may 

be explained by a lack of consideration by these studies to the ways in which HRBs interrelate. 

For example, these studies do not focus on HRB clustering and in consequence they do not 

consider the relationship which has been found to exist between smoking and sugar 

consumption (Crawley and While, 1996; Méjean et al., 2011; O'Doherty et al., 2011; 

Whichelow et al., 1991). Research has found that smokers and heavy drinkers are less likely to 

consume sweet snacks (Maibach et al., 1996; Vermeulen-Smit et al., 2015) and are more likely 

to prefer fatty and salty tastes (Lampure et al., 2014), in comparison to those who do not 

smoke and do not exceed recommended levels of alcohol consumption. Smoking may have an 

effect on dietary preferences (Colditz et al., 1991; Lampure et al., 2014), by influencing taste 

buds (Iredale et al., 2016), while the inverse pattern of alcohol consumption and sugar may 

reflect a replacement of sugar intake with alcohol use (Colditz et al., 1991). 

In light of the above, I would suggest that sugar consumption has increased over time and is 

interrelated with reductions in smoking and heavy alcohol consumption.  This demonstrates 

how consideration of the ways in which HRBs interrelate over time may provide a richer and 

person-centred perspective of lifestyles in mid-adulthood compared to treating them as non-

related entities (Buck and Frosini, 2012; Filippidis et al., 2016; Noble et al., 2015). 

This research work has also uncovered gender differences in HRB clustering over time which 

provides a meaningful contribution to the existing evidence base. For example, the shift to the 

‘Mainstream’ cluster between ages 33 and 42 also has implications for alcohol use amongst 

women. The findings suggest that some women may increase their alcohol consumption from 

drinking no alcohol to drinking within recommended limits during mid-life. This finding offers 

empirical support to the theoretical assumption that women’s alcohol consumption increases 

as their children grow older, though it would be in the range of low to moderate levels (Tran et 

al., 2015). 

The sensitivity analyses pertaining to the nature of the HRB clusters at each time point (i.e. 

measurement invariance, see section 9.5.3) also elucidated gender differences. This indicated 

that for members of the ‘Risky’ cluster changes in fried food consumption for men and leisure-

time physical activity for women extended beyond the interrelationship of the four HRBs.  

The finding of reduced fried food intake for men that could not be fully explained by the 

interrelationship between the HRBs mimics general decreases in fried food consumption 
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during this period. For example, analysis using data on British food purchasing and 

consumption suggests that since the 1980s there has been a reduction in the purchase of 

traditional fats, such as butter (Leicester, 2004), and fat intake (Allender et al., 2006; Prentice 

and Jebb, 1995). During this period, there has also been an increased availability of low-fat 

alternatives (Rolls and Miller, 1997). Findings from a sample of US adults showed that over a 

20-year period there were reductions in butter and fried potatoes (Sijtsma et al., 2012). 

Although not directly comparable, these US trends in diet provide some indication of future UK 

trends, given that the UK is considered to be 10–15 years behind the US with respect to 

obesity (McAuley et al., 2016) which is closely related to fat intake (Drewnowski et al., 1992). 

The ‘partial’ LTA models outlined in chapter 8 (see section 8.3.3.4) suggest fried food 

decreased only in men but not women. This may relate to women having more consistent and 

lower overall consumption of fried foods than men to begin with. It is argued that women have 

been subject to higher levels of social pressure to be slim for a longer time period in 

comparison to men whose bodies have become increasingly objectivised only recently 

(Schuster et al., 2013). 

Consequently, any changes in fried food consumption were adequately captured by the ‘Risky’ 

clustered patterns for women, whereas for men, increased avoidance of fried foods in this 

‘Risky’ cluster may have been more recent and consequently changes in their consumption 

could not be fully captured by the clustered patterns. Moreover, members of the ‘Mainstream’ 

cluster had higher frequencies of fried food consumption in comparison to men in the other 

two clusters; therefore, whilst change may have occurred for all men, it could have been more 

dramatic for those in this smallest cluster and therefore better detected in the analyses. 

By contrast, amongst women in the ‘Risky’ cluster, leisure-time physical activity appeared to 

decrease for the ‘Risky’ cluster and this change could not be fully explained by the 

interrelationship of the four HRBs. Research suggests that whilst physical activity tends to 

reduce during mid-life for both genders (Allender et al., 2008b; Artaud et al., 2016; Corder et 

al., 2009; Mulder et al., 1998; Wannamethee et al., 1998) decreases may be more likely 

amongst women (Hunt et al., 2001; Parsons et al., 2006). This is considered to be primarily due 

to a scarcity of free time, which is one often cited reason for physical inactivity (Kelly et al., 

2016). Whilst increased responsibilities in mid-life impact both men and women (Lachman et 

al., 2015), these may disproportionately affect women due to their increased participation in 

the labour market in recent decades whilst continuing to undertake a larger share of caring 

responsibilities and domestic chores (Chou et al., 2004; Nomaguchi and Bianchi, 2004). 
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Moreover, the findings from chapter 8 suggest that those in more disadvantaged social 

circumstances were more likely to be members of the ‘Risky’ cluster compared to the 

‘Mainstream’ cluster. Therefore, on average, women in the ‘Risky’ cluster were more socially 

disadvantaged. Socially disadvantaged women are more likely to have caring responsibilities 

and associated household chores in comparison to their more socially advantaged peers 

because they are unable to afford child care or care homes for elderly relatives (Bruhn and 

Rebach, 2014). In consequence, additional responsibilities implicated with mid-life (Lachman et 

al., 2015) may be particularly burdensome for disadvantaged women, thus further restricting 

their time and their ability to undertake leisure-time physical activity. 

The findings provide a meaningful contribution to HRB cluster research by identifying a strong 

cross-sectional association between social circumstances in mid-adulthood and HRB cluster 

membership at the same age yet a lack of effect on change thereafter. The detection of a 

proximal relationship between SEP and HRB cluster membership lends support to the findings 

of chapter 7, which also found a contemporaneous effect of mid-adulthood SEP on HRB 

clustering, relating to the social circumstances in which people live their lives as opposed to 

embedded behavioural processes.  

The finding of a strong contemporaneous effect of social circumstances on HRB cluster 

membership at age 33, but not change, implies that SEP may shape lifestyles at the beginning 

of mid-adulthood which remained stable thereafter for reasons that extend beyond social 

circumstances. For example, as mentioned in the preceding section (section 9.4.2), the 

contemporaneous effect of SEP on HRB cluster membership might occur through physical 

access, psychosocial stress and social group habitus mechanisms. However, it may be that 

upon reaching mid-life there is little chance for HRB change due to the adoption of adult roles, 

such as raising children and employment (Benzies et al., 2008; Mulder et al., 1998), resulting in 

increased regularity and routine (Backett and Davison, 1995), through which health lifestyles 

become embedded (Blue et al., 2014). Following the embedding of these lifestyles, other 

factors unrelated to SEP may dictate their persistence during mid-life. As mentioned above, 

increased demands placed upon individuals in mid-adulthood (Lachman et al., 2015) are likely 

to lead to a lack of time and energy. These are both considered barriers to effective HRB 

change (Kelly et al., 2016), reducing motivation and capacity to alter HRB patterns (Borland, 

2013b), thus contributing to the stability of HRB patterns for a large proportion of mid-age 

adults, that were shaped by social circumstances in early mid-adulthood.  



224 
 

Therefore, physical access, psychosocial stress and social group habitus may play a role in 

embedding lifestyles as individuals enter the third decade of life, and factors such as time and 

motivation, posing barriers to a wider group of mid-age adults, could be responsible for their 

continuation thereafter. Consequently, the inverse may explain the smaller proportion whose 

HRBs do appear to change during mid-life, tending to be in a positive direction. For example, 

two factors, more free time and an awareness of ageing, are more commonly associated with 

older age groups and may explain increases in physical activity found amongst retirees in 

comparison to those of working age (Feng et al., 2016; Menai et al., 2014). It may be the case 

that the small proportion who change HRB cluster membership during mid-life have higher 

than average amounts of free time in comparison to their peers, perhaps due to an absence of 

caring and/or employment demands. This may allow them greater opportunities to engage in 

positive HRBs, such as physical activity and diet (Kelly et al., 2016), and increased capacity to 

refrain from negative HRBs, such as smoking and alcohol consumption (Borland, 2013b). On 

the other hand, motivation to change HRBs in mid-life for this minority of individuals may be 

rooted in their premature awareness of ageing and the consequences of lifestyle on health 

subsequently leading to higher levels of dedication to change HRBs (Backett and Davison, 

1995). 

Another explanation for the lack of effect of social circumstances on HRB change may relate, 

once again, to identity. Scholars suggest that as humans we strive to maintain our identities 

(Fennis et al., 2015) which are strongly tied to both lifestyles (Hedegaard, 2016; Pampel et al., 

2010) and SEP group identity (Bartley, 2016a; Pampel et al., 2010). Adult lifestyles are thought 

to fulfil self-identity and meaning, and reflect the consumption patterns of particular social 

groups (Blue et al., 2014; Cockerham, 2005). As a result of occupational maturity and the 

economic returns associated with mid-life (Bukodi and Goldthorpe, 2011; Herd et al., 2007), 

the attainment of social position is likely to have been achieved by early mid-adulthood which 

will be tied to a particular identity and lifestyle (Fennis et al., 2015; Geronimus et al., 2016; 

Hedegaard, 2016; Kelly et al., 2016; Reid et al., 2010). The solidification of a mid-adulthood 

identity in the third decade of life will result in lifestyle stability during mid-adulthood with 

evidence suggesting that identity is a barrier to HRB change (Kelly et al., 2016). 

This influence of identity, proposed to partially explain a lack of effect of social circumstances 

on HRB change, is consistent with previous work which suggests a ‘lock in’ of HRBs according 

to social circumstances, captured by social class, for alcohol and smoking over the lifecourse 

and to a lesser extent physical activity (Jones et al., 2011). As mentioned in chapter 2 (see 



225 
 

section 2.3.2), it is theorised that social differentials in the persistence of health-damaging 

HRBs, such as smoking, despite awareness of the harms of smoking (Blaxter, 1990), are the 

product of unequal ‘power and privilege’ (Geronimus et al., 2016) and tied to an identity of 

non-conformity and toughness amongst some social groups (Pampel et al., 2010). This ‘lock in’ 

effect (Jones et al., 2011) may partially explain higher proportions of individuals who continue 

to smoke within more disadvantaged SEP groups when compared to the rest of the population 

(Jefferis et al., 2004).   

However, there is compelling evidence of SEP differentials in multiple HRB change among 

adults over time (Buck and Frosini, 2012; Ding et al., 2015). It may therefore be the case that 

SEP does play some role in HRB change during mid-life but, given the relatively small number 

of participants who do change their HRBs, there is a lack of statistical power to detect an 

effect. Consequently, the existence of an effect between social circumstances in early mid-life 

and change in HRB cluster membership during the subsequent nine years cannot be 

completely ruled out.  

9.5 Further insights from the research findings and methodology 

Sections 9.1 to 9.4.3 have discussed the main findings and contributions of chapters 6, 7 and 8, 

addressing research objectives 1, 2 and 3 respectively. This section consolidates the thesis 

findings by further linking the chapters to one another. 

9.5.1 The possible period effects for sweet food and alcohol consumption 

As mentioned in section 1.4, there is a period of overlap across the two cohorts. The period 

covers the early 2000s, when BCS70 participants were aged 30 (2000) and 34 (2004) and NCDS 

participants were aged 42 (2000). Consequently, similarities in findings at these ages may, to 

some extent, elucidate period effects. The cohort comparison of participants of the same age, 

undertaken in chapter 6, controls for age and highlights a combination of period and cohort 

effects. Chapter 8 used information from one cohort at two different ages, controlling for 

cohort effects and therefore elucidating the combined effects of period and age (Schoon, 

2006). 

 

By identifying general increases in moderate alcohol consumption and sweet food 

consumption in both chapters 6 and 8, it could be deduced that these changes are due to 

period effects. The results of chapters 6 and 8 identified shifts in membership of the 

‘Mainstream’ cluster. In chapter 6, there was a higher membership of the ‘Mainstream’ cluster 

in the later-born cohort at age 34 when compared to the earlier-born cohort at age 33. In 
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chapter 8, there was movement from the ‘Risky’ and ‘Moderate Smokers’ clusters to the 

‘Mainstream’ cluster between ages 33 and 42.  

Whilst increased membership of the ‘Mainstream’ cluster implies overall improvements for 

some HRBs (i.e. members were non-smokers, had higher frequencies of fruit and vegetable 

consumption, lower frequencies of fried food consumption and higher levels of leisure-time 

physical activity, compared to members of the ‘Risky’ and ‘Moderate Smokers’ clusters), an 

increased membership of the ‘Mainstream’ cluster has possible implications for the frequency 

of sweet food consumption, tending to be higher in this cluster compared to the other two. 

Moreover, a shift to the ‘Mainstream’ cluster indicates general increases in moderate alcohol 

consumption and for women in the later-born cohort drinking above recommended limits.  

The potential period effects for increased moderate alcohol consumption and a higher 

frequency of sweet food consumption may relate to declines in the prevalence of smoking 

which both cohorts have been exposed to over the past 50 years (RCP, 2012). As mentioned in 

section 9.4.3, there is evidence of an association between smoking and sugar consumption 

(Maibach et al., 1996; Vermeulen-Smit et al., 2015; Méjean et al., 2011). Furthermore, 

research investigating alcohol typologies over time (see section 2.4.2) found that, whilst the 

prevalence of smoking was higher in drinking typologies characterised by heavier alcohol 

consumption, smoking reduced between 1978 and 2010 for all typologies (Purshouse et al., 

2017).  

Recent research (conducted in 2014–15) suggests that the majority of people have a ‘vice’ 

(described as a minor bad habit) and that eating sweets is amongst the most commonly 

reported (Dale et al., 2016). Moreover, research suggests individuals ‘balance out’ positive and 

negative HRBs (Backett and Davison, 1995) through compensatory health beliefs (Knäuper et 

al., 2004) (i.e. individuals compensate for participating in some negative HRBs by partaking in 

some positive ones). In light of this, it may be that smoking was a common ‘vice’ (Dale et al., 

2016) in the past, but that, as a result of public health efforts, individuals have subsequently 

quit smoking and replaced it with a new ‘vice’ (Dale et al., 2016) of sweet food. This 

replacement may be an unintended consequence of anti-smoking campaigns (Chou et al., 

2004).  

At the same time, it may be that for later-born women this sweet food ‘vice’ (Dale et al., 2016) 

may have been replaced once more by heavier alcohol consumption. For example, whilst still 

high compared to the other HRB clusters, the lower frequency of sweet food consumption in 
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the ‘Mainstream’ cluster for women in the later-born cohort compared to the earlier may 

reflect a replacement of sugar intake with alcohol use amongst women which has been 

observed elsewhere (Colditz et al., 1991). Heavier alcohol use amongst women born later may 

in turn reduce their sweet food consumption by satisfying the need for sugar through the 

consumption of sugar-laden and calorie-dense alcoholic beverages (Sayon-Orea et al., 2011) or 

via compensatory health beliefs (Knäuper et al., 2004) mentioned above or due to changes in 

dietary preferences that have been found to occur amongst heavier drinkers (Lampure et al., 

2014). 

A general preference for heavier alcohol consumption over sweet food consumption observed 

for women members of the ‘Mainstream’ cluster in the later-born cohort compared to their 

predecessors may relate to delays in childbirth and stronger ties to the labour market 

increasing disposable income and the opportunity to consume alcohol (Keyes et al., 2011; 

Slade et al., 2016). By contrast, increases in moderate consumption between ages 33 and 42 

for women born in 1958 may be due to having fewer childcare responsibilities as their children 

have become older (Tran et al., 2015).  

It is not possible from my results to isolate a period effect for alcohol and sweet food 

consumption. However, for women in both cohorts, alcohol consumption has become socially 

permissible due to changes in gender relations (Keyes et al., 2011; Slade et al., 2016) and 

increased exposure to alcohol product marketing and advertising aimed specifically at women 

(Bosque-Prous et al., 2015; Keyes et al., 2011; Purshouse et al., 2017). These factors 

correspond to trends in women consuming more alcohol over time (Britton et al., 2015; 

Davies, 2016; Meng et al., 2014; Purshouse et al., 2017) and converging with men’s alcohol 

consumption (Elliott et al., 2007; Keyes et al., 2011; Meng et al., 2014; Purshouse et al., 2017; 

Schoon and Parsons, 2003; Slade et al., 2016). Moreover, it is predicted that moderate alcohol 

consumption among individuals born before 1980 is set to increase (Kraus et al., 2015; Meng 

et al., 2014; Molander et al., 2010). Additionally, increases in sugar consumption are in line 

with global trends (Chang et al., 2017; Singh et al., 2015; WHO, 2015) and age-adjusted time 

trends that have shown a general deterioration in diet quality over time (Sijtsma et al., 2012).  

In sum, it is plausible that these trends in alcohol consumption and sweet food consumption, 

captured in the findings of chapters 6 and 8, may be due to an overlap in the period of life 

shared by the cohorts (Britton et al., 2015). The policy implications of these possible period 

effects on alcohol and sweet food consumption are elaborated upon in section 9.6 of this 

chapter. 
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9.5.2 The subjectivity of latent variable model selection 

Chapters 6 and 8 highlighted the issue of subjectivity in selecting the optimal number of 

clusters amongst studies using data reduction techniques (see sections 6.2.3 and 8.2.3). Whilst 

these data reduction techniques, used to elucidate HRB clusters, have a number of advantages 

in comparison to other methods (McAloney et al., 2013), this subjectivity in model selection 

has been raised as a potential limitation (Martinez et al., 1998; McAloney et al., 2013).  

Consequently, both chapters 6 and 8 sought to minimise the potential for subjectivity in model 

selection. The replication of the analysis within two populations in chapter 6 addressed 

concerns that subjectivity in model selection may reduce comparability across population 

samples (Martinez et al., 1998). Furthermore, comparing exploratory and confirmatory 

approaches to LTA model selection in chapter 8 demonstrated that, whilst latent variable 

modelling is a data-driven method, model selection should also be guided by prior knowledge 

(Finch and Bronk, 2011) and relevant theory (Nylund et al., 2007; Wang and Wang, 2012).  

9.5.3 The investigation of measurement invariance  

The measurement invariance analysis, used to ascertain latent cluster equivalence across 

known subgroups (see section 5.3.1.1), highlights the salience of thorough examinations of 

measurement invariance over time when using latent variable models (Collins and Lanza, 2010; 

Finch, 2015). Measurement invariance analysis was employed in chapter 6 to determine 

whether the nature of the three HRB clusters – ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’ 

– was similar across the two birth cohort studies. In chapter 8, measurement invariance 

analysis was used to determine HRB cluster equivalence over time (i.e. ages 33 and 42) in the 

earlier-born cohort. Such investigations are crucial when there is theoretical reason to believe 

that the nature of the HRB clustered patterns are either likely to be the same or likely to be 

different according to known subgroups in the populations under investigation (Finch, 2015) or 

at different points in time (Collins and Lanza, 2010).  

In both chapters 6 and 8, an assumption of full measurement invariance could not be verified; 

instead, partial measurement invariance was found in these latent variable models.  In chapter 

6, HRB cluster patterns were somewhat equivalent across the two cohorts within each gender, 

except in relation to alcohol consumption, particularly amongst women. The detection of 

partial measurement invariance in these latent variable models was important in the 

interpretation of the models in two respects. Firstly, as mentioned above, it allowed for some 

generalisations of these HRB cluster patterns to later-born cohorts in mid-adulthood today. 

Secondly, identifying differences in relation to women’s drinking patterns across the two 
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cohorts provided useful insights into gender convergence in alcohol consumption amongst 

those born in 1970, which may have been missed otherwise. 

In chapter 8, full measurement invariance over time could not be reasonably assumed for the 

‘Risky’ cluster. Certain HRBs (fried food consumption amongst men and leisure-time physical 

activity amongst women) were found to substantially differ at each age. These partial 

measurement invariant models provided a better representation of the extent to which HRB 

cluster membership changed between ages 33 and 42. These models indicated that changes 

observed for these specific HRBS over time extended beyond the interrelationship of the four 

HRBs. 

9.6 Policy implications 

The policy implications of this doctoral project are far reaching and can contribute to the 

development of policies and interventions that seek to improve lifestyles in mid-adulthood. It 

is clear that a joint approach is required in order to improve HRBs, consisting of policies and 

interventions aimed at the individual level, known as ‘downstream’, and those aimed at a 

population level, known as ‘upstream’ (Short and Mollborn, 2015).  

Whilst downstream interventions are considered to be effective in improving the HRBs of 

individuals (Bambra et al., 2015; Okechukwu et al., 2014), they have been criticised for placing 

emphasis on individual responsibility and agency and perpetuating social differentials in HRBs 

(Katikireddi et al., 2013). Individual-level interventions have the potential to be inequitable 

because more disadvantaged groups are less able to effectively engage in and respond to HRB 

interventions in comparison with their more advantaged peers. Individuals experiencing more 

disadvantaged social circumstances may have diminished motivation and capacity to change 

their lifestyle as a result of disadvantaged social circumstances – e.g. a greater amount of time 

and energy is spent on managing financial difficulties (Borland, 2013c).  

Consequently, upstream interventions can serve to mitigate social inequalities that are 

associated with downstream interventions, by tackling the ‘causes of the causes’ (Marmot, 

2005: 1101) of health-damaging HRBs in mid-adulthood. Moreover, upstream interventions 

target populations as opposed to high-risk groups, reaching a larger number of people 

simultaneously and are thus a more powerful strategy to improve HRBs (Rose, 1989).  

However, upstream interventions are difficult to implement, requiring political will and 

collaborations that extend beyond the remit of health into a wide range of areas, such as 
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education, economics, housing, town planning, food and agriculture and social services 

(Catford, 2006; Hayward and Gorman, 2004; Koh et al., 2011). 

The policy implications of this work are discussed according to these two approaches. This 

section first considers how the findings of this thesis can inform downstream interventions to 

improve HRBs before turning attention to upstream interventions. The final section discusses 

how these two policy options may be combined to create a joint approach known as 

‘Proportionate Universalism’ (Marmot, 2010: 16). 

9.6.1 Downstream interventions 

 Multiple HRB change 

The findings from chapters 6 and 8 of this thesis combined with the results of previous HRB 

clustering research (see section 2.2) provide strong indications that smoking, alcohol, diet and 

physical activity interrelate and tend to cluster. Therefore, these findings support the assertion 

made by others (Buck and Frosini, 2012; Filippidis et al., 2016; Noble et al., 2015) that the 

current policy approach, which tackles these four HRBs as individual entities, may not be 

appropriate. Consideration of the ways in which HRBs cluster together can be used to refine 

existing HRB policies and interventions, by making them more person-centred. Consistent HRB 

cluster patterns should be considered alongside patterns that differ according to subgroups, to 

develop public health interventions that reflect the individual’s experience of HRB (Buck and 

Frosini, 2012; Watts et al., 2015).  

Such ‘downstream’ (Short and Mollborn, 2015) interventions that focus on lifestyle (Ashra et 

al., 2015; Younge et al., 2015) could have long-term benefits for health outcomes. As 

mentioned in section 1.1, the presence of multiple negative HRBs has been found to be 

strongly related to the risks of both mortality (Khaw et al., 2008; Kvaavik et al., 2010; Martin-

Diener et al., 2014) and morbidity (Alageel et al., 2016; Artaud et al., 2016; Chow et al., 2010; 

Sabia et al., 2012).  

Whilst a review of studies evaluating the efficacy of multiple HRB interventions found that 

research in this area is limited (King et al., 2015) and the comparability of the samples from the 

reviewed studies with the two birth cohorts used in my doctoral project is questionable, 

research does suggest that interventions addressing multiple HRBs simultaneously may be 

more successful (Ashra et al., 2015; Goldstein et al., 2004; Hale et al., 2014; Hyman et al., 

2007; King et al., 2013; Koshy et al., 2012; Nigg et al., 2002; Steptoe, 2007) and cost effective 

(Prochaska et al., 2008b) than targeting HRBs independently. However, it is argued that 
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attention must also be paid to the content of these HRB interventions as much as the number 

of HRBs that they target (Mc Sharry et al., 2015). Such interventions are based upon the 

premise of ‘behavioural spillover’ (Poortinga et al., 2013) whereby change in one HRB can lead 

to change in others (Prochaska et al., 2008a).  

The findings from chapters 6 and 8 reinforce this evidence and could inform practices to 

improve HRBs by developing person-centred care plans based on the three distinct clustered 

patterns of HRBs found in this work. For example, the HRB cluster patterns suggest that 

members in the two clusters characterised by smoking (i.e. ‘Risky’ and ‘Moderate Smokers’) 

tended to consume fruits and vegetables less frequently, consume fried food more frequently 

and do less physical activity than members in the cluster characterised by non-smoking (i.e. 

‘Mainstream’). Therefore, any interventions to quit smoking could employ person-centred 

strategies to improve diets and exercise, in order to achieve a healthier lifestyle.  

At the same time, members of the ‘Risky’ cluster smoke more cigarettes per day and have a 

lower probability of transitioning to the ‘Mainstream’ cluster in comparison to the ‘Moderate 

Smokers’ cluster, whose other HRBs are more aligned with the ‘Mainstream’ cluster. 

Moreover, the findings demonstrate that members of the ‘Risky’ cluster are more socially 

disadvantaged than members of the ‘Moderate Smokers’ and ‘Mainstream’ clusters. 

This implies that members of the ‘Risky’ cluster may be experiencing higher levels of nicotine 

addiction which is interrelated with other aspects of their lifestyle, i.e. diet, physical activity 

and alcohol consumption. Given their more disadvantaged social circumstances, they may be 

less able to respond to traditional downstream interventions (e.g. smoking cessation) which do 

not resonate with their everyday experience of HRBs or their social circumstances. In 

comparison, members of the ‘Moderate Smokers’ cluster, who are more socially advantaged, 

are already making positive changes to their HRBs. 

Consequently, members of the ‘Risky’ cluster would benefit from targeted lifestyle person-

centred interventions which take into account how their contemporaneous social 

circumstances may undermine their ability to change negative HRBs and start to unpick how 

these HRBs interrelate. On the basis of these intensive consultations, the clinician and the 

individual can together develop a realistic person-centred care plan which resonates with the 

individual’s everyday experience of HRBs. By contrast, members of the ‘Moderate Smokers’ 

cluster may not need such specialist support; instead, they will have a greater capacity to make 

positive lifestyle changes and be motivated at the individual level by a brief intervention with a 
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clinician or through their growing awareness of the impact of negative HRBs on their health 

(e.g. increased breathlessness when walking upstairs). 

9.6.2 Upstream interventions 

As demonstrated above, the findings of this thesis can contribute to the development of 

downstream interventions to improve negative HRBs at the individual level, particularly 

amongst the most socially disadvantaged who are disproportionately members of the ‘Risky’ 

cluster. However, this thesis points implies that wider social circumstances also influence 

lifestyles of members of the ‘Moderate Smokers’ cluster. Furthermore, the findings imply that 

a population strategy is required in order to improve HRBs for members of the ‘Mainstream’ 

cluster. Therefore, emphasis must also be placed on upstream interventions in order to tackle 

multiple negative HRBs at a population level. 

 Social differentials in HRB patterns 

The findings highlight social differentials in HRB cluster membership, providing a person-

centred understanding of which subgroups of the population are likely to share clustered 

patterns of multiple negative HRBs. Investigating the relationship between social determinants 

across the lifespan and HRB clustering provides insights into the unique social context in which 

different social groups experience HRBs in their everyday lives and consequently deepens our 

understanding of how SEP differentials in mid-adulthood lifestyle contribute to health 

inequalities previously observed in these two cohort studies (Ferri et al., 2003; Mensah and 

Hobcraft, 2008; Parsons et al., 2013). 

This thesis demonstrates a contemporaneous effect of mid-adulthood SEP on HRB cluster 

membership, which is strongly influenced by SEP in pre-adolescence. In consequence, it is 

imperative that policies and interventions designed to tackle HRBs consider both the 

accumulation of resources across the lifecourse (Hayward and Gorman, 2004) and the 

proximal social circumstances in which adults live their lives (Short and Mollborn, 2015). This 

implies that a population strategy is required, consisting of ‘upstream’ policies and 

interventions that focus on the social structure (Cleland et al., 2010; McCartney et al., 2011; 

Okechukwu et al., 2014; Short and Mollborn, 2015). 

The findings presented in chapter 7 suggest a ‘chain of risk’ (Ben-Shlomo and Kuh, 2002: 287), 

with pre-adolescent SEP predicting mid-adulthood SEP, consisting of material, occupational 

and cultural dimensions, which has a contemporaneous influence on HRB cluster membership, 

conceived to occur via physical access, psychosocial stress and social group habitus 

mechanisms. Considering the total effect, whilst identifying the contribution of the indirect 
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effect, provides an insight into the ways in which policymakers can intervene (Green and 

Popham, 2016). The first part of the chain points to an accumulation of resources between 

pre-adolescence and mid-adulthood, while the second part of the chain identifies the 

contemporaneous effect of social circumstances in mid-adulthood on lifestyle at the same age. 

Thus, effective policies and interventions seeking to break these links in the chain may prevent 

the formation of clustered patterns of health-damaging HRBs in mid-adulthood. 

For example, the first link in the chain implies that policies and interventions are required to 

mitigate differentials in the accumulation of resources between childhood and adulthood 

(Cohen et al., 2010) and thus ‘give every child the best start in life’ (Marmot, 2010: 15). The 

most disadvantaged children with little or no access to material and cultural resources in early 

life are considered to have the least chance of accruing them later (Heinz and Marshall, 2003). 

Therefore, policies to ensure access to resources that meet a sufficient threshold for all 

children are important. For example, whilst education is free to all children, which can aid 

social levelling (Georg, 2016), inequalities do exist in the British schooling system (Singleton et 

al., 2011; Smithers and Robinson, 2010). 

Policies to improve material and cultural resources in childhood are set out in the Marmot 

review entitled ‘Fair Society, Healthy Lives’ (Marmot, 2010). Material aspects include providing 

families with a living wage, good quality housing and generous welfare provisions. Cultural 

aspects include access to good quality education and apprenticeships. Such policies equip 

children with skills and resources, setting them on more advantaged SEP trajectories (Cohen et 

al., 2010). This equates to higher material, occupational and cultural dimensions of SEP in 

adulthood and in turn improved HRBs, representing the second link in the chain.  

These mechanisms reflect the contemporaneous influence of social circumstances on 

lifestyles, driving everyday decisions on whether to participate in or refrain from particular 

HRBs (Borland, 2013c). This implies that HRBs in mid-adulthood can be modified through 

contemporaneous social factors rather than social circumstances in childhood, which is 

promising from an interventionist perspective. Altering physical access, psychosocial stress and 

social group habitus processes may be one way in which policymakers can intervene to 

improve HRB cluster patterns. 

‘Upstream’ policies tackling psychosocial stress and physical access mechanisms may be 

enacted through legislation and taxation. A package of ‘upstream’ policies and interventions to 

improve HRB clustering in mid-adulthood is required in order to maximise their efficacy 
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(Okechukwu et al., 2014) and counteract potential unintended consequences associated with 

different approaches (Frohlich and Potvin, 2008). Empirical evidence demonstrates that 

taxation (Bhimjiyani et al., 2016; Blakely et al., 2015; Burton et al., 2016; Dragone et al., 2015; 

Hu et al., 2016; McAuley et al., 2016; McGill et al., 2015; Meier et al., 2010) and legislation 

(Bauld, 2011; Patterson and Elinder, 2015; Robertson-Wilson et al., 2012) are effective in 

tackling HRBs at a population level. 

For example, workplaces that guarantee decent employment conditions and a fair wage to 

workers and welfare provisions that ensure all people, including the most vulnerable, have an 

adequate income to meet basic needs are recommended (Marmot, 2010). These are likely to 

reduce sources of occupational and economic psychosocial stress thought to lead to the 

perpetuation of smoking (Garrett et al., 2015; Hoek and Smith, 2016; Pampel et al., 2010) and 

alcohol dependence (Head et al., 2004) amongst those in more disadvantaged social 

circumstances. Moreover, research suggests that workplace policies that promote better 

psychosocial work environments and challenge negative beliefs regarding physical activity may 

improve the uptake of exercise amongst workers (Andersen, 2011).  

Revenue incurred through taxation on foods high in sugar and fat could be used to increase 

access to health-promoting HRBs, such as healthier diets and physical activity (Dragone et al., 

2015). For example, this revenue could subsidise other products, such as fresh fruit and 

vegetables (Cobiac et al., 2017), which are often too expensive for those experiencing financial 

hardship (Jones et al., 2014; McGill et al., 2015). Funds could be used to provide local and low-

cost opportunities for physical activity, given that a lack of money and transport are two 

frequently cited barriers to a lack of participation in exercise for those in more disadvantaged 

social circumstances (Burton et al., 2012; Chinn et al., 1999; Kelly et al., 2016). Such activities 

could be better tailored at a local level according to the preferences of the beneficiaries 

(Burton et al., 2012; Hunt et al., 2001). For example, team-based physical activities that 

incorporate a social element alongside exercise have been found to be preferred by those with 

lower compared to higher incomes (Burton et al., 2012).  

Whilst effective, both taxation and legislation have caveats that should be acknowledged and 

mitigated. Taxation on smoking and alcohol can be regressive, disproportionately affecting 

those at the lower end of the SEP distribution (Blakely et al., 2015; Dragone et al., 2015; McGill 

et al., 2015) and may have implications for multiple HRBs. For example, individuals in financial 

difficulties may have legitimate reasons, given their social circumstances, to be less concerned 

with their long-term health and thus partake in health-damaging HRBs (Birch, 2010). Yet by 
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doing so, they spend more of their income on cigarettes and alcohol which further restricts 

their ability to buy healthier food and take part in physical activity. This point demonstrates 

the need to take a person-centred approach in the development of policies and interventions 

to improve HRBs. 

Moreover, social differentials could provide further insight into whether declines in smoking 

are related to increases in obesity which are thus an unintended consequence of anti-smoking 

campaigns (Chou et al., 2004). As mentioned above (see section 9.5.1), it is suggested that 

smoking has been replaced by a higher calorie intake (Chou et al., 2004). At the same time, 

others suggest that such campaigns have in fact led to reductions in obesity by improving diets 

and physical activity (Dragone et al., 2015). It may be that those in more advantaged social 

circumstances replace smoking with positive HRBs, whereas those in less advantaged social 

circumstances replace smoking with negative HRBs. For example, research investigating HRB 

clustering in Australian older adults (Griffin et al., 2014) identified an ex-smoker cluster with 

more negative HRBs, labelled ‘higher risk ex-smokers’ and an ex-smoker cluster with fewer 

negative HRBs, labelled ‘lower risk ex-smokers’. Whilst both clusters were found to have lower 

levels of educational attainment compared to the reference cluster, labelled ‘active non-

smokers’, the estimates from this study indicate that the ‘higher risk ex-smokers’ were less 

educated compared to the ‘lower risk ex-smokers’. The ‘lower risk ex-smokers’ cluster was 

found to be more physically active than the ‘higher risk ex-smokers’. At the same time, the 

‘higher risk ex-smokers’ had poorer diets than the ‘lower risk ex-smokers’. 

‘Upstream’ policies, such as those involving taxation and legislation, are considered important 

levers with which to improve HRBs in the population but only in the presence of changes to 

social norms (Blue et al., 2014; Hargreaves et al., 2010). There are a number of strategies that 

may be used to change social norms at the population level, conceived to influence HRB 

change via influencing social environments and the spread of positive HRBs from one 

individual to another through behavioural modelling (Perry et al., 2016) and diffusion (Dixon 

and Banwell, 2009).  

However, the extent to which public health campaigns, such as raising awareness of recent 

changes to alcohol guidelines (DOH, 2016), are effective depends on sustained activity and the 

ability to effectively target all social groups (Holmes et al., 2016). Consideration of the unique 

social context in which different social groups experience HRBs in their everyday lives is also 

required for public health messages to be relevant and resonant (Buck and Frosini, 2012; 

Garrett et al., 2015; Reid et al., 2010; Watts et al., 2015). Sophisticated messages may serve to 
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counteract the ‘lock in’ of identity which has been found amongst some social groups (Jones et 

al., 2011) and considered to perpetuate negative HRBs amongst those in more disadvantaged 

social circumstances (Jefferis et al., 2004; Pampel et al., 2010). 

Moreover, diffusion theory suggests that HRBs in the most advantaged SEP group are imitated 

by other SEP groups, which may have had positive effects on smoking behaviour over time 

(Dixon and Banwell, 2009). For example, historically, advantaged SEP women were the first to 

start and the first to stop smoking (Schooling and Kuh, 2002). At the same time, these diffusion 

processes could become problematic in the future if we consider alcohol consumption, given 

evidence that increases in alcohol consumption amongst women in recent decades can be 

largely explained by increases amongst those who are in more advantaged social 

circumstances (Purshouse et al., 2017). Thus, whilst public health efforts may serve to reduce 

alcohol consumption amongst women in more advantaged social circumstances, given their 

increased receptivity to public health messages (Cutler and Lleras-Muney, 2010; Schooling and 

Kuh, 2002), they may not adequately address the consumption amongst more disadvantaged 

women who may increasingly adopt these behaviours but within a different context. For 

example, women who are considered part of the ‘ladette culture’ are often portrayed as 

working-class (Jackson and Tinkler, 2007). This ‘ladette culture’ rose in the 1990s and early 

2000s amongst young women and is associated with heavier episodic drinking and the 

consumption of beverages other than wine (Day et al., 2004).     

This section has demonstrated how social differentials in HRB clustering may be addressed 

through upstream interventions that tackle the root cause of multiple negative HRBs for those 

who are more socially disadvantaged. However, alongside reducing social inequalities in HRB 

clustering, population strategies that seek to improve the HRBs for every citizen must also be 

implemented (Rose, 1989). 

 Population-level efforts to reduce smoking and increase fruit and vegetable 

consumption and physical activity 

This thesis identified the majority of individuals in both cohorts to be members of the 

‘Mainstream’ cluster. The high level of stability in membership of the ‘Mainstream’ cluster in 

mid-life combined with a shift in membership towards this cluster is to some extent reassuring 

in terms of health outcomes. For example, the shift to the ‘Mainstream’ cluster can be 

beneficial for health in respect of cigarette smoking, fruit and vegetable consumption, fried 

food consumption and physical activity, linked to both mortality and morbidity (see section 

1.1). 
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This shift to the ‘Mainstream’ cluster characterised by non-smoking, corresponding with 

declines in the prevalence of smoking over the past 50 years, is a public health success and an 

example of how both ‘upstream’ and ‘downstream’ approaches can improve HRBs (RCP, 2012). 

Moreover, trends in fruit and vegetable intake may relate to increased availability of fresh fruit 

and vegetables in the post-war era (Davies, 2016)and growing awareness of the ‘five a day’ 

public health message (FSA, 2008), while increases in physical activity may relate to public 

health communication on the importance of physical activity (Stamatakis et al., 2007).  

Despite these apparent improvements, fruit and vegetable consumption, fried food and 

physical activity HRB patterns in the ‘Mainstream’ cluster have remained less than ideal, even 

after 12 years had passed between the two cohorts. For example, in all models the mean 

frequency of fruit and vegetable consumption was found to be 3–6 days per week, still failing 

to meet the UK recommended guidelines of five portions of fruit and vegetables per day 

(WHO, 2014). Less than a third of members in this cluster achieved leisure-time physical 

activity 4–7 days per week, implying a lack of adherence to the current UK recommended 

guidelines, to take part in exercise five days per week (Davies et al., 2011).  

This shift to the ‘Mainstream’ cluster therefore highlights success for smoking and 

improvements for physical activity, fruit and vegetable consumption and fried food 

consumption. At the same time, it is apparent that continued public health efforts are required 

to encourage adherence to government guidelines in relation to fruit and vegetable 

consumption and physical activity. Analyses using data from the Health Survey for England 

collated in 2012 and the Active People Survey collated in 2014 (HSCIC, 2014a) indicate that the 

proportion of adults eating fewer than three portions of fruit and vegetables per day 

(men=45%, women=41%) was higher than those eating the recommended five portions per 

day (men=25%, women=28%). Moreover, this analysis (HSCIC, 2014a) suggested that physical 

activity levels remain low, with 57% of adults in England reporting to have not participated in 

sport16 in the previous 28 days.   

It may be that current fruit and vegetable consumption and physical activity guidelines are 

unrealistic and may serve to demotivate individuals. A re-framing of fruit and vegetable 

consumption and physical activity public health messages from being prescriptive to 

collaborative (i.e. meeting the public where they are currently, rather than where they should 

be from a public health perspective) would make goals appear more attainable and thus 

                                                           
16These include running, golf, swimming, team sports, racket sports, gymnastics, boxing, climbing and 
mountaineering, winter sports, archery, gym, and fitness activities or classes. 
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encourage the public to improve these HRBs. This could be achieved by a closer alignment of 

public health messages to the population average, combined with interventions that remove 

barriers and enable the public to be more physically active and increase their fruit and 

vegetable consumption (Kelly et al, 2016).  

 Population-level efforts to tackle increases in alcohol and sweet food consumption 

Increased membership of the ‘Mainstream’ cluster over time implies increases in sweet food 

consumption and moderate alcohol consumption, conceived to reflect possible period effects 

during the early 2000s (see section 9.5.1). These period effects are considered to relate to the 

wider availability of alcohol and sweet food consumption over time and changes in social 

norms. Consequently, ‘upstream’ (Short and Mollborn, 2015) policies and interventions aimed 

at a population level are required in order to tackle these undesirable trends in lifestyle. 

Notably, a shift towards the ‘Mainstream’ cluster implies increases in alcohol consumption 

amongst women and signifies a need for intervention. At the same time, singling out women’s 

alcohol consumption as problematic may not be helpful. For example, portrayal of women’s 

alcohol consumption in the media may result in stereotypes that are not aligned with the 

recently implemented gender-neutral alcohol consumption guidelines (Patterson et al., 2016). 

Moreover, research into drinking typologies in the United Kingdom found that women were 

assimilating to existing drinking styles as opposed to developing new ones (Purshouse et al., 

2017), implying that the drinking culture may need to be addressed as opposed to the 

targeting of women specifically. To tackle access and availability of alcohol it may be that 

government regulation, rather than self-regulation, of the alcohol industry is required (Knai et 

al., 2015b) to reduce the availability of alcohol in supermarkets and prevent the aggressive 

marketing of alcohol products. 

A shift towards the ‘Mainstream’ cluster also implied general increases in the frequency of 

sweet food consumption, which again may be linked to changes in social norms as well as food 

availability. Unlike their predecessors, both birth cohorts have experienced a ‘post-war 

consumer culture’ (Leach et al., 2013: 107), and increased availability of convenience foods 

(Davies, 2016). In consequence, these trends may also be the result of changes in social norms 

for sweet food consumption. Explanations for increasing trends in sweet food include rises in 

the availability of processed food (POST, 2015; Swinburn et al., 2011). These may be 

increasingly relied upon, due to competing time demands associated with mid-life (Devine, 

2005; Lachman et al., 2015; Worsley et al., 2012), disproportionately affecting women due to 
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their increased participation in the labour market in recent decades whilst continuing to 

undertake domestic chores (Chou et al., 2004; Nomaguchi and Bianchi, 2004). 

Informal eating practices such a snacking have risen dramatically (Harper and Hallsworth, 

2016), which has been blamed for increased calorie intake and consequently a rise in obesity 

(Cutler et al., 2003). These practices combined with evidence that suggests that diets high in 

added sugars increase the risk of obesity (Neuhouser, 2010) imply that the general increases in 

sugar consumption found in this thesis could partially explain increases in overweight and 

obesity rates observed amongst participants in both cohorts (Johnson et al., 2015; Sullivan et 

al., 2013) but which appears to have occurred at an earlier point in the lifecourse for those 

born in 1970 (Johnson et al., 2015; Sullivan et al., 2013).  

It has been suggested that coinciding declines in smoking prevalence and rises in obesity may 

be related to one another (Campbell, 2016). Research suggests that trends in smoking and 

obesity have been substantially influenced by period effects, although cohort does play a role 

(Badley et al., 2015; Jiang et al., 2013; Reither et al., 2009). Younger cohorts, such as those 

born in 1970, have had a greater exposure to the obesogenic environment (Johnson et al., 

2015; Park et al., 2013) and the social normalisation of obesity (Curtice, 2016), whilst at the 

same time they have been made aware from an early age of the harms of smoking and have 

had less exposure to smoking as a social norm (Vedøy, 2014), in comparison to older cohorts, 

such as those born in 1958. 

At the same time, others suggest that such campaigns have in fact led to reductions in obesity 

by improving diets and physical activity (Dragone et al., 2015). Whilst those who smoke tend to 

have a lower BMI in comparison to those who are ex-smokers or those do not smoke (Kvaavik 

et al., 2004; Lahti-Koski et al., 2002; Tian et al., 2016), this has not been explained by worse 

diets and physical activity levels amongst ex-smokers and non-smokers (Kvaavik et al., 2004; 

Tian et al., 2016). In consequence, some suggest that the paradox between not smoking, 

improved diet and physical activity yet having a higher BMI could be due to the under-

reporting of calorie intake. This may occur because informal snacking is more difficult for 

participants to recall in comparison to standard meals (Harper and Hallsworth, 2016). 

Consumers may not be aware of hidden calories such as added sugars in low-fat food products 

(Rolls and Miller, 1997), trans-fats contained in processed foods (Allen et al., 2015) or calories 

in sugary alcoholic (Sayon-Orea et al., 2011) and non-alcoholic beverages (Kvaavik et al., 2005).  
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Amongst women members of the ‘Mainstream’ cluster, those born in 1970 had significant 

increases in alcohol consumption and decreases in the frequency of sweet food consumption 

were observed compared to those born in 1958. Such patterns may reflect a replacement of 

sugar intake with alcohol use amongst women in the later-born cohort (Colditz et al., 1991). 

Alcoholic beverages, particularly types popular amongst women (i.e. cocktails), are often 

calorie-dense (Sayon-Orea et al., 2011). It may be that strategies such as caloric labelling of 

alcoholic beverages (RSPH, 2014) or extending the soon-to-be-implemented soft drinks 

industry levy (Briggs et al., 2017) to include alcohol products could serve to mitigate a 

potential replacement of sugar intake with alcohol use by raising awareness of the sugar 

content in alcoholic beverages and at the same time reducing availability through price.  

On the other hand, it could also be the result of social desirability bias in as much as public 

health campaigns have made individuals aware of recommended guidelines but this has not 

necessarily translated into everyday practices (Harper and Hallsworth, 2016; Stamatakis et al., 

2007). 

In light of the above, it appears that there is a need for ‘upstream’ population-level 

interventions to tackle the increasing trends in alcohol and sweet food consumption. These 

interventions should address both availability and social norms in alcohol and sugar 

consumption to improve HRBs amongst members of the ‘Mainstream’ cluster. In terms of 

accessibility, alcohol (Brown, 2015; Knai et al., 2015b; Martino et al., 2017; Noel et al., 2016; 

Petticrew et al., 2017) and food (Bateman-House et al., 2017; Knai et al., 2015a) industries 

have been criticised for a lack of emphasis on the most effective strategies. These strategies 

include pricing, access and marketing restrictions (Knai et al., 2015a; Knai et al., 2015b). 

Therefore, policies that restrict accessibility to health-damaging HRBs at a population level 

may be effective in improving lifestyles.  

Such interventions relating to access and availability are considered to influence social norms 

but are also generated by them (Blue et al., 2014). Therefore, considering this complex 

interplay is crucial. Interventions at the individual and population level are unlikely to succeed 

without coinciding shifts in social norms (Borland, 2013d). As mentioned above (see section 

9.6.2.1), interventions that seek to tackle social norms are considered to enact change by 

creating healthier social environments and the spread of positive HRBs from one individual to 

another through behavioural modelling (Perry et al., 2016) and diffusion (Dixon and Banwell, 

2009). For example, De Leon et al. (2007) theorises that people can quit smoking for either 

social or personal reasons. The former quit because everyone else is doing so, whereas the 
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latter quit because of a strong personal decision often related to the possibility of negative 

outcomes. Therefore, interventions that tap into these personal reasons and encourage 

individual choices to quit, such as public health campaigns highlighting possible negative 

outcomes of health-risk behaviours (Wakefield et al., 2010), could be accompanied by 

interventions that target social reasons for change through social marketing techniques 

(Firestone et al., 2016).  

Moreover, social norms may be altered through sophisticated mass media campaigns that 

resonate with people’s experiences of HRBs (Garrett et al., 2015; Reid et al., 2010) and 

community-level interventions (Harris et al., 2015; MacLellan et al., 2015; Okechukwu et al., 

2014; Short and Mollborn, 2015). Interventions based on behavioural economics (i.e. making 

health-promoting HRBs the default option) known as ‘nudge’ policies have been shown to be 

effective (Arno and Thomas, 2016; Loewenstein et al., 2012). However, changing environments 

to improve HRBs requires increased public acceptance of their choices being restricted by 

government (Matjasko et al.), which currently may be challenging, given research that suggests 

a low acceptability of government interventions to improve population HRBs (Diepeveen et al., 

2013; Somerville et al., 2015). 

9.6.3 A joint approach to improve HRBs 

Sections 9.6.1 and 9.6.2 demonstrate how upstream and downstream interventions can be 

used to tackle multiple negative HRBs. ‘Proportionate Universalism’ (Marmot, 2010: 16) may 

offer a solution by combining the upstream and downstream approaches outlined above to 

reduce inequalities in HRBs. Proportionate Universalism (Marmot, 2010) seeks to tackle social 

inequalities by implementing population-wide strategies that yield greater benefits for more 

socially disadvantaged groups, as well as some targeted policies for those with the greatest 

need. Such policies that focus on the social determinants of lifestyles are considered 

advantageous because they avoid placing blame, instead acknowledging the unequal 

distribution of resources that shape HRBs (Benach et al., 2013; Katikireddi et al., 2013; Maller, 

2015).   
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9.7  Future work  

This section outlines some fruitful areas of future research which have emerged from this 

thesis.  

9.7.1 Interventions that tackle the social determinants of HRB clustering 

The preceding section (see section 9.6.2.1) highlighted the importance of upstream 

interventions that may serve to improve the contemporaneous social circumstances in which 

people live their lives, in order to improve their health lifestyles in mid-adulthood.  

A future area of research could be the implementation and evaluation of interventions that 

seek to tackle the effect of social circumstances on HRBs, through physical access, psychosocial 

stress and social group habitus mechanisms.  

An example relating to the psychosocial stress associated with occupation would be a 

randomised control trial, similar to that conducted by Andersen (2011). As mentioned above 

(see section 9.6.2.1), they found that workplace policies improving psychosocial work 

environments combined with interventions to encourage physical activity improved the uptake 

of exercise amongst workers (Andersen, 2011).  

Interventions to improve employees’ working conditions – e.g. increased job control (Corbiere 

et al., 2009) – in order to reduce levels of psychosocial stress, could be provided alongside a 

lifestyle intervention addressing multiple HRBs (Ashra et al., 2015; Younge et al., 2015). This 

intervention would consist of three groups: the first group of workers would receive both the 

lifestyle and working conditions interventions; the second group would receive only the 

lifestyle intervention (i.e. no change in working conditions); and the third group would act as a 

control group, receiving neither intervention. Thus, differences in HRBs at follow-up between 

the first group (receiving the combined intervention) and the other two groups could be 

attributed to the joint effect of a holistic lifestyle intervention combined with improvements in 

working conditions and reductions in psychosocial stress.  

Another example relates to physical access associated with material circumstances. This would 

consist of an evaluation of change in HRB clustering at the population level following the 

implementation of upstream efforts to alter HRBs through price. Evaluations of upstream 

interventions that address health-damaging HRBs by considering consumer price elasticity (i.e. 

changes in consumption with changes in price), according to differences in social 

circumstances, have been conducted (Smed et al., 2007). Batis et al. (2016) evaluated the 

efficacy of the implementation of a sugar-sweetened beverage tax in Mexico, identifying a 
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positive effect on food purchasing amongst those in low and middle ‘socio-economic status’ 

households (measured using a validated scale based upon education, income and household 

assets). However, as the authors point out, this did not consider improvements in overall diet 

quality (Batis et al., 2016), which is important, given that price alterations for a single food 

group may not automatically lead to change in other food groups if their prices do not change 

(Smed et al., 2007). This demonstrates the limitations of only tackling physical access to 

negative HRBs and neglecting to improve access to positive ones. 

Therefore, instead of focusing on either positive or negative HRBs, upstream interventions may 

be more effective if they create price barriers to health-damaging HRBs whilst simultaneously 

improving access to health-promoting HRBs. For example, taxation on alcohol (Vandenberg 

and Sharma, 2015), tobacco (Blakely et al., 2015) and foods high in sugar and fat (Ni Mhurchu 

et al., 2015) would be implemented in conjunction with subsidising the price of healthier 

products such as fruit and vegetables (Cobiac et al., 2017) and leisure-time physical activity 

participation (Yaniv et al., 2009).  

Moreover, measuring overall lifestyle as the outcome, captured through changes in HRB 

clustering, may be preferable in such an evaluation. This assertion is based upon the findings 

of this thesis – i.e. that HRBs cluster, as well as other evidence that suggests change in one HRB 

leads to change in another (Prochaska et al., 2008a). 

In sum, evaluations of upstream interventions that seek to tackle psychosocial and physical 

access mechanisms associated with occupational and material dimensions of social 

circumstances would be a worthwhile endeavour. Interventions focusing on psychosocial 

stress, associated with occupation, would combine improvements in employment conditions 

reducing psychosocial stress and lifestyle modification to tackle multiple HRBs. Interventions 

tackling price barriers to participating in health-promoting HRBs, associated with material 

circumstances, would alter access and promote positive lifestyle change. 

9.7.2 HRB clustering and the obesity epidemic in the United Kingdom 

The relationship between membership of these three distinct HRB clusters and body mass 

index (BMI) would provide useful insights for policymakers. The rise in obesity is considered a 

global public health challenge (Friel et al., 2007). As mentioned above (see section 9.6.2.3), 

younger generations are being exposed to the obesogenic environment for longer durations of 

their lifespan (Johnson et al., 2015; Park et al., 2013). Consequently, as these younger 
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generations age, the risk of both obesity and associated health outcomes are likely to have 

severe long-term public health consequences in the United Kingdom (Johnson et al., 2015).  

The HRB patterns identified in this thesis suggest that declines in smoking are interrelated with 

increases in the frequency of sweet food consumption (see chapters 6 and 8). This in turn has 

possible implications on obesity moving forward, given research linking sugar intake and 

obesity (Neuhouser, 2010; POST, 2015). Research indicates former smokers to be at greater 

risk of obesity in comparison to current and never smokers (Dare et al., 2015). Therefore, it 

may be that some members of the ‘Mainstream’ cluster have an increased risk of obesity 

compared to those in the ‘Risky’ and ‘Moderate Smokers’ cluster.  

At the same time, given that disadvantaged social circumstances are found to predict ‘Risky’ 

and ‘Moderate Smokers’ HRB cluster membership (see chapters 7 and 8), the reverse may also 

be possible. Research using these two British birth cohorts suggests obesity is socially 

patterned in the United Kingdom (Bann et al., 2017). Individuals in more disadvantaged social 

circumstances are more likely to be obese than their more advantaged counterparts. 

Investigating social differentials across countries would a useful exercise, providing clues as to 

how differing levels of social inequalities across countries can serve to exacerbate and mitigate 

inequalities in HRB and obesity (Hoffmann et al., 2015). 

The extent to which associations between HRB clustering and obesity are the consequence of 

age, period and cohort effects would further our understanding of the drivers of the obesity 

epidemic in the United Kingdom. The results of this thesis elucidated a shift towards the 

‘Mainstream’ cluster which implies a potential period effect for sweet food consumption. This 

assertion could be verified by using longitudinal panel data (which would have sufficient age 

variation) with repeated measures of these four HRBs over time and implementing age-period-

cohort models (Kerr et al., 2009). This would serve to disentangle the effects of age, period and 

cohort from one another to monitor current trends and thus better predict the emergence, 

adaptation, persistence and decline of obesity-related lifestyles in the future (Blue et al., 2014; 

Maller, 2015). Research conducted in the US suggests that both cohort and period effects have 

contributed to the obesity epidemic in recent decades (Reither et al., 2009), although more 

recent analyses indicate that this is largely due to age and period (An and Xiang, 2016). Some 

studies identify that period has had a greater influence, in comparison to cohort, on obesity 

(Jiang et al., 2013) and on both smoking and obesity (Badley et al., 2015) whereas others 

suggest cohort has a larger impact, compared to period, on smoking (Kemm, 2001; Preston 

and Wang, 2006; Schulze and Mons, 2005; Vedøy, 2014) and obesity (Taylor et al., 2015). 
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Furthermore, exposure to the obesogenic environment is worthy of attention. An interesting 

example is a recently conducted study by Meyer et al. (2016) who considered neighbourhood 

features as instruments, albeit weak, in detecting the relationship between multiple HRBs and 

BMI.  

The inclusion of additional HRBs would also offer insights to understand how lifestyle can drive 

obesity. Sleep has been found to interrelate with the four HRBs investigated in this thesis 

(Clark et al., 2015), as has sedentary time (Watts et al., 2015). Both sleep and sedentary time 

have been linked to an increased risk of obesity (Chastin et al., 2015).  

Harnessing new technologies is an innovative approach to detecting and monitoring HRBs 

(Patrick et al., 2016). Data from different technologies can be linked to better understand HRBs 

in the context of the obesogenic environment. For example, accelerometers are now widely 

available and used to measure physical activity (Shiroma et al., 2015). An innovative study 

conducted in the US linked data from accelerometers and GPS loggers to assess the walkability 

of an urban neighbourhood (Rundle et al., 2016). Furthermore, Puttelaar et al. (2016) gives 

examples of how mobile phone apps can record real-time food consumption data, providing a 

more precise assessment of everyday dietary intake. Despite their limitations and challenges, 

such technologies have potential for the co-production of a wealth of information by 

researchers and citizens, through large-scale experiments and the generation of big data, 

leading to quicker and greater breakthroughs (Patrick et al., 2016).  

Using different approaches to come to the same conclusion, known as ‘triangulation’, is 

beneficial and improves causal inference (Lawlor et al., 2017). The triangulation of evidence 

generated from new technologies alongside existing evidence generated from birth cohort 

studies, cross-country comparisons and other research methodologies, taking into account the 

biases of each approach, can only serve to strengthen confidence in research findings and 

address questions of causality. 

9.8  Final reflections on taking a person-centred approach to better understand HRBs 

This thesis set out to identify the clustering of four HRBs – smoking, alcohol, diet and physical 

activity – to demonstrate that they are not independent from one another and, in 

consequence, efforts to effectively modify negative HRBs and improve health outcomes would 

need to consider the interrelationship between them. 

To elucidate this clustering, data-driven person-centred statistical techniques were adopted, 

detecting HRB cluster patterns shared by subgroups of the British population. Through the 
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extensive and systematic appraisal of the existing research evidence, this data-driven and 

reductionist approach was chosen over simpler methods, such as bivariate and simple 

regression analyses, which consider the relationship between pairs of HRBs, to maximise the 

efficiencies in the data and elucidate distinctive clustered patterns of HRBs.   

Moreover, as mentioned in chapter 2 (see section 2.5), based on the appraisal of HRB cluster 

research, a person-centred rather than variable-centred approach was chosen. This was 

considered appropriate because, unlike other processes such as ageing or cognitive decline, 

lifestyle is not an inevitable process that happens to everyone. Instead, lifestyles can be 

adopted and dropped. Thus, a person-centred approach identifying a categorical variable, 

reflecting distinct groups who are distinguished from one another by different characteristics, 

was conceived to better reflect individuals’ lifestyles compared with a linear and variable-

centred process which implies a severity continuum (Stapinski et al., 2016). 

At the same time, it would be naïve to suggest that person-centred approaches should always 

be chosen over variable-centred techniques, given that other studies using variable-centred 

techniques to study interrelationships between HRBs have been used to good effect (Benzies 

et al., 2008; van Nieuwenhuijzen et al., 2009). It is acknowledged that the person-centred 

models are just one way in which HRBs may be interrelated in the British population and that 

the triangulation of evidence, generated using different approaches, will improve causal 

inference (Lawlor et al., 2017).  

Moreover, given the caveats associated with purely exploratory data-driven approaches, such 

as principal components and latent class analysis (i.e. subjectivity in model selection and thus 

poor replication across different populations), the inclusion of confirmatory approaches that 

place a greater emphasis on theory and prior knowledge is also important (Finch and Bronk, 

2011) in order to elucidate the interrelationship of HRBs (Amato et al., 2016).  

In sum, whilst subject to limitations, the data-driven person-centred methods used in this 

thesis to determine HRB clustering did provide useful insights. This work identified three HRB 

clusters, labelled ‘Risky’, ‘Moderate Smokers’ and ‘Mainstream’, which were complex, 

consisting of both positive and negative HRBs, as shown in the frequency of sweet food 

consumption and moderate alcohol use. The inclusion of social circumstances in pre-

adolescence and mid-adulthood as predictors of HRB cluster membership suggested that these 

HRB clusters were associated with contemporaneous social circumstances which had 

accumulated from earlier in life. Membership of these three HRB clusters was relatively stable 
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during mid-life, although transitions to more health-promoting clusters were observed which 

were not influenced by social circumstances in early mid-adulthood. Consequently, this thesis 

builds upon existing understandings of health lifestyles. This person-centred approach 

provided an alternative perspective which can contribute towards effective downstream and 

upstream interventions that seek to modify these four HRBs in a positive way and improve 

health at the individual and population level.
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Appendices 

Chapter 5 Appendices 

Appendix 5.1  

Cohort member questionnaire item wording in the NCDS at age 33 (all variables) and BCS70 at age 30 (diet) and 34 (smoking, physical activity, 

alcohol consumption) and cohort harmonisation. 

Variable Question NCDS Response 
category NCDS 

Question BCS70 Response 
category BCS70 

Cohort harmonisation 

Smoking 
(cigarettes 
smoked per 
day) 

 

 

 

 

 

 

 

1) Do you smoke cigarettes 
at all nowadays? 

 

 

 

 

 

 

2) How many cigarettes a 
day do you usually smoke? 

 

Yes                                      
No 

  

                                           

 

 

 

 

                                             

 

 

 

 

1) Now some questions 
about smoking. Would 
you say that: 

 

 

 

 

 

 

2) How many cigarettes a 
day do you usually 
smoke? 

a) You’ve never 
smoked 
cigarettes? 

b) You used to 
smoke cigarettes 
but don’t at all 
now? 

c) You now 
smoke cigarettes 
occasionally but 
not every day? 

d) You smoke 
cigarettes every 
day? 

 

 

Question 1 NCDS No=0 

Question 1 BCS70 a/b/c=0 

Question 2 NCDS/BCS70 
response= cigarettes smoked 
per day (range 0–80) 

NOTE 1: BCS70 participants 
who answered a/b/c for question 
1 were not asked question 2. 

NOTE 2: Sensitivity analysis in 
the BCS70 found combining 
‘occasional’ smokers with daily 
smokers, rather than non-
smokers, did not influence 
Latent Profile Analysis model 
estimates. 
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Frequency of 
Fruit and 
Vegetable 
Consumption 

 

 

 

1) How often do you eat 
fresh fruit in summer? 

2) How often do you eat 
salads or raw vegetables in 
winter? 

a) More than 
once a day  b) 
Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week        e) 
Less than 1 day 
a week                                          
f) Never 

 

1) How often do you eat 
fresh fruit? 

2) How often do you eat 
salads or raw vegetables?   

3) How often do you eat 
cooked veg? 

a) More than once 
a day  b) Once a 
day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week        e) Less 
than 1 day a week 
f) Occasionally                     
g) Never 

Questions 1 and 2 NCDS                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1 and 2 BCS70                     
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5 

Q1 diet score + Q2 diet score = 
FV diet score (1–10) 

Frequency of 
Chips and 
Fried Food 
Consumption 

 

 

 

1) How often do you eat 
chips? 

2) How often do you eat 
fried food not including 
chips? 

a) More than 
once a day  b) 
Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                        
e) Less than 1 
day a week                                         
f) Never 

 

1) How often do you eat 
food fried in vegetable oil 
such as olive oil or 
sunflower oil, not counting 
chips? 

2) How often do you eat 
food fried in hard fat such 
as lard or butter, not 
counting chips? 

3) How often do you eat 
chips? 
 

a) More than once 
a day  b) Once a 
day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week        e) Less 
than 1 day a week                                        
f) Occasionally                     
g) Never  

 

Questions 1 and 2 NCDS                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1, 2 and 3 BCS70                     
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5 

Q1 diet score + Q2 diet score = 
CF diet score (1–10) 

Frequency of 
Sweets, 
Chocolate, 
Biscuits/Cake 
Consumption 

 

 

1) How often do you eat 
sweets, chocolates?  

2) How often do you eat 
biscuits? 

 

a) More than 
once a day  b) 
Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                           
e) Less than 1 
day a week                                        
f) Never 

1) How often do you eat 
sweets or chocolates? 
 
2) How often do you eat 
biscuits and cakes of all 
kinds? 

a) More than once 
a day  b) Once a 
day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week        e) Less 
than 1 day a week                                       
f) Occasionally                     
g) Never  

Questions 1 and 2 NCDS                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1 and 2 BCS70                     
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5 

Q1 diet score + Q2 diet score = 
SCBC diet score (1–10) 
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Frequency of 
Leisure-Time 
Physical 
Activity 

 

1) Do you regularly take 
part in any activities on this 
card (see below) – that is at 
least once a month for 
most of the year? 

                                       
Activities listed on card 

•Any competitive sports 
•‘Keep fit’ or aerobics 
classes                                  
•Circuit training                    
•Weight training or other 
repeated exercises (at 
home or in the gym) (listed 
only at age 33 NCDS)                               
•Running or jogging 
•Swimming                         
•Cycling                     
•Going for walks                                   
•Taking part in water sports                                 
•Outdoor sports                
•Dancing                                     
•Any other sport or leisure 
activity that involves 
physical exercise  

2) How often do you take 
part in any activity of this 
type? 

 

Yes 
No 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a) Every day 
b) 4–5 days a 
week  
c) 2–3 days a 
week 
d) once a week 
e) 2–3 times a 
month 
f) Less often 

1) Do you regularly take 
part in any of the activities 
on this card (see below), 
by regularly I mean at 
least once a month, for 
most of the year. 

Activities listed on card 

•Any competitive sports 
•‘Keep fit’ or aerobics 
classes                                  
•Circuit training                    
•Running or jogging 
•Swimming                         
•Cycling                     
•Going for walks                                   
•Taking part in water 
sports                                 
•Outdoor sports                
•Dancing                                     
•Any other sport or leisure 
activity that involves 
physical exercise  

 

 

2) How often do you take 
part in any activity of this 
type? 

 

Yes  
No 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a) Every day 
b) 4–5 days a 
week  
c) 2–3 days a 
week 
d) once a week 
e) 2–3 times a 
month 
f) Less often  

Question 1 NCDS/BCS70 No=0 

Question 2 NCDS/BCS70 f=0, 
e=0, d=1, c=2, b=3, a=4 

Q1 and Q2 combined = 
Frequency of leisure-time 
physical activity with 4 
categories. 

‘≤3 times a month’                  
‘Once a week’                           
‘2–3 days a week’                      
‘4–7 days a week’. 

 

NOTE: 6 response categories 
collapsed into 4 due to 
sparseness.  
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Alcohol 
Consumption 
(units 
consumed in 
the previous 
week) 

 

 

 

1) How often do you have 
an alcohol drink of any 
kind? 

 

 

 

 

 

 

 

2) In the last 7 days, that is 
not counting today by 
starting from last [name 
present day of week], how 
much 
beer/stout/lager/ale/cider 
have you had? 

3) In the last 7 days how 
many measures of spirits or 
liqueurs have you had? 

4) In the last 7 days how 
many glasses of wine have 
you had? 

5) In the last 7 days how 
many glasses of 
martini/vermouth/sherry or 
similar drinks have you 
had? 

a) Most days 

b) 1,2,3 times a 
week 

c) 1,2,3 times a 
month 

d) Less often or 
only on special 
occasions 

e) Never 

 

1) How often do you have 
an alcoholic drink of any 
kind? Would you say you 
had a drink … 

 

 

 

 

 

 

2) In the last 7 days that is 
now counting today but 
starting from last 
[^Day7Ago], how much 
beer/stout/lager/ale/cider 
have you had? 

3) In the last 7 days how 
many measures of spirits 
or liqueurs have you had, 
like Gin, Whiskey, Rum, 
Brandy, Vodka or 
Advocate? 

4) In the last 7 days how 
many glasses of wine 
have you had? 

5) In the last 7 days how 
many glasses of 
martini/vermouth/sherry 
/port or similar drinks have 

a) On most days 

b) 2–3 days a 
week 

c) Once a week 

d) 2–3 times a 
month 

e) Less often or 
only on special 
occasions 

f) Never now a 
days 

g) Have you 
never had an 
alcohol drink? 

 

 

Question 1 NCDS e=0, d=0, 
c=1, b=1, a=1 

Question 1 BCS70 g=0, f=0, 
e=0, d=1, c=1, b=1, a=1 

Question 2 NCDS measured in 
pints. Values converted to units 
(multiplied by 2). 

Question 3, 4 and 5 NCDS 
measured in units. 

Question 2, 3, 4, 5, 6 and 7 
BCS70 measured in units.  

Alcohol consumption NCDS=’no 
units’ if Q1,Q2,Q3,Q4,Q5=0 

Alcohol consumption bcs70=’no 
units’ if 
Q1,Q2,Q3,Q4,Q5,Q6,Q7=0 

Alcohol consumption 
NCDS=’within limits’ if             
Q1=1 and Q2+Q3+Q4+Q5= 1 to 
21 for men, 1 to 14 for women. 

Alcohol consumption 
BCS70=’within limits’ if             
Q1=1 and 
Q2+Q3+Q4+Q5+Q6+Q7=     
≥22 for men, ≥15 for women. 

 

NOTE 1: One outlier in BCS70 
(reported 280 units) coded as 
missing.  
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 you had? 

6) In the last 7 days how 
many bottles of alcopops 
have you had?  

7) In the last 7 days have 
you had any other alcohol 
drinks?  

NOTE 2: Sensitivity analysis 
found that including values from 
Q6 and Q7 in BCS70 did not 
inflate alcohol consumption in 
this cohort (only a small number 
of participants drank alcopops or 
other drinks).  

NOTE 3: Sensitivity analysis 
found including ‘never drinkers’ 
as a separate category did not 
influence Latent Profile Analysis 
model estimates. 
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Appendix 5.2  

Cohort member questionnaire item wording in the NCDS at age 33 and age 42 and harmonisation over time. 

Variable Question NCDS age 33 Response 
category NCDS 
age 33 

Question NCDS age 42 Response 
category NCDS 
age 42 

Harmonisation 

Smoking 
(cigarettes 
smoked per 
day) 

 

 

 

 

 

 

 

1) Do you smoke cigarettes 
at all nowadays? 

 

 

 

 

 

 

2) How many cigarettes a 
day do you usually smoke? 

 

Yes                                      
No 

  

                                           

 

 

 

 

                                             

 

 

 

 

1) Now some questions 
about smoking. Would 
you say that: 

 

 

 

 

 

 

2) How many cigarettes a 
day do you usually 
smoke? 

a) You’ve never 
smoked 
cigarettes? 

b) You used to 
smoke cigarettes 
but don’t at all 
now? 

c) You now 
smoke cigarettes 
occasionally but 
not every day? 

d) You smoke 
cigarettes every 
day? 

 

 

Question 1 age 33 No=0 

Question 1 age 42 a/b/c=0 

Question 2 age 33/42 
response= cigarettes smoked 
per day (range 0–80) 

NOTE: At age 42 participants 
who answered a/b/c for question 
1 were not asked question 2. 
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Frequency of 
Fruit and 
Vegetable 
Consumption 

 

 

 

1) How often do you eat 
fresh fruit in summer? 

2) How often do you eat 
salads or raw vegetables in 
winter? 

a) More than 
once a day  b) 
Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                               
e) Less than 1 
day a week                                          
f) Never 

 

1) How often do you eat 
fresh fruit? 

2) How often do you eat 
salads or raw vegetables?   

3) How often do you eat 
cooked veg? 

a) More than once 
a day                               
b) Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                               
e) Less than 1 
day a week f) 
Occasionally                     
g) Never 

Questions 1 and 2 age 33                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1 and 2 age 42                     
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5 

Q1 diet score + Q2 diet score = 
FV diet score (1–10) 

Frequency of 
Chips and 
Fried Food 
Consumption 

 

 

 

1) How often do you eat 
chips? 

2) How often do you eat 
fried food not including 
chips? 

a) More than 
once a day                                          
b) Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                            
e) Less than 1 
day a week                                         
f) Never 

 

1) How often do you eat 
food fried in vegetable oil 
such as olive oil or 
sunflower oil, not counting 
chips? 

2) How often do you eat 
food fried in hard fat such 
as lard or butter, not 
counting chips? 

3) How often do you eat 

chips? 

 

a) More than once 
a day                                         
b) Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                             
e) Less than 1 
day a week                                        
f) Occasionally                     
g) Never  

 

Questions 1 and 2 age 33                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1, 2 and 3 age 42 
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5                                                      

Q1 diet score + Q2 diet score = 
CF diet score (1–10) 

Frequency of 
Sweets, 
Chocolate, 
Biscuits/Cake 
Consumption 

 

 

1) How often do you eat 
sweets, chocolates?  

2) How often do you eat 
biscuits? 

 

a) More than 
once a day                                           
b) Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week                               
e) Less than 1 
day a week                                        
f) Never 

1) How often do you eat 

sweets or chocolates? 

 

2) How often do you eat 
biscuits and cakes of all 
kinds? 

a) More than once 
a day                                        
b) Once a day                      
c) 3–6 days a 
week                  
d) 1 or 2 days a 
week        e) Less 
than 1 day a week                                       
f) Occasionally                     
g) Never  

 

Questions 1 and 2 age 33                     
f=0, e=1, d=2, c=3, b=4, a=5 

Questions 1 and 2 age 42                     
g=0, f=1, e=1, d=2, c=3, b=4, 
a=5 

Q1 diet score + Q2 diet score = 
SCBC diet score (1–10) 
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Frequency of 
Leisure-Time 
Physical 
Activity 

 

1) Do you regularly take 
part in any activities on this 
card (see below) – that is at 
least once a month for 
most of the year? 

                                       
Activities listed on card 

•Any competitive sports 
•‘Keep fit’ or aerobics 
classes                                  
•Circuit training                    
•Weight training or other 
repeated exercises (at 
home or in the gym) (listed 
only at age 33 NCDS)                               
•Running or jogging 
•Swimming                         
•Cycling                     
•Going for walks                                   
•Taking part in water sports                                 
•Outdoor sports                
•Dancing                                     
•Any other sport or leisure 
activity that involves 
physical exercise  

 

2) How often do you take 
part in any activity of this 
type? 

 

Yes 
No 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a) Every day 
b) 4–5 days a 
week  
c) 2–3 days a 
week 
d) once a week 
e) 2–3 times a 
month 
f) Less often 

1) Do you regularly take 
part in any of the activities 
on this card (see below), 
by regularly I mean at 
least once a month, for 
most of the year. 

Activities listed on card 

•Any competitive sports 
•‘Keep fit’ or aerobics 
classes                                  
•Circuit training                    
•Running or jogging 
•Swimming                         
•Cycling                     
•Going for walks                                   
•Taking part in water 
sports                                 
•Outdoor sports                
•Dancing                                     
•Any other sport or leisure 
activity that involves 
physical exercise  

 

 

2) How often do you take 
part in any activity of this 
type? 

 

Yes  
No 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a) Every day 
b) 4–5 days a 
week  
c) 2–3 days a 
week 
d) once a week 
e) 2–3 times a 
month 
f) Less often  

Question 1 age 33/42 No=0 

Question 2 age 33/42             
f=0, e=0, d=1, c=2, b=3, a=4 

Q1 and Q2 combined = 
Frequency of leisure-time 
physical activity with 4 
categories. 

‘≤3 times a month’                  
‘Once a week’                                    
‘2–3 days a week’                                
‘4–7 days a week’. 

 

NOTE: 6 response categories 
collapsed into 4 due to 
sparseness.  
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Alcohol 
Consumption 
(units 
consumed in 
the previous 
week) 

 

 

 

1) How often do you have 
an alcohol drink of any 
kind? 

 

 

 

 

 

 

 

2) In the last 7 days, that is 
not counting today by 
starting from last [name 
present day of week], how 
much 
beer/stout/lager/ale/cider 
have you had? 

3) In the last 7 days how 
many measures of spirits or 
liqueurs have you had? 

4) In the last 7 days how 
many glasses of wine have 
you had? 

5) In the last 7 days how 
many glasses of 
martini/vermouth/sherry or 
similar drinks have you 
had? 

a) Most days 

b) 1,2,3 times a 
week 

c) 1,2,3 times a 
month 

d) Less often or 
only on special 
occasions 

e) Never 

 

1) How often do you have 
an alcoholic drink of any 
kind? Would you say you 
had a drink … 

 

 

 

 

 

 

2) In the last 7 days that 
is now counting today but 
starting from last 
[^Day7Ago], how much 
beer/stout/lager/ale/cider 
have you had? 

3) In the last 7 days how 
many measures of spirits 
or liqueurs have you had, 
like Gin, Whiskey, Rum, 
Brandy, Vodka or 
Advocate? 

4) In the last 7 days how 
many glasses of wine 
have you had? 

5) In the last 7 days how 
many glasses of 
martini/vermouth/sherry 
/port or similar drinks 

a) On most days 

b) 2–3 days a 
week 

c) Once a week 

d) 2–3 times a 
month 

e) Less often or 
only on special 
occasions 

f) Never now a 
days 

g) Have you 
never had an 
alcohol drink? 

 

 

Question 1 age 33                               
e=0, d=0, c=1, b=1, a=1 

Question 1 age 42                          
g=0, f=0, e=0, d=1, c=1, b=1, 
a=1 

Question 2 age 33 measured in 
pints. Values converted to units 
(multiplied by 2). 

Question 3, 4 and 5 age 33 
measured in units. 

Question 2 age 42 measured in 
pints. Values converted to units 
(multiplied by 2). 

Question 3, 4, 5, 6 and 7 age 42 
measured in units.  

Alcohol consumption age 33=’no 
units’ if Q1,Q2,Q3,Q4,Q5=0 

Alcohol consumption age 42=’no 
units’ if 
Q1,Q2,Q3,Q4,Q5,Q6,Q7=0 

Alcohol consumption age 
33=’within limits’ if Q1=1 and 
Q2+Q3+Q4+Q5= 1 to 21 for 
men, 1 to 14 for women. 

Alcohol consumption age 
42=’within limits’ if Q1=1 and 
Q2+Q3+Q4+Q5+Q6+Q7=     
≥22 for men, ≥15 for women. 
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 have you had? 

6) In the last 7 days how 
many bottles of alcopops 
have you had?  

7) In the last 7 days have 
you had any other alcohol 
drinks?  

NOTE 1: 
Beer/stout/lager/ale/cider 
consumption at age 42 
incorrectly recorded for some 
participants. Appendix C 
describes how this was 
corrected.  
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Appendix 5.3  

Correcting for measurement error in beer consumption at age 42 in the NCDS. 

At age 42 in the NCDS participants were asked their beer/stout/lager/ale/cider (shortened 

hereafter to ‘beer’) consumption in the previous 7 days. This information was supposed to be 

recorded as the number of pints. However, due to uncertainty in the interviewer instructions it 

is suspected for some participants their ‘beer’ consumption has been mistakenly recorded in 

units (2 units = 1 pint). Subsequently, there is potentially an over-estimation of ‘beer’ 

consumption and the data for ‘beer’ consumption may be unreliable (Elliott et al., 2007). 

To circumvent this error, information on ‘beer’ consumption at age 42 was regressed onto the 

number of units consumed in the previous week at age 33 (incorporating four beverage 

categories: beer/stout/lager/ale/cider; sprits/liqueurs; wine; martini/vermouth/sherry) and 

the number of units consumed the previous week at age 42 of all remaining beverages 

(incorporating five beverage categories: sprits/liqueurs; wine; martini/vermouth/sherry/port; 

alcopops; other drinks) in order to obtain predicted values of ‘beer’ consumption at age 42. 

This regression was performed twice, the first time ‘beer’ consumption was assumed to be 

recorded in pints (Figure 5.3.1 ), the second time ‘beer’ consumption was assumed to be 

recorded in units (consumption multiplied by 2) (Figure 5.3.2). This was done in order to 

compare the outliers and determine if in either case the predicted values were closer to those 

observed in the data. The plotted predicted values for ‘beer’ consumption at age 42 from 

these two regression models were found to be similar to each other and similar to observed 

‘beer’ consumption at age 42. Therefore, these predicted values provided no clear indication 

of which observations were coded incorrectly. 
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Figure 5.3.1 Predicted values of ‘beer’ consumption at age 42 assumed to be recorded in 

pints 

 

Figure 5.3.2 Predicted values of ‘beer’ consumption at age 42 assumed to be recorded in 

units 
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The next step was to identify participants whose observed ‘beer’ consumption (assumed to be 

in pints) at age 42 was greater than or equal to their predicted values of ‘beer’ consumption in 

units (n=1,088). These observations were temporarily removed. Following the removal of 

these observations, there was a notable improvement in the linearity of the distribution 

between observed ‘beer’ consumption in pints and predicted ‘beer’ consumption in units 

(Figure 5.3.3 ).  

Figure 5.3.3 Predicted values of ‘beer’ consumption in units at age 42, following the removal 
of 1,088 participants whose observed beer’ consumption in pints ≥ predicted ‘beer’ 
consumption in units 

 

In consequence, the observed ‘beer’ consumption for individuals temporarily removed 

(n=1,088) were recoded from units to pints (divided by 2), under the assumption that their 

‘beer’ consumption had been measured on the wrong scale. 

Correcting for the over-estimation of can drinkers  

Age 42 data regarding ‘beer’ consumption is also suspected to overestimate the ‘beer’ 

consumption among those who drink cans instead of pints. This is because cohort members 

were given incorrect calculations in order to convert cans into pints. The incorrect instructions 

were 1 large can = 4 * 1/2 pints and 1 small can = 2 * 1/2 pints, whereas the correct 

conversions were 1 large can = 2 * 1/2 pints and 1 small can = 1 * ½ pint (CLS, 2004).  
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Unfortunately, because can and pint ‘beer’ drinkers are not separate from one another in the 

data it is not possible to identify participants with correct and incorrect data. In response, we 

categorised alcohol consumption in the previous week at age 42 according to the UK 

government ‘safe’ weekly consumption guidelines, that were active at the time of data 

collection in the year 2000 (DOH, 1995). This categorisation make the results more applicable 

to public health alcohol policy (Fone et al., 2013) and may, to some extent, reduce the 

measurement error associated with can ‘beer’ drinkers in this data sweep.   

 

Distribution of alcohol consumption before and after correction 

Table 5.3.1 presents the distribution of total and beer-specific alcohol consumption 

categorised according to weekly recommended guidelines, before and after the above 

correction. This demonstrates that the above correction appears to have reduced the 

proportion drinking above recommended limits. This indicates that the likely over-estimation 

of total and beer-specific consumption at age 42 has, to some extent, been circumvented by 

these corrections. 

 

Table 5.3.1: Weekly alcohol consumption at age 42 before and after correction for 
measurement error 
 
Weekly alcohol 
consumption at age 42  

Before correction n (%) After correction n (%) 

Total  
N=11,357 (100%) 

Beer-specific  
N=9,257 (100%) 

Total  
N=11,357 (100%) 

Beer-specific  
N=9,257 (100%) 

No units 2,106 (18.5%) 3,604 (38.9%) 2,106 (18.5%) 3,604 (38.9%) 

Within limits (≤14 units 
women, ≤21 units men) 

4,777 (42.1%) 3,790 (40.9%) 6,147 (54.1%) 4,160 (44.9%) 

Above limits (≥15 units 
women, ≥22 units men) 

4,474 (39.4%) 1,863 (20.1%) 3,104 (27.3%) 1,493 (16.1%) 

 
 
Comparing corrected alcohol consumption against external datasets 
 
The distribution of the total alcohol consumption variable at age 42 (i.e. after combining 

corrected ‘beer’ consumption with other beverage types at age 42 and categorising the 

variable according the ‘safe’ consumption guidelines) was compared with statistics from the 

General Lifestyles Survey collated by the Office for National Statistics (ONS) for the same 

period (2000) (ONS, 2006). 

 

The proportion drinking above the weekly recommended guidelines (men > 21 units per week; 

women >14 units per week) in the NCDS at age 42 were similar when compared with 
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participants aged between 40 and 45 in the General Household Survey (GHS) data (ONS, 2006) 

collated between 2000 and 2001 and considered to be representative of the population living 

in England. For men, 32% were drinking above recommended limits in the NCDS data 

compared to 28% in the GHS data. For women, 16% were drinking above recommended limits 

in the NCDS data compared to 19% in the GHS data.  

 

The analysis was also undertaken in relation to beer consumption specifically. Overall 16% of 

participants in the NCDS at age 42 were drinking beer above recommended guidelines in the 

NCDS compared to 8% in the GHS between ages 40 and 45. Amongst men, the proportion 

drinking beer above the weekly recommended guidelines in the NCDS was 26% compared to 

14% in the GHS data. For women, 5% drank beer above the weekly recommended guidelines in 

the NCDS compared to 2% in the GHS data.  

 

The proportion drinking above the weekly recommended guidelines in the NCDS at age 42 

were also found to be similar to participants aged between 40 and 45 in the Health Survey for 

England (HSE) data (NatCen, 2011) collated in the year 2000 and considered to be 

representative of the population living in Great Britain. For men, 32% were drinking above 

recommended limits in the NCDS data compared to 32% in the HSE data. For women, 16% 

were drinking above recommended limits in the NCDS data compared to 21% in the HSE data. 

 

For beer consumption, overall 16% of participants in the NCDS drank above recommended 

guidelines compared to 10% in the HSE. For men, the proportion was 26% in the NCDS 

compared to 19% in the HSE. Amongst women, 5% drank beer above the recommended 

guidelines in comparison to 3% in the HSE. 

 

This comparison of NCDS, GHS and HSE data provides some evidence that following these 

corrections for measurement error among ‘beer’ drinkers, the resulting variable does not 

appear to overestimate total weekly alcohol consumption at age 42. Moreover, a comparison 

of the proportions drinking within and above limits before and after these corrections (see 

table 5.1) indicates a reduction the over-estimation of total and beer-specific consumption at 

age 42. However, the comparison of beer-specific consumption with the external datasets 

does indicate that, whilst these corrections have to some extent been circumvented errors in 

measurement, beer consumption may remain slightly over-estimated in the NCDS at age 42. 
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Appendix 5.4  

Office for National Statistics procedure for constructing an ordinal three-category version of 

the NS-SEC. 

 

Eight class NS-SEC (nominal) Five class NS-SEC (nominal) Three class NS-SEC (ordinal) 

1. Higher managerial, 

administrative and professional 

occupations. 

1. Higher managerial, 

administrative and 

professional occupations. 

1. Higher managerial, 

administrative and 

professional occupations. 

1.1 Large employers and higher 

managerial and administrative 

occupations. 

1.2 Higher professional 

occupations. 

2. Lower managerial, 

administrative and professional 

occupations. 

3. Intermediate occupations. 2. Intermediate 

occupations. 

2. Intermediate 

occupations. 

4. Small employers and own 

account workers. 

3. Small employers and own 

account workers. 

5. Lower supervisory and 

technical occupations. 

4. Lower supervisory and 

technical occupations. 

3. Routine and manual 

occupations. 

6. Semi-routine occupations. 5. Semi-routine and routine 

occupations. 
7. Routine occupations. 

8. Never worked and long-term 

unemployed. 

* Never worked and long-

term unemployed. 

* Never worked and long-

term unemployed. 

Notes: Source ONS (2010a). * Classified as missing. 
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Chapter 6 Appendices 

Appendix 6.1  

Estimated means and item response probabilities FIML of 4-cluster multi-group Latent Profile Analysis (LPA) model for men.   

 

 NCDS Men n=5,586 (100%) BCS70 Men n=4,613 (100%) 

Cluster 1 

‘Risky’  

n=71 (1.3%)                      

Cluster 2†                                 

n=358 

(6.4%)        

Cluster 3 

‘Moderate 

Smokers’       

n=1,346 

(24.0%)                

Cluster 4 

‘Mainstream’     

n=3,811 

(68.2%)      

Cluster 1†  

n=24 

(0.5%)                      

Cluster 2 

‘Risky’                              

n=82 (1.8%)        

Cluster 3 

‘Moderate 

Smokers’       

n=1,104 

(23.9%)                

Cluster 4 

‘Mainstream’     

n=3,404 

(73.8%)      

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  43.75 (3.12) 21.44 (0.95) 16.38 (0.77) 0 45.05 
(4.03) 

16.62 (1.66) 15.21 (0.22) 0 

Frequency of fruit and vegetable consumption  2.66 (0.44) 2.91 (0.16) 4.20 (0.26) 4.65 (0.03) 3.14 (0.43) 3.80 (0.30) 4.31 (0.07) 5.10 (0.04) 

Frequency of fried food consumption  4.32 (0.27) 5.31 (0.74) 3.68 (0.14) 3.36 (0.02) 4.01 (0.39) 6.62 (0.26) 3.02 (0.04) 2.87 (0.02) 

Frequency of sweet food consumption  3.75 (0.46) 3.12 (0.53) 4.44 (0.16) 4.71 (0.03) 3.76 (0.66) 5.37 (0.47) 4.35 (0.08) 4.59 (0.04) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 
0.58 (0.10) 
0.14 (0.07) 
0.14 (0.06) 
0.13 (0.05) 

 
0.57 (0.07) 
0.13 (0.07) 
0.12 (0.04) 
0.18 (0.04) 

 
0.35 (0.03) 
0.23 (0.01) 
0.21 (0.02) 
0.22 (0.02) 

 
0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

 
0.60 (0.12) 
0.16 (0.08) 
0.04 (0.05) 
0.21 (0.09) 

 
0.45 (0.07) 
0.10 (0.04) 
0.22 (0.06) 
0.23 (0.06) 

 
0.41 (0.02) 
0.18 (0.01) 
0.20 (0.01) 
0.22 (0.01) 

 
0.26 (0.01) 
0.18 (0.01) 
0.29 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 
0.24 (0.07) 
0.26 (0.07) 
0.49 (0.09) 

 
0.15 (0.05) 
0.29 (0.15) 
0.57 (0.12) 

 
0.13 (0.01) 
0.56 (0.02) 
0.31 (0.03) 

 
0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

 
0.03 (0.05) 
0.17 (0.09) 
0.80 (0.11) 

 
0.29 (0.07) 
0.36 (0.07) 
0.35 (0.07) 

 
0.14 (0.01) 
0.44 (0.02) 
0.42 (0.02) 

 
0.12 (0.01) 
0.61 (0.01) 
0.28 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA at age 33 in the NCDS or age 34 in the BCS70). 
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Appendix 6.2 

Estimated means and item response probabilities FIML of 4-cluster multi-group Latent Profile Analysis (LPA) model for women.   

 

 NCDS Women Total N=5,787 (100%) BCS70 Women Total N=5,033 (100%) 

Cluster 1†  

n=68 (1.2%)                      

Cluster 2 

‘Risky’                        

n=643 

(11.1%)                

Cluster 3 

‘Moderate 

Smokers’             

n=1,104 

(19.1%)        

Cluster 4 

‘Mainstream’     

n=3,973 

(68.7%)      

Cluster 1†  

n=42 (0.8%)                      

Cluster 2 

‘Risky’                        

n=190 

(3.8%)                

Cluster 3 

‘Moderate 

Smokers’             

n=955 

(19.0%)        

Cluster 4 

‘Mainstream’     

n=3,846 

(76.4%)      

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day  37.0 (2.39) 18.65 
(0.56) 

13.51 (0.38) 0 6.76 (2.44) 20.61 (0.28) 12.32 (0.48) 0 

Frequency of fruit and vegetable consumption  3.71 (0.50) 3.61 (0.17) 5.72 (0.10) 5.79 (0.03) 5.34 (0.59) 3.64 (0.18) 5.36 (0.21) 5.97 (0.04) 

Frequency of fried food consumption  3.71 (0.49) 3.87 (0.15) 2.62 (0.06) 2.55 (0.02) 5.98 (0.31) 3.18 (0.29) 2.32 (0.07) 2.35 (0.02) 

Frequency of sweet food consumption  2.78 (0.35) 4.20 (0.25) 4.29 (0.14) 4.85 (0.04) 5.32 (0.90) 3.53 (0.31) 4.48 (0.13) 4.60 (0.04) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 
0.39 (0.07) 
0.26 (0.07) 
0.19 (0.07) 
0.17 (0.08) 

 
0.63 (0.04) 
0.15 (0.02) 
0.05 (0.02) 
0.17 (0.03) 

 
0.25 (0.03) 
0.22 (0.02) 
0.22 (0.02) 
0.32 (0.02) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

 
0.34 (0.10) 
0.08 (0.08) 
0.23 (0.11) 
0.36 (0.10) 

 
0.57 (0.07) 
0.09 (0.03) 
0.06 (0.03) 
0.28 (0.05) 

 
0.31 (0.03) 
0.14 (0.01) 
0.23 (0.02) 
0.32 (0.02) 

 
0.25 (0.01) 
0.17 (0.01) 
0.28 (0.01) 
0.31 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 
0.21 (0.07) 
0.39 (0.08) 
0.40 (0.08) 

 
0.30 (0.03) 
0.56 (0.03) 
0.14 (0.02) 

 
0.29 (0.02) 
0.62 (0.02) 
0.09 (0.01) 

 
0.29 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

 
0.50 (0.11) 
0.35 (0.12) 
0.14 (0.11) 

 
0.37 (0.06) 
0.28 (0.10) 
0.36 (0.10) 

 
0.28 (0.02) 
0.54 (0.02) 
0.18 (0.02) 

 
0.25 (0.01) 
0.63 (0.01) 
0.13 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA at age 33 in the NCDS or age 34 in the BCS70). 
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Appendix 6.3 

Cluster assignment probabilities for most likely HRB cluster membership (row) by HRB cluster membership based on estimated model (column). 

NCDS Men ‘Risky’ ‘Moderate Smokers’ ‘Mainstream’ 

‘Risky’ 0.984 0.016 0.001 

‘Moderate Smokers’ 0.155 0.845 0.000 

‘Mainstream’ 0.000 0.000 0.998 

 

BCS70 Men ‘Risky’ ‘Moderate Smokers’ ‘Mainstream’ 

‘Risky’ 0.845 0.153 0.002 

‘Moderate Smokers’ 0.021 0.979 0.000 

‘Mainstream’ 0.001 0.001 0.998 

 

NCDS Women ‘Risky’ ‘Moderate Smokers’ ‘Mainstream’ 

‘Risky’ 0.878 0.122 0.005 

‘Moderate Smokers’ 0.221 0.779 0.003 

‘Mainstream’ 0.002 0.000 0.998 

 

BCS70 Women ‘Risky’ ‘Moderate Smokers’ ‘Mainstream’ 

‘Risky’ 0.757 0.241 0.001 

‘Moderate Smokers’ 0.089 0.911 0.000 

‘Mainstream’ 0.000 0.001 0.999 
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Descriptive statistics for individual HRBs within each HRB cluster based on most likely HRB cluster membership for men.  

 NCDS Men n=5,586 (100%) BCS70 Men n=4,613 (100%) 

Cluster 1 ‘Risky’            

n=82 (1.5%) 

Cluster 2 

‘Moderate 

Smokers’          

n=1,686 (30.2%) 

Cluster 3 

‘Mainstream’         

n=3818 (68.3%) 

Cluster 1 

‘Risky’            

n=79 (1.7%) 

Cluster 2 

‘Moderate 

Smokers’          

n=1,124 (24.4%) 

Cluster 3 

‘Mainstream’         

n=3,410 (73.9%) 

Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) 

Number of cigarettes smoked per day  
43.6 (8.9) 17.3 (7.7) 0 20.4 (13.2%) 15.6 (7.3) 0 

Frequency of fruit and vegetable consumption  2.5 (2.0) 3.9 (2.1) 4.6 (1.9) 3.7 (2.2) 4.3 (2.1) 5.1 (2.2) 

Frequency of fried food consumption  4.6 (1.8) 4.0 (1.6) 3.4 (1.5) 6.7 (1.1) 3.0 (1.0) 2.9 (1.1) 

Frequency of sweet food consumption  3.7 (2.6) 4.2 (2.4) 4.7 (2.2) 5.2 (2.9) 4.3 (2.5) 4.6 (2.3) 

 n (%) n (%) n (%) n (%) n (%) n (%) 

Smoking status 

Smokers 

Non-smokers 

 

82 (100%) 

0 

 

1,683 (99.8%) 

3 (0.2%) 

 

72 (1.9%) 

3,746 (98.1%) 

 

79 (100%) 

0 

 

1,123 (99.9%) 

1 (0.1%) 

 

21 (0.6%) 

3,389 (99.4%) 

Frequency of leisure time physical activity 

≤3 times a month 

Once a week 

2-3 days a week 

4-7 days a week 

 

50 (61.7%) 

7 (8.6%) 

13 (16.1%) 

11 13.6%) 

 

664 (39.5%) 

350 (20.8%) 

317 (18.9%) 

351 (20.9%) 

 

1,059 (27.9%) 

809 (21.3%) 

962 (25.3%) 

968 (25.5%) 

 

39 (49.4%) 

6 (7.6%) 

16 (20.3%) 

18 (22.8%) 

 

459 (40.8%) 

199 (17.7%) 

220 (19.6%) 

246 (21.9%) 

 

893 (26.2%) 

620 (18.2%) 

1,001 (29.4%)  

892 (26.2%) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

21 (25.6%) 

19 (23.2%) 

42 (51.2%) 

 

229 (13.6%) 

846 (50.2%) 

610 (36.2%) 

 

504 (13.2%) 

2,415 (63.3%) 

897 (23.5%) 

 

20 (25.3%) 

25 (31.7%) 

34 (43.0%) 

 

151 (13.5%) 

486 (43.6%) 

479 (42.9%) 

 

398 (11.7%) 

2,067 (60.8%) 

937 (27.5%) 
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Descriptive statistics for individual HRBs within each HRB cluster based on most likely HRB cluster membership for women.  

 NCDS Women Total N=5,787 (100%) BCS70 Women Total N=5,033 (100%) 

Cluster 1 

‘Risky’                         

n=515 (8.9%) 

Cluster 2 

‘Moderate 

Smokers’                  

n=1,292 (22.3%) 

Cluster 3 

‘Mainstream’                     

n=3,980 (68.8%) 

Cluster 1 

‘Risky’                         

n=183 (3.6%) 

Cluster 2 

‘Moderate 

Smokers’                  

n=984 (19.6%) 

Cluster 3 

‘Mainstream’                     

n=3,866 (76.8%) 

Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) 

Number of cigarettes smoked per day  
22.2 (8.3) 13.9 (6.8) 0 21.1 (7.2) 12.3 (5.6) 0 

Frequency of fruit and vegetable consumption  3.0 (1.7) 5.7 (1.8) 5.8 (1.9) 3.4 (1.9) 5.4 (2.2) 6.0 (2.2) 

Frequency of fried food consumption  4.1 (1.6) 2.7 (1.3) 2.6 (1.4) 3.6 (1.2) 2.3 (0.9) 2.4 (1.0) 

Frequency of sweet food consumption  3.7 (2.4) 4.4 (2.4) 4.8 (2.3) 3.5 (2.3) 4.5 (2.5) 4.6 (2.2) 

 n (%) n (%) n (%) n (%) n (%) n (%) 

Smoking status 

Smokers 

Non-smokers 

 

513 (99.6%) 

2 (0.4%) 

 

1,292 (100%) 

0 

 

72 (1.8%) 

3,908 (98.2%) 

 

183 (100%) 

0 

 

984 (100%) 

0 

 

23 (0.6%) 

3,843 (99.4%) 

Frequency of leisure time physical activity 

≤3 times a month 

Once a week 

2-3 days a week 

4-7 days a week 

 

353 (68.8%) 

77 (15.0%) 

25 (4.9%) 

58 (11.3%) 

 

346 (26.9%) 

277 (21.5%) 

256 (19.9%) 

407 (31.7%) 

 

1,076 (27.2%) 

960 (24.3%) 

829 (21.0%) 

1,086 (27.5%) 

 

107 (58.8%) 

15 (8.2%) 

8 (4.4%) 

52 (28.6%) 

 

304 (30.9%) 

141 (14.3%) 

224 (22.8%) 

315 (32.0%) 

 

950 (24.6%) 

641 (16.6%) 

1,061 (27.5%) 

1,207 (31.3%) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

129 (25.1%) 

277 (53.8%) 

109 (21.2%) 

 

394 (30.5%) 

791 (61.2%) 

107 (8.3%) 

 

1,147 (28.8%) 

2,572 (64.7%) 

258 (6.5%) 

 

81 (44.5%) 

39 (21.4%) 

62 (34.1%) 

 

266 (27.1%) 

534 (54.3%) 

183 (18.6%) 

 

952 (24.7%) 

2,413 (62.5%) 

494 (12.8%) 
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Chapter 7 Appendices 

Appendix 7.1  
Estimates from NCDS EFA models for pre-adolescent material and cultural dimensions of 
SEP. 

Pre-adolescent 

Indicator 

Variables 

NCDS Men  NCDS Women 

Material 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue Material 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue 

Housing tenure 0.69 - 0.52 1.92 0.54 - 0.70 1.56 

Overcrowding 0.68 - 0.53 0.64 - 0.59 

Free school meals 0.77 - 0.40 0.67 - 0.56 

Benefits received 0.60 - 0.63 0.64 - 0.60 

Mothers education - 0.65 0.58 1.16 - 0.63 0.60 1.12 

Fathers education - 0.69 0.53 - 0.69 0.53 

Parental interest in 

education 

- 0.52 0.73 - 0.50 0.75 

 

Estimates from NCDS CFA models for pre-adolescent material and cultural dimensions of 
SEP. 

Pre-adolescent Indicator 

Variables 

NCDS Men  NCDS Women 

Material            

Sample 2 

Estimate(S.E) 

Cultural         

Sample 2 

Estimate(S.E) 

Material            

Sample 2 

Estimate(S.E) 

Cultural         

Sample 2 

Estimate(S.E) 

Housing tenure 0.78 (0.03) - 0.73 (0.03) - 

Overcrowding 0.62 (0.03) - 0.63 (0.03) - 

Free school meals 0.66 (0.04) - 0.69 (0.03) - 

Benefits received 0.59 (0.04) - 0.65 (0.04) - 

Mothers education - 0.70 (0.03) - 0.67 (0.03) 

Fathers education - 0.69 (0.03) - 0.73 (0.03) 

Parental interest in education - 0.61 (0.03) - 0.61 (0.03) 

Pearson r* 0.86 0.88 

Note: Standardised factor loadings. S.E= standard error. All loadings are statistically significant (p<0.001). 

*Correlation between dimensions of SEP.
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Appendix 7.2  

 

Estimates from NCDS EFA models for mid-adulthood material, occupational and cultural dimensions of SEP. 
Mid-adulthood Indicator Variables NCDS Men NCDS Women 

Material 

Sample 1 

Occupational 

Sample 1 

Cultural 

Sample 

1 

Uniqueness Eigenvalue Material 

Sample 1 

Occupational 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue 

Housing tenure 0.87 - - 0.24 1.98 0.83 - - 0.32 2.04 

Overcrowding 0.61 - - 0.63 0.40 - - 0.84 

Car ownership 0.50 - - 0.75 0.64 - - 0.59 

Benefits received 0.68 - - 0.54 0.73 - - 0.46 

Household income  -0.38 - - 0.85 -0.50 - - 0.75 

NS-SEC - -0.62 - 0.62 1.66 - -0.61 - 0.62 1.59 

Access to employer pension scheme  - 0.30 - 0.91 - 0.64 - 0.59 

Chance to buy shares  - 0.40 - 0.84 - 0.44 - 0.81 

Access to company car  - 0.70 - 0.51 - 0.47 - 0.78 

Private medical insurance  - 0.73 - 0.47 - 0.62 - 0.61 

Highest held qualification - - 0.78 0.39 1.80 - - 0.84 0.29 2.01 

Age left full-time education  - - 0.73 0.46 - - 0.77 0.41 

Highest household Cambridge scale - - 0.65 0.60 - - 0.67 0.59 
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Estimates from NCDS CFA models for mid-adulthood material, occupational and cultural 

dimensions of SEP. 

Mid-adulthood 

Indicator Variables 

NCDS Men  NCDS Women 

Material            

Sample 2 

Estimate 

(S.E) 

Cultural         

Sample 2 

Estimate 

(S.E) 

Occupational 

Sample 2 

Estimate 

(S.E) 

Material            

Sample 2 

Estimate 

(S.E) 

Cultural         

Sample 2 

Estimate 

(S.E) 

Occupational 

Sample 2 

Estimate 

(S.E) 

Housing tenure 0.90 (0.02) - - 0.87 (0.02) - - 

Overcrowding 0.60 (0.03) - - 0.53 (0.03) - - 

Car ownership 0.36 (0.03) - - 0.56 (0.03) - - 

Benefits received 0.59 (0.04) - - 0.74 (0.02) - - 

Household income  -0.58 (0.02) - - -0.64 (0.02) - - 

NS-SEC - - 0.96 (0.02) - - 0.91 (0.02) 

Access to employer 

pension  scheme  

- - -0.26 (0.03) - - -0.53 (0.03) 

Chance to buy 

shares  

- - -0.25 (0.03) - - -0.04 (0.04)† 

Access to company 

car  

- - -0.48 (0.03) - - -0.43 (0.04) 

Private medical 

insurance  

- - -0.57 (0.03) - - -0.32 (0.04) 

Highest held 

qualification 

- -0.90 (0.01) - - -0.95 (0.01) - 

Age left full-time 

education  

- -0.75 (0.01) - - -0.78 (0.01) - 

Highest household 

Cambridge scale  

- -0.63 (0.01) - - -0.63 (0.01) - 

Pearson r*       

OCC                                                   

MAT                                                 

CULT 

OCC  MAT  CULT                                                   

-                                                                              

0.87    -                                                              

0.68    0.74   - 

OCC  MAT  CULT                                                   

-                                                                              

0.70    -                                                              

0.89    0.68   - 

Note: Standardised factor loadings. S.E= standard error. All loadings statistically significant (p<0.001), except †= p>0.05. 

*Correlation between dimensions of SEP. OCC=occupational dimension of SEP, MAT=material dimension of SEP, CULT=cultural 

dimension of SEP. 
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Appendix 7.3 

Estimates from BCS70 EFA models for pre-adolescent material and cultural dimensions of 
SEP. 

Pre-adolescent 

Indicator 

Variables 

NCDS Men  NCDS Women 

Material 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue Material 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue 

Housing tenure 0.74 - 0.46 2.57 0.71 - 0.50 2.65 

Overcrowding 0.41 - 0.83 0.36 - 0.87 

Free school meals 0.88 - 0.22 0.87 - 0.30 

Benefits received 0.78 - 0.39 0.84 - 0.30 

Household income -0.68 - 0.53 -0.74 - 0.45 

Mothers education - 0.74 0.45 1.23 - 0.66 0.57 1.14 

Fathers education - 0.72 0.48 - 0.70 0.52 

Parental interest in 

education 

- 0.40 0.84 - 0.47 0.78 

 

Estimates from BCS70 CFA models for pre-adolescent material and cultural dimensions of 
SEP. 

Pre-adolescent Indicator 

Variables 

BCS70 Men  BCS70 Women  

Material            

Sample 2 

Estimate(S.E) 

Cultural         

Sample 2 

Estimate(S.E) 

Material            

Sample 2 

Estimate(S.E) 

Cultural         

Sample 2 

Estimate(S.E) 

Housing tenure 0.76 (0.02) - 0.71 (0.02) - 

Overcrowding 0.47 (0.03) - 0.50 (0.03) - 

Free school meals 0.87 (0.02) - 0.85 (0.02) - 

Benefits received 0.85 (0.02) - 0.88 (0.02) - 

Household income -0.70 (0.02) - -0.76 (0.02) - 

Mothers education - 0.73 (0.03) - 0.73 (0.03) 

Fathers education - 0.85 (0.03) - 0.80 (0.03) 

Parental interest in education - 0.48 (0.03) - 0.49 (0.03) 

Pearson r* 0.70 0.73 

Note: Standardised factor loadings. S.E= standard error. All loadings are statistically significant (p<0.001). *Correlation 

between dimensions of SEP.
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Appendix 7.4  

Estimates from BCS70 EFA models for mid-adulthood material, occupational and cultural dimensions of SEP. 

Mid-adulthood Indicator 

Variables 

NCDS Men NCDS Women 

Material 

Sample 1 

Occupational 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue Material 

Sample 1 

Occupational 

Sample 1 

Cultural 

Sample 1 

Uniqueness Eigenvalue 

Housing tenure 0.80 - - 0.36 1.76 0.82 - - 0.32 1.88 

Overcrowding 0.56 - - 0.68 0.54 - - 0.70 

Car ownership 0.33 - - 0.89 0.38 - - 0.86 

Benefits received 0.66 - - 0.56 0.72 - - 0.48 

Household income  -0.50 - - 0.74 -0.50 - - 0.75 

NS-SEC - 0.48 - 0.77 1.24 - 0.52 - 0.73 1.35 

Access to employer pension 

scheme  

- 0.73 - 0.47 - 0.74 - 0.45 

Has employer pension scheme  - 0.70 - 0.52 - 0.73 - 0.47 

Highest held qualification - - 0.78 0.39 1.45 - - 0.77 0.41 1.37 

Age left full-time education  - - 0.69 0.53 - - 0.64 0.58 

Highest household Cambridge 

scale 

- - 0.61 0.63 - - 0.60 0.64 
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Estimates from BCS70 CFA models for mid-adulthood material, occupational and cultural 

dimensions of SEP. 

Mid-adulthood 

Indicator Variables 

BCS70 Men BCS70 Women 

Material            

Sample 2 

Estimate 

(S.E) 

Cultural         

Sample 2 

Estimate 

(S.E) 

Occupational 

Sample 2 

Estimate 

(S.E) 

Material            

Sample 2 

Estimate 

(S.E) 

Cultural         

Sample 2 

Estimate 

(S.E) 

Occupational 

Sample 2 

Estimate 

(S.E) 

Housing tenure 0.79 (0.02) - - 0.82 (0.02) - - 

Overcrowding 0.63 (0.03) - - 0.53 (0.03) - - 

Car ownership 0.16 (0.03) - - 0.33 (0.03) - - 

Benefits received 0.53 (0.04) - - 0.78 (0.02) - - 

Household income  -0.62 (0.02) - - -0.59 (0.02) - - 

NS-SEC - - 0.91 (0.02) - - 0.93 (0.02) 

Access to employer 

pension scheme  

- - 0.39 (0.03) - - 0.45 (0.03) 

Has employer 

pension scheme  

- - 0.46 (0.03) - - 0.58 (0.03) 

Highest held 

qualification 

- -0.93 (0.01) - - -0.95 (0.01) - 

Age left full-time 

education  

- -0.66 (0.01) - - -0.62 (0.01) - 

Highest household 

Cambridge scale  

- -0.58 (0.01) - - -0.58 (0.01) - 

Pearson r*       

OCC                                               

MAT                                               

CULT 

OCC  MAT  CULT                                                   

-                                                                              

0.67    -                                                              

0.86    0.63   - 

OCC  MAT  CULT                                                   

-                                                                              

0.78    -                                                              

0.80    0.62   - 

Note: Standardised factor loadings. Est= estimate, S.E= standard error. All loadings are statistically significant (p<0.001). 

*Correlation between dimensions of SEP. OCC=occupational dimension of SEP, MAT=material dimension of SEP, CULT=cultural 

dimension of SEP. 
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Appendix 7.5  

Distributions for the dimensions of SEP constructs in pre-adolescence and mid-adulthood in the NCDS and BCS70. 

 

SEP construct* NCDS Men NCDS Women BCS70 Men BCS70 Women 

Mean Variance Mean Variance Mean Variance Mean Variance 

Pre-adolescent material 0 0.52 0 0.49 0 0.58 0 0.48 

Pre-adolescent cultural 0 0.41 0 0.45 0 0.59 0 0.51 

Mid-adulthood material 0 0.11 0 0.21 0 0.13 0 0.15 

Mid-adulthood occupational 0 0.52 0 0.72 0 0.42 0 0.40 

Mid-adulthood cultural 0 0.83 0 0.92 0 0.65 0 0.64 

Note: *Product of CFA analysis using WLSMV estimator in Mplus Version 7. 
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Appendix 7.6  

Tested paths between pre-adolescent dimensions of SEP and mid-adulthood dimensions of SEP in the NCDS and BCS70. 

 

Dimensions of SEP NCDS Men NCDS Women BCS70 Men BCS70 Women 

Pre-adolescent material and mid-adulthood material  0.54 (0.51, 0.58) 0.59 (0.56, 0.63) 0.51 (0.47, 0.55) 0.52 (0.49, 0.55) 

Pre-adolescent material and mid-adulthood cultural 0.58 (0.55, 0.60) 0.56 (0.53, 0.58) 0.46 (0.43, 0.48) 0.44 (0.41, 0.46) 

Pre-adolescent material and mid-adulthood occupational 0.50 (0.45, 0.54) 0.44 (0.40, 0.49) 0.48 (0.43, 0.53) 0.40 (0.36, 0.45) 

Pre-adolescent cultural and mid-adulthood material  0.58 (0.54, 0.62) 0.59 (0.55, 0.62) 0.51 (0.47, 0.56) 0.50 (0.46, 0.50) 

Pre-adolescent cultural and mid-adulthood cultural 0.76 (0.74, 0.79) 0.65 (0.63, 0.67) 0.59 (0.57, 0.62) 0.57 (0.54, 0.60) 

Pre-adolescent cultural and mid-adulthood occupational 0.64 (0.60, 0.68) 0.56 (0.52, 0.61) 0.59 (0.53, 0.64) 0.54 (0.49, 0.59) 

Note: One unit increase in pre-adolescent and mid-adulthood dimensions of SEP = more disadvantaged. Effect estimates are standardised linear regression coefficients and 95% 

confidence intervals, all p values ≤ 0.001. 
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Appendix 7.7  

Missing data patterns for pre-adolescent and mid-adulthood SEP indicator variables in the 

NCDS. 

 

NCDS Pre-adolescent 
Indicator Variables 

Missing in Risky 
cluster n(%) 

Missing in 
Moderate Smokers 
cluster n(%) 

Missing in 
Mainstream cluster 
n(%) 

p value*      

Housing tenure 95 (15.9%) 475 (16.0%) 1,154 (14.8%) 0.29 

Overcrowding 95 (15.9%) 477 (16.0%) 1,153 (14.7%) 0.25 

Free school meals 100 (16.8%) 508 (17.1%) 1,231 (15.8%) 0.26 

Benefits received 185 (30.9%) 939 (31.5%) 2,279 (29.2%) 0.06 

Mothers education 58 (9.7%) 322 (10.8%) 885 (11.4%) 0.39 

Fathers education 118 (19.8%) 602 (20.2%) 1,503 (19.3%) 0.54 

Parental interest in 
education 

162 (27.1%) 714 (24.0%) 1,667 (21.4%) <0.001 

NCDS Mid-adulthood 
Indicator Variables 

Missing in Risky 
cluster n(%) 

Missing in 
Moderate Smokers 
cluster n(%) 

Missing in 
Mainstream cluster                       
n(%) 

p value*      

Housing tenure 60 (10.1%) 279 (9.4%) 597 (7.7%) 0.004 

Overcrowding 11 (1.8%) 55 (1.9%) 164 (2.1%) 0.67 

Car ownership 8 (1.3%) 41 (1.4%) 62 (0.8%) 0.02 

Benefits received 4 (0.7%) 13 (0.4%) 31 (0.4%) 0.61 

NS-SEC 69 (11.6%) 160 (5.4%) 436 (5.6%) <0.001 

Access to employer 
pension scheme  

278 (46.6%) 1,138 (38.2%) 2,555 (32.8%) <0.001 

Chance to buy shares  278 (46.6%) 1,138 (38.2%) 2,555 (32.8%) <0.001 

Access to company car  278 (46.6%) 1,138 (38.2%) 2,555 (32.8%) <0.001 

Private medical 
insurance  

278 (46.6%) 1,138 (38.2%) 2,555 (32.8%) <0.001 

Highest held 
qualification 

15 (2.5%) 85 (2.9%) 137 (1.8%) 0.001 

Age left full-time 
education  

125 (20.9%) 522 (17.5%) 1,138 (14.6%) <0.001 

Highest household 
Cambridge scale  

68 (11.4%) 157 (5.3%) 422 (5.4%) <0.001 

Household income  112 (18.8%) 476 (16.0%) 1,095 (14.0%) 0.001 

Note: *p value refers to chi-square test of differences in proportion of missing values for each predictor across the 

three outcome categories. 
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Appendix 7.8  

Missing data patterns for pre-adolescent and mid-adulthood SEP indicator variables in the 

BCS70. 

 

BCS70 Pre-adolescent 
Indicator Variables 

Missing in Risky 
cluster n(%) 

Missing in 
Moderate Smokers 
cluster n(%) 

Missing in 
Mainstream cluster 
n(%) 

p value*      

Housing tenure 43 (16.4%) 291 (13.8%) 914 (12.6%) 0.08 

Overcrowding 44 (16.8%) 306 (14.5%) 930 (12.8%) 0.03 

Free school meals 46 (17.6%) 287 (13.6%) 898 (12.3%) 0.02 

Benefits received 76 (29.01%) 599 (28.4%) 2,100 (28.9%) 0.92 

Mothers education 67 (25.6%) 491 (23.3%) 1,539 (21.2%) 0.04 

Fathers education 82 (31.3%) 599 (28.4%) 1,741 (23.9%) <0.001 

Parental interest in 
education 

93 (35.5%) 645 (30.6%) 2,002 (27.5%) 0.001 

Household income 55 (21.0%) 423 (20.1%) 1,408 (19.4%) 0.64 

BCS70 Mid-adulthood 
Indicator Variables 

Missing in Risky 
cluster n(%) 

Missing in 
Moderate Smokers 
cluster n(%) 

Missing in 
Mainstream cluster                       
n(%) 

p value*      

Housing tenure 4 (1.5%) 8 (0.4%) 34 (0.5%) 0.04 

Overcrowding 4 (1.5%) 10 (0.5%) 48 (0.7%) 0.12 

Car ownership 8 (3.1%) 183 (8.7%) 481 (6.6%) <0.001 

Benefits received 1 (0.4%) 2 (0.1%) 11 (0.2%) 0.50 

NS-SEC 57 (21.8%) 196 (9.3%) 485 (6.7%) <0.001 

Access to employer 
pension scheme  

111 (42.4%) 661 (31.4%) 1,893 (26.02%) <0.001 

Has joined employer 
pension scheme 

111 (42.4%) 652 (30.9%) 1,868 (25.7%) <0.001 

Highest held 
qualification 

2 (0.8%) 1 (0.05%) 19 (0.3%) 0.04 

Age left full-time 
education  

1 (0.4%) 4 (0.2%) 17 (0.2%) 0.81 

Highest household 
Cambridge scale  

57 (21.8%) 200 (9.5%) 492 (6.8%) <0.001 

Household income  85 (32.4%) 432 (20.5%) 976 (13.4%) <0.001 

Note: *p value refers to chi-square test of differences in proportion of missing values for each predictor across the 

three outcome categories. 
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Appendix 7.9  

Covariates included in path models to predict missing data in the NCDS and BCS70. 

 

NCDS BCS70 

Birthweight (age 0) Single mother at birth (age 0) 

Reading score (age 16) Parity (age 0) 

Rutter score (age 16) Breastfeeding not attempted (age 0) 

Number of jobs (age 23) Mothers age at delivery (age 0) 

Ever unemployed (age 23) 

Employed (age 23) 

Lives with parents (age 23) 

Number of rooms in household (age 23) 

 

Note: NCDS sources are (Atherton et al., 2008), Hawkes and Plewis (2006). BCS70 source is Mostafa and 

Wiggins (2014). 
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Appendix 7.10  

Estimates from NCDS EFA models for pre-adolescent and mid-adulthood uni-dimensional SEP 

constructs. 

 

NCDS Pre-adolescent Indicator Variables Men (sample 1) Women (sample 1) 

Housing tenure 0.73 0.70 

Overcrowding 0.62 0.65 

Free school meals 0.71 0.57 

Benefits received 0.64 0.46 

Mothers education 0.58 0.62 

Fathers education 0.70 0.74 

Parental interest in education 0.58 0.59 

1 Factor Eigenvalue 3.43 3.24 

NCDS Mid-adulthood Indicator Variables Men (sample 1) Women (sample 1) 

Housing tenure -0.68 -0.73 

Overcrowding -0.44 -0.45 

Car ownership -0.26 -0.46 

Benefits received -0.51 -0.62 

Household income  0.47 0.51 

NS-SEC -0.88 -0.82 

Access to employer pension scheme  0.29 0.51 

Chance to buy shares  0.21 0.11 

Access to company car  0.45 0.26 

Private medical insurance  0.48 0.27 

Highest held qualification 0.74 0.83 

Age left full-time education  0.59 0.66 

Highest household Cambridge scale  0.76 0.76 

Eigenvalue 5.20 4.95 

Note: Total sample split and EFA models ran in one half. All factor loadings statistically significant (p<0.05). 
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Appendix 7.11  

Estimates from BCS70 EFA models for pre-adolescent and mid-adulthood uni-dimensional 

SEP constructs. 

 

BCS70 Pre-adolescent Indicator Variables Men (sample 1) Women (sample 1) 

Housing tenure 0.77 0.72 

Overcrowding 0.46 0.42 

Free school meals 0.81 0.85 

Benefits received 0.79 0.84 

Household income -0.66 -0.72 

Mothers education 0.64 0.55 

Fathers education 0.70 0.67 

Parental interest in education 0.42 0.45 

Eigenvalue 3.71 3.77 

BCS70 Mid-adulthood Indicator Variables Men (sample 1) Women (sample 1) 

Housing tenure 0.66 0.74 

Overcrowding 0.47 0.48 

Car ownership 0.08 0.28 

Benefits received 0.50 0.73 

Household income  -0.48 -0.51 

NS-SEC 0.80 0.81 

Access to employer pension scheme  0.43 0.48 

Has an employer pension scheme 0.49 0.56 

Highest held qualification -0.79 -0.75 

Age left full-time education  -0.58 -0.48 

Highest household Cambridge scale  -0.81 -0.75 

Eigenvalue 4.36 4.61 

Note: Total sample split and EFA models ran in one half. All factor loadings statistically significant (p<0.05). 

 



282 
 

Appendix 7.12  

Distributions for SEP in pre-adolescence and mid-adulthood in the NCDS. 

 

Table 7.12.1: NCDS pre-adolescent and mid-adulthood SEP construct descriptive statistics 

SEP construct* NCDS Men NCDS Women 

Mean Variance Mean Variance 

Pre-adolescent 0 0.50 0 0.46 

Mid-adulthood 0 0.18 0 0.24 

  *Product of CFA analysis using WLSMV estimator in Mplus Version 7. 

 

Table 7.12.2: NCDS pre-adolescent and mid-adulthood SEP estimated construct score 
descriptive statistics 

SEP estimated construct 

score* 

NCDS Men NCDS Women 

Mean Variance Range Mean Variance Range 

Pre-adolescent 0.009 0.35 -1.57, 1.76 0.010 0.31 -2.01, 1.87 

Mid-adulthood 0.005 0.10 -0.91, 0.95 0.009 0.19 -1.79, 1.26 

*Estimated using regression methods in Mplus Version 7, descriptive analyses undertaken in Stata Version 14. 
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Figure 7.12.1: NCDS Men estimated pre-adolescent SEP estimated construct score histogram 

 

Figure 7.12.2: NCDS Men estimated mid-adulthood SEP estimated construct score histogram 
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Figure 7.12.3: NCDS Women estimated pre-adolescent SEP estimated construct score 
histogram 

 

Figure 7.12.4: NCDS Women estimated mid-adulthood SEP estimated construct score 
histogram 
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Appendix 7.13  

Distributions for SEP in pre-adolescence and mid-adulthood in the BCS70. 

 

Table 7.13.1: BCS70 pre-adolescent and mid-adulthood SEP construct descriptive statistics 

SEP construct* BCS70 Men BCS70 Women 

Mean Variance Mean Variance 

Pre-adolescent 0 0.63 0 0.77 

Mid-adulthood 0 0.19 0 0.24 

  *Product of CFA analysis using WLSMV estimator in Mplus Version 7. 

 

 

Table 7.13.2: BCS70 pre-adolescent and mid-adulthood SEP estimated construct score 

descriptive statistics 

SEP estimated 

construct score* 

BCS70 Men BCS70 Women 

Mean Variance Range Mean Variance Range 

Pre-adolescent 0.007 0.44 -1.85, 2.35 0.02 0.55 -2.13, 2.41 

Mid-adulthood 0.005 0.11 -0.95, 0.94 0.02 0.15 -1.14, 1.15 

*Estimated using regression methods in Mplus Version 7, descriptive analyses undertaken in Stata 

Version 14. 
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Figure 7.13.1: BCS70 Men estimated pre-adolescent SEP estimated construct score histogram 

 

Figure 7.13.2: BCS70 Men estimated mid-adulthood SEP estimated construct score histogram 
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Figure 7.13.3: BCS70 Women estimated pre-adolescent SEP estimated construct score 
histogram 

 

Figure 7.13.4: BCS70 Women estimated mid-adulthood SEP estimated construct score 
histogram 
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Appendix 7.14 

 

Correlations between individual HRBs and SEP constructs in pre-adolescence and mid-adulthood. 

HRB variables SEP† Men NCDS            Men BCS70             Women NCDS  Women BCS70  

Pearson r Pearson r Pearson r Pearson r 

Number of cigarettes smoked per day                     

(range 0-80)  

Pre-adolescent 0.23* 0.20* 0.31* 0.24* 

Mid-adulthood 0.30* 0.29* 0.33* 0.31* 

Frequency of fruit and vegetable consumption 

(never-everyday)  

Pre-adolescent -0.16* -0.17* -0.25* -0.20* 

Mid-adulthood -0.19* -0.20* -0.28* -0.22* 

Frequency of fried food consumption                        

(never-everyday) 

Pre-adolescent 0.25* 0.08* 0.28* 0.06* 

Mid-adulthood 0.30* 0.11* 0.30* 0.09* 

Frequency of sweet food consumption                     

(never-everyday) 

Pre-adolescent -0.04** -0.04** 0.01 0.01 

Mid-adulthood -0.02  -0.05* -0.01 0.01 

  Spearman rho Spearman rho Spearman rho Spearman rho 

Smoking status 

(non-smoker, smoker) 

Pre-adolescent 0.20* 0.19* 0.29* 0.24* 

Mid-adulthood 0.30* 0.29* 0.30* 0.30* 

Frequency of leisure-time physical activity 

(never-everyday) 

Pre-adolescent -0.04** -0.07* -0.17* -0.17* 

Mid-adulthood -0.05* -0.04** -0.18* -0.20* 

Alcohol units consumed in the previous week 

(no units, within limits, above limits) 

Pre-adolescent -0.07* -0.07* -0.08* -0.04** 

Mid-adulthood -0.09* -0.10* -0.07* -0.03*** 

 †Higher score = more disadvantaged SEP, *p≤0.001, **p≤0.01, *** p≤0.05. 
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Chapter 8 Appendices 

Appendix 8.1  

LTA analytical sample flowchart.  

 

 

 

Note: In the final analytical sample N=12,784 (100%).                                                                                                                                                                                 

Participants with some data at age 33 and age 42 n=9,890 (77.4%).                                                     

Participants with no data at age 33 n=1,350 (10.6%).                                                                                      

Participants with no data at age 42 n=1,544 (12.1%). 
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Appendix 8.2  

Missing data patterns for SEP indicator variables at age 11 and age 33 in the NCDS LTA 

analytical sample. 

 

Variables (out of 20) Frequency (N=12,784) % 

0 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

2,602 

2,180 

1,098 

483 

1,200 

1,177 

792 

456 

634 

291 

110 

58 

155 

713 

474 

181 

74 

57 

36 

13 

20.6 

17.1 

8.6 

3.8 

9.4 

9.2 

6.2 

3.6 

5.0 

2.3 

0.9 

0.5 

1.2 

5.6 

3.7 

1.4 

0.6 

0.5 

0.3 

0.1 
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Appendix 8.3  

Distribution for SEP in pre-adolescence and mid-adulthood in the NCDS LTA analytical sample. 

 

Table 8.3.1: NCDS pre-adolescent and mid-adulthood SEP construct descriptive statistics 

SEP construct* NCDS Men NCDS Women 

Mean Variance Mean Variance 

Pre-adolescent 0 0.50 0 0.47 

Mid-adulthood 0 0.39 0 0.39 

  *Product of CFA analysis using WLSMV estimator in Mplus Version 7. 

 

Table 8.3.2: NCDS pre-adolescent and mid-adulthood SEP estimated construct (i.e. factor 
score) descriptive statistics 

SEP estimated 

construct* 

NCDS Men NCDS Women 

Mean Variance Range Mean Variance Range 

Pre-adolescent 0.01 0.76 -1.59, 1. 79 0.01 0.75 -1.85, 1.90 

Mid-adulthood 0.02 0.83 -1.97, 2.10 0.02 0.84 -2.91, 2.12 

*Estimated using regression methods in Mplus Version 7, descriptive analyses undertaken in Stata 

Version 14. 
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Figure 8.3.1: NCDS Men estimated mid-adulthood SEP estimated construct (i.e. factor score) 
histogram 

 

Figure 8.3.2: NCDS Women estimated mid-adulthood SEP estimated construct (i.e. factor 
score) histogram 
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Appendix 8.4  

Estimates from exploratory 4, 5 and 6 cluster LPA and LTA models. 

4-cluster LTA and LPA models 

The 4-cluster LTA in men suggested cluster separation according to the number of cigarettes 

smoked per day. A cluster of very heavy smokers emerged (mean=35) whose alcohol 

consumption was also the highest, although their fried food consumption was lower than the 

‘Risky’ cluster. This was considered theoretically reasonable, possibly reflecting reduced 

appetite due to heavier smoking and alcohol consumption. The transition probabilities were 

consistent with those identified in the 3-cluster LTA; additionally, they suggest a 10% 

probability of movement from the ‘Risky’ cluster at age 33 to this emerging cluster at age 42.  

The 4-clustered patterns of the LPAs at ages 33 and 42 appeared similar, suggesting 

measurement invariance could be reasonably assumed. The patterns appeared to be more 

symmetrical in terms of smoking when compared to the 3-cluster LPAs. At both ages there was 

a cluster characterised by a particularly high number of cigarettes smoked per day (age 33 

mean=44; age 42 mean=35). The prevalence of the cluster characterised by higher fried food 

consumption was lower at age 42 compared to age 33 which was consistent with the LTA 

results.  

However, the clustered patterns from the LPAs were not consistent with the LTA in relation to 

alcohol consumption. Unlike the LTA, the LPAs indicated that the alcohol consumption was 

lower in the very heavy smokers cluster compared to the cluster whose members smoke 

around 20 cigarettes per day. 

Amongst women, the 4-cluster LTA model also separated individuals according to their fried 

food and alcohol consumption but not the number of cigarettes smoked per day, which was 

found to be similar in the ‘Risky’ and emerging cluster. The probability of transitioning from 

the emerging cluster to the ‘Risky’ cluster was high (>70%).  

The clustered patterns from the 4-cluster LPAs at ages 33 and 42 were relatively similar to one 

another in terms of smoking and diet, although physical activity patterns across the clusters 

did differ across time points. At age 33 the emerging cluster, characterised by heavy smoking, 

had higher levels of physical activity than the ‘Risky’ cluster whereas at age 42 these clusters 

had similar levels of physical activity.  

The cluster patterns found in the LPA models were not consistent with those identified in the 

LTA model. For example, cluster separation for the LPAs was according to heavy smoking, as 
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well as alcohol consumption at age 33 and fried food at age 42. However, there was 

consistency across the LPAs and LTAs in terms of cluster prevalence. In all models the ‘Risky’ 

cluster prevalence (characterised by higher consumption of fried food) was smaller at age 42. 

Given that a notable characteristic of this emergent cluster in the LTAs and LPAs for both men 

and women was higher consumption of fried foods, this cluster was hereafter labelled ‘fried 

food’. 
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Table 8.4.1: NCDS Men 4 cluster LTA 

NCDS Men Total N=6,396  Cluster 1† 

             

 

  

Cluster 2     

‘Risky’             

       

Cluster 3                   

‘Moderate 

Smokers’                   

 

Cluster 4 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

159 (2.5%)             

219 (3.4%) 

776 (12.1%) 

90 (1.4%) 

1,161 (18.1%) 

1,502 (23.5%) 

4,300 (67.2%) 

4,585 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  35.3 (1.83) 19.42 (0.76) 16.02 (0.28) 0 

Frequency of fruit and vegetable consumption
 
 2.99 (0.18) 3.31 (0.17) 4.39 (0.07) 4.97 (0.03) 

Frequency of fried food consumption  3.59 (0.15) 5.29 (0.23) 3.00 (0.07) 3.03 (0.02) 

Frequency of sweet food consumption  3.44 (0.25) 3.84 (0.24) 4.31 (0.08) 4.64 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.63 (0.05) 

0.13 (0.03) 

0.11 (0.02) 

0.13 (0.03) 

 

0.45 (0.03) 

0.19 (0.02) 

0.17 (0.02) 

0.19 (0.02) 

 

0.40 (0.01) 

0.19 (0.01) 

0.19 (0.01) 

0.23 (0.01) 

 

0.29 (0.01) 

0.21 (0.01) 

0.25 (0.01) 

0.26 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.18 (0.03) 

0.26 (0.04) 

0.55 (0.05) 

 

0.14 (0.02) 

0.43 (0.05) 

0.44 (0.04) 

 

0.16 (0.01) 

0.46 (0.02) 

0.38 (0.02) 

 

0.12 (0.01) 

0.59 (0.01) 

0.29 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns) 

Cluster 1  

Cluster 2 ‘Risky’ 

Cluster 3 ‘Moderate Smokers’                   

Cluster 4 ‘Mainstream’          

0.87 

0.10 

0a 

0a  

0a 

0.12 

0a 

0a 

0a  

0.61 

0.73 

0.04 

0.13 

0.18 

0.28 

0.95 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LTA). Transitions probabilities in bold correspond to staying in the same 

HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 1.0 

(with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.2: NCDS Women 4 cluster LTA 

NCDS Women Total N=6,388 Cluster 1 

‘Risky’             

 

  

Cluster 2†                       Cluster 3                   

‘Moderate 

Smokers’                   

 

Cluster 4 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

311 (4.5%)             

790 (11.7%) 

644 (10.1%) 

69 (1.1%) 

1,090 (17.0%) 

954 (14.9%) 

4,342 (68.0%) 

4,575 (71.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  19.56 (0.70) 19.41 (0.63) 13.28 (0.30) 0 

Frequency of fruit and vegetable consumption
 
 3.70 (0.15) 3.76 (0.12) 5.96 (0.09) 6.07 (0.03) 

Frequency of fried food consumption  2.52 (0.07) 4.56 (0.12) 2.33 (0.05) 2.41 (0.02) 

Frequency of sweet food consumption  3.68 (0.19) 4.40 (0.28) 4.26 (0.13) 4.67 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.62 (0.03) 

0.09 (0.01) 

0.08 (0.01) 

0.21 (0.02) 

 

0.54 (0.03) 

0.19 (0.02) 

0.09 (0.02) 

0.19 (0.02) 

 

0.28 (0.03) 

0.19 (0.01) 

0.22 (0.01) 

0.31 (0.01) 

 

0.29 (0.01) 

0.21 (0.01) 

0.22 (0.01) 

0.28 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.32 (0.03) 

0.37 (0.02) 

0.31 (0.03) 

 

0.29 (0.02) 

0.59 (0.03) 

0.11 (0.03) 

 

0.27 (0.02) 

0.60 (0.02) 

0.13 (0.01) 

 

0.25 (0.01) 

0.64 (0.01) 

0.11 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2                   

Cluster 3 ‘Moderate Smokers’  

Cluster 4 ‘Mainstream’          

.94 

0.74 

0a  

<0.01 

0a 

0.10 

0a 

<0.01 

0a 

0.03 

0.72 

0.03 

0.06 

0.13 

0.28 

0.96 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LTA). Transitions probabilities in bold correspond to staying in the same 

HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 1.0 

(with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.3: NCDS Men 4 cluster LPA age 33 

NCDS Men Total N=5,586 Cluster 1 

‘Risky’  

n=71 (1.3%)                      

Cluster 2†                                 

n=358 (6.4%)        

Cluster 3 

‘Moderate 

Smokers’       

n=1,346 (24.0%)                

Cluster 4 

‘Mainstream’     

n=3,811 

(68.2%)      

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  43.75 (3.12) 21.44 (0.95) 16.38 (0.77) 0 

Frequency of fruit and vegetable consumption
 
 2.66 (0.44) 2.91 (0.16) 4.20 (0.26) 4.65 (0.03) 

Frequency of fried food consumption  4.32 (0.27) 5.31 (0.74) 3.68 (0.14) 3.36 (0.02) 

Frequency of sweet food consumption  3.75 (0.46) 3.12 (0.53) 4.44 (0.16) 4.71 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.58 (0.10) 
0.14 (0.07) 
0.14 (0.06) 
0.13 (0.05) 

 
0.57 (0.07) 
0.13 (0.07) 
0.12 (0.04) 
0.18 (0.04) 

 
0.35 (0.03) 
0.23 (0.01) 
0.21 (0.02) 
0.22 (0.02) 

 
0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.24 (0.07) 
0.26 (0.07) 
0.49 (0.09) 

 
0.15 (0.05) 
0.29 (0.15) 
0.57 (0.12) 

 
0.13 (0.01) 
0.56 (0.02) 
0.31 (0.03) 

 
0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA at age 33). 
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Table 8.4.4: NCDS Men 4 cluster LPA age 42  

NCDS Men Total N=5,529 Cluster 1†  

n=161 (2.9%)                      

Cluster 2 

‘Risky’                         

n=80 (1.4%)        

Cluster 3 

‘Moderate 

Smokers’       

n=1,246 (22.5%)                

Cluster 4 

‘Mainstream’     

n=4,042 

(73.1%)      

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  34.42 (1.70) 20.10 (2.21) 16.55 (0.31) 0 

Frequency of fruit and vegetable consumption
 
 3.09 (0.20) 3.28 (0.33) 4.33 (0.07) 5.28 (0.03) 

Frequency of fried food consumption  3.34 (0.16) 6.20 (0.30) 2.78 (0.04) 2.70 (0.02) 

Frequency of sweet food consumption  3.56 (0.30) 3.67 (0.37) 4.20 (0.08) 4.51 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.64 (0.05) 
0.13 (0.04) 
0.10 (0.03) 
0.13 (0.04) 

 
0.50 (0.07) 
0.14 (0.05) 
0.08 (0.05) 
0.28 (0.06) 

 
0.45 (0.02) 
0.17 (0.01) 
0.17 (0.01) 
0.21 (0.01) 

 
0.30 (0.01) 
0.21 (0.01) 
0.24 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.16 (0.04) 
0.28 (0.05) 
0.56 (0.06) 

 
0.14 (0.05) 
0.17 (0.06) 
0.69 (0.07) 

 
0.17 (0.01) 
0.40 (0.02) 
0.43 (0.02) 

 
0.11 (0.01) 
0.54 (0.01) 
0.34 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA at age 42). 
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Table 8.4.5: NCDS Women 4 cluster LPA age 33 

NCDS Women Total N=5,787  Cluster 1†  

n=68 (1.2%)                      

Cluster 2 ‘Risky’                        

n=643 (11.1%)                

Cluster 3 ‘Moderate 

Smokers’             

n=1,104 (19.1%)        

Cluster 4 

‘Mainstream’     

n=3,973 (68.7%)      

Item estimated means and standard errors 

(S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  37.0 (2.39) 18.65 (0.56) 13.51 (0.38) 0 

Frequency of fruit and vegetable consumption
 
 3.71 (0.50) 3.61 (0.17) 5.72 (0.10) 5.79 (0.03) 

Frequency of fried food consumption  3.71 (0.49) 3.87 (0.15) 2.62 (0.06) 2.55 (0.02) 

Frequency of sweet food consumption  2.78 (0.35) 4.20 (0.25) 4.29 (0.14) 4.85 (0.04) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.39 (0.07) 
0.26 (0.07) 
0.19 (0.07) 
0.17 (0.08) 

 
0.63 (0.04) 
0.15 (0.02) 
0.05 (0.02) 
0.17 (0.03) 

 
0.25 (0.03) 
0.22 (0.02) 
0.22 (0.02) 
0.32 (0.02) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.21 (0.07) 
0.39 (0.08) 
0.40 (0.08) 

 
0.30 (0.03) 
0.56 (0.03) 
0.14 (0.02) 

 
0.29 (0.02) 
0.62 (0.02) 
0.09 (0.01) 

 
0.29 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA age 33). 
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Table 8.4.6: NCDS Women 4 cluster LPA age 42 

NCDS Women Total N=5,683 Cluster 1†  

n=77 (1.4%)                      

Cluster 2 ‘Risky’                        

n=86 (1.5%)                

Cluster 3 ‘Moderate 

Smokers’             

n=1,376 (24.2%)        

Cluster 4 

‘Mainstream’     

n=4,144 (72.9%)      

Item estimated means and standard errors 

(S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  36.19 (1.94) 18.02 (2.06) 14.93 (0.23) 0 

Frequency of fruit and vegetable consumption
 
 3.27 (0.30) 3.31 (0.37) 5.14 (0.08) 6.35 (0.03) 

Frequency of fried food consumption  2.62 (0.19) 4.90 (0.54) 2.26 (0.04) 2.25 (0.02) 

Frequency of sweet food consumption  4.28 (0.45) 5.15 (0.61) 3.92 (0.07) 4.47 (0.04) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.72 (0.07) 
0.06 (0.03) 
0.09 (0.04) 
0.16 (0.05) 

 
0.70 (0.07) 
0.06 (0.04) 
0.08 (0.04) 
0.16 (0.05) 

 
0.44 (0.02) 
0.13 (0.01) 
0.16 (0.01) 
0.27 (0.01) 

 
0.31 (0.01) 
0.18 (0.01) 
0.23 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.41 (0.07) 
0.30 (0.06) 
0.28 (0.06) 

 
0.51 (0.10) 
0.24 (0.08) 
0.25 (0.07) 

 
0.28 (0.01) 
0.48 (0.01) 
0.24 (0.01) 

 
0.22 (0.01) 
0.63 (0.01) 
0.15 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 3-cluster LPA at age 42).
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5 cluster LTA and LPA models 

Amongst men, the 5-cluster LTA model further separated members of the ‘Moderate Smokers’ 

cluster according to the number of cigarettes smoked per day, physical activity levels, alcohol 

consumption and sweet food consumption. Members of the emergent cluster smoked fewer 

cigarettes per day, consumed less units of alcohol, were more physically active and had a 

higher consumption of sweet foods than the ‘Moderate Smokers’ cluster. The ‘fried food’ 

cluster that emerged in the 4-cluster LTA model remained stable, most of whom appear to 

transition to the ‘Moderate Smokers’ cluster at the second time point. 

In the LPA models at each time point, the emergent cluster again separated according to 

smoking, physical activity and sweet food. However, alcohol consumption patterns were in the 

opposite direction, i.e. those who were more physically active drank more alcohol. The 

emergent cluster members had higher alcohol consumption and lower frequency of sweet 

food consumption. LPA clustered patterns were quite consistent at both time points although 

differences in physical activity levels between members of the ‘Moderate Smokers’ and the 

emerging cluster were less distinct at age 42 compared to age 33. The ‘fried food’ cluster that 

emerged in 4-cluster models remained stable. 

The same cluster pattern identified for men was found amongst women in the 5-cluster LTA 

model. The emergent cluster smoke fewer cigarettes per day, consumed less alcohol units, 

were more physically active and had a higher consumption frequency of sweet foods, 

compared to members of the ‘Moderate Smokers’ cluster. The ‘fried food’ cluster that 

emerged in the 4-cluster LTA model remained stable, most of them appearing to transition to 

the ‘Moderate Smokers’ cluster. 

For women the emergent cluster was not distinguished according to sweet food consumption 

or alcohol consumption, which were relatively similar for ‘Moderate Smokers’ and the 

emergent cluster in the LPAs at both ages. However, physical activity levels and smoking did 

separate these clusters from one another, i.e. the emergent cluster had higher levels of 

physical activity and members smoke fewer cigarettes per day. The ‘fried food’ cluster at age 

33 in the LPA model was no longer aligned with that of the ‘fried food’ cluster at age 33 in the 

LTA model. The ‘fried food’ cluster pattern that emerged in 4-cluster models was instead 

characterised by heavier alcohol consumption at age 33 and the cluster prevalence at age 33 

was smaller and similar to that at age 42. Overall across the time points the LPA clustered 

patterns appeared similar although differences in sweet food consumption and alcohol 
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consumption between the ‘Risky’ and the emergent cluster were more apparent at age 33 

compared to age 42.  

Given that a notable characteristic of this emergent cluster in the LTAs and LPAs for both men 

and women was physical activity and smoking, this cluster was hereafter labelled ‘active 

smokers’. 
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Table 8.4.7: NCDS Men 5 cluster LTA 

NCDS Men Total N=6,396  Cluster 1 

‘Risky’             

 

  

Cluster 2 

‘Moderate 

Smokers’                             

 

Cluster 3†   Cluster 4              

‘Fried Food’             

Cluster 6 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

130 (2.0%)             

130 (2.0%) 

310 (4.9%) 

874 (13.7%) 

885 (13.8%) 

739 (11.6%) 

770 (12.0%) 

69 (1.1%) 

4,301 (67.2%) 

4,585 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  38.89 (18.90) 18.68 (11.0) 15.01 (0.90) 19.46 (0.74) 0 

Frequency of fruit and vegetable consumption
 
 3.13 (0.26) 3.54 (0.20) 4.91 (0.17) 3.19 (0.11) 4.97 (0.03) 

Frequency of fried food consumption  3.69 (0.18) 2.98 (0.06) 3.10 (0.07) 5.23 (0.23) 3.03 (0.02) 

Frequency of sweet food consumption  3.61 (0.29) 3.25 (0.30) 5.16 (0.31) 3.43 (0.28) 4.64 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.61 (0.06) 

0.15 (0.04) 

0.12 (0.03) 

0.13 (0.03) 

 

0.49 (0.05) 

0.17 (0.02) 

0.14 (0.04) 

0.19 (0.02) 

 

0.36 (0.04) 

0.19 (0.02) 

0.21 (0.03) 

0.24 (0.03) 

 

0.45 (0.03) 

0.20 (0.02) 

0.17 (0.02) 

0.18 (0.02) 

 

0.29 (0.01) 

0.21 (0.01) 

0.25 (0.01) 

0.26 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.21 (0.04) 

0.30 (0.05) 

0.49 (0.06) 

 

0.13 (0.04) 

0.30 (0.03) 

0.56 (0.04) 

 

0.18 (0.03) 

0.56 (0.02) 

0.27 (0.03) 

 

0.12 (0.02) 

0.43 (0.04) 

0.45 (0.03) 

 

0.12 (0.01) 

0.59 (0.01) 

0.29 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Moderate Smokers’                           

Cluster 3  

Cluster 4 ‘Fried Food’             

Cluster 6 ‘Mainstream’          

0.76 

0a 

0a 

0.03 

<0.01 

0.10 

0.89 

0a 

0.68 

0.02 

0a 

0a 

0.69 

0a 

0.03 

0a 

0a 

0a 

0.09 

0a 

0.15 

0.11 

0.31 

0.20 

0.95 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LTA).Transitions probabilities in bold correspond to staying in the same 

HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 1.0 

(with rounding error) across rows. Supersrcipt a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.8: NCDS Women 5 cluster LTA 

NCDS Women Total N=6,388 Cluster 1 

‘Risky’             

 

  

Cluster 2†                    

 

Cluster 3 

‘Moderate 

Smokers’                   

Cluster 4             

‘Fried Food’             

Cluster 5 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

86 (1.3%)             

78 (1.2%) 

905 (14.2%) 

748 (11.7%) 

382 (6.0%) 

913 (14.3%) 

672 (10.5%) 

75 (1.2%) 

4,343 (68.0%) 

4,575 (71.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  37.01 (18.5) 12.23 (0.91) 17.54 (0.42) 18.31 (0.54) 0 

Frequency of fruit and vegetable consumption
 
 3.65 (0.3) 6.10 (0.09) 4.13 (0.24) 3.90 (0.16) 6.07 (0.03) 

Frequency of fried food consumption  3.20 (0.2) 2.33 (0.06) 2.40 (0.08) 4.40 (0.12) 2.41 (0.02) 

Frequency of sweet food consumption  3.46 (0.3) 4.22 (0.15) 3.76 (0.19) 4.64 (0.34) 4.67 (0.03) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.55 (0.05) 

0.17 (0.04) 

0.14 (0.03) 

0.14 (0.04) 

 

0.25 (0.02) 

0.21 (0.02) 

0.24 (0.02) 

0.31 (0.02) 

 

0.58 (0.04) 

0.09 (0.01) 

0.09 (0.02) 

0.25 (0.02) 

 

0.53 (0.03) 

0.18 (0.02) 

0.08 (0.02) 

0.21 (0.02) 

 

0.29 (0.01) 

0.21 (0.01) 

0.22 (0.01) 

0.28 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.30 (0.06) 

0.37 (0.05) 

0.32 (0.06) 

 

0.25 (0.03) 

0.62 (0.02) 

0.13 (0.02) 

 

0.33 (0.03) 

0.40 (0.03) 

0.27 (0.04) 

 

0.32 (0.03) 

0.59 (0.03) 

0.09 (0.02) 

 

0.25 (0.01) 

0.64 (0.01) 

0.11 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2                    

Cluster 3 ‘Moderate Smokers’                   

Cluster 4 ‘Fried Food’             

Cluster 5 ‘Mainstream’          

0.63 

0a 

0.01 

0.03 

0a 

0a 

0.69 

0a 

0a 

0.03 

0.28 

0.01 

0.88 

0.74 

<0.01 

0.02 

0a 

0a 

0.10 

<0.01 

0.06 

0.30 

0.10 

0.08 

0.96 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LTA). Transitions probabilities in bold correspond to staying in the same 

HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum to 1.0 

(with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.9: NCDS Men 5 cluster LPA age 33  

NCDS Men age 33 (n=5,586) Cluster 1 ‘Risky’  

n=71 (1.3%)                      

Cluster 2†                   

n=748 (13.4%)                

Cluster 3 ‘Moderate 

Smokers’ n=635 

(11.4%)        

Cluster 4 ‘Fried 

Food’                     

n=321 (5.8%)     

Cluster 5 

‘Mainstream’     

n=3,811 (68%)      

Item response probabilities (IRP) and 

standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  43.8 (2.9) 15.4 (1.1) 17.9 (0.6) 21.1 (0.9) 0 

Frequency of fruit and vegetable 
consumption

 
 

2.7 (0.4) 4.7 (0.5) 3.4 (0.2) 3.1 (0.3) 4.6 (0.03) 

Frequency of fried food consumption  4.3 (0.3) 3.7 (0.2) 3.7 (0.2) 5.4 (0.5) 3.4 (0.02) 

Frequency of sweet food consumption  3.6 (0.5) 3.7 (0.2) 5.4 (0.7) 2.8 (0.2) 4.7 (0.03) 

Item response probabilities (IRP) and 

standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.57 (0.09) 
0.15 (0.07) 
0.15 (0.06) 
0.13 (0.05) 

 
0.20 (0.09) 
0.28 (0.03) 
0.28 (0.04) 
0.25 (0.06) 

 
0.55 (0.06) 
0.16 (0.05) 
0.12 (0.04) 
0.18 (0.04) 

 
0.57 (0.08) 
0.13 (0.06) 
0.12 (0.04) 
0.18 (0.04) 

 
0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 units 
men) 
Above limits (≥15 units women, ≥22 units 
men) 

 
0.24 (0.07) 
0.25 (0.07) 
0.51 (0.09) 

 
0.09 (0.02) 
0.56 (0.04) 
0.36 (0.04) 

 
0.19 (0.05) 
0.55 (0.04) 
0.26 (0.05) 

 
0.15 (0.05) 
0.26 (0.11) 
0.59 (0.08) 

 
0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LPA at age 33). 
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Table 8.4.10: NCDS Men 5 cluster LPA age 42 

NCDS Men age 42 (n=5,529) 
 

Cluster 1 ‘Risky’               

n=154 (2.8%)           

Cluster 2†                   

n=955 (17.3%)                   

Cluster 3  

‘Moderate 

Smokers’ 

n=301 (5.4%)        

Cluster 4 ‘Fried 

Food’                     

n=78 (1.4%)      

Cluster 5 

‘Mainstream’   

n=4,042 (73%)       

Item response probabilities (IRP) and 

standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  34.7 (1.8) 16.3 (0.4) 17.7 (1.3) 20.5 (2.7) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.1 (0.2) 4.6 (0.02) 3.5 (0.4) 3.2 (0.4) 5.3 (0.03) 

Frequency of fried food consumption  3.3 (0.2) 2.8 (0.08) 2.8 (0.3) 6.2 (0.3) 2.7 (0.02) 

Frequency of sweet food consumption  3.4 (0.3) 3.5 (0.2) 6.0 (0.7) 3.6 (0.4) 4.5 (0.04) 

Item response probabilities (IRP) and 

standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.64 (0.06) 
0.13 (0.04) 
0.10 (0.03) 
0.13 (0.04) 

 
0.41 (0.02) 
0.19 (0.02) 
0.19 (0.02) 
0.21 (0.02) 

 
0.56 (0.06) 
0.12 (0.04) 
0.09 (0.02) 
0.23 (0.05) 

 
0.50 (0.07) 
0.13 (0.05) 
0.08 (0.04) 
0.29 (0.06) 

 
0.30 (0.01) 
0.21 (0.01) 
0.24 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 units 
men) 
Above limits (≥15 units women, ≥22 units 
men) 

 
0.15 (0.05) 
0.28 (0.05) 
0.57 (0.06) 

 
0.12 (0.02) 
0.39 (0.02) 
0.49 (0.04) 

 
0.34 (0.08) 
0.44 (0.07) 
0.22 (0.07) 

 
0.13 (0.07) 
0.17 (0.06) 
0.70 (0.08) 

 
0.11 (0.01) 
0.54 (0.01) 
0.34 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LPA at age 42).
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Table 8.4.11: NCDS Women 5 cluster LPA age 33 

NCDS Women age 33 (n=5,787) Cluster 1 ‘Risky’  

n=56 (0.9%)                      

Cluster 2†                  

n=1,035 (17.9%)                

Cluster 3 ‘Moderate 

Smokers’              

n=642 (11.0%)        

Cluster 4 ‘Fried 

Food’               n=81 

(1.4%)     

Cluster 5 

‘Mainstream’     

n=3,973 (69%)      

Item estimated means and standard 

errors 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  38.1 (2.5) 13.4 (0.5) 18.0 (0.5) 22.8 (2.8) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.9 (0.7) 5.8 (0.1) 3.8 (0.2) 3.2 (1.2) 4.6 (0.03) 

Frequency of fried food consumption  3.3 (0.5) 2.6 (0.1) 3.4 (0.2) 6.1 (0.6) 3.4 (0.02) 

Frequency of sweet food consumption  2.8 (0.4) 4.3 (0.2) 4.3 (0.3) 3.2 (0.5) 4.7 (0.03) 

Item response probabilities and standard 

errors 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.39 (0.08) 
0.27 (0.09) 
0.19 (0.08) 
0.14 (0.07) 

 
0.22 (0.03) 
0.22 (0.02) 
0.23 (0.02) 
0.33 (0.02) 

 
0.64 (0.05) 
0.15 (0.03) 
0.04 (0.03) 
0.16 (0.04) 

 
0.53 (0.09) 
0.14 (0.07) 
0.12 (0.07) 
0.21 (0.07) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 units 
men) 
Above limits (≥15 units women, ≥22 units 
men) 

 
0.23 (0.08) 
0.39 (0.08) 
0.38 (0.09) 

 
0.28 (0.02) 
0.63 (0.04) 
0.09 (0.04) 

 
0.31 (0.03) 
0.56 (0.03) 
0.12 (0.02) 

 
0.20 (0.09) 
0.53 (0.10) 
0.27 (0.09) 

 
0.28 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LPA at age 33). 
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Table 8.4.12: NCDS Women 5 cluster LPA age 42 

NCDS Women age 42 (n=5,683) Cluster 1 ‘Risky’               

n=154 (2.8%)           

Cluster 2†                   

n=815 (14.3%)                   

Cluster 3 ‘Moderate 

Smokers’               

n=598 (10.5%)        

Cluster ‘Fried Food’                    

n=68 (1.2%)      

Cluster 5 

‘Mainstream’   

n=4,143 (72.9%)       

Item estimated means and standard 

errors 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  38.4 (1.7) 13.6 (0.7) 17.3 (0.5) 17.3 (2.1) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.4 (0.2) 5.9 (0.02) 3.9 (0.2) 3.6 (0.4) 6.4 (0.03) 

Frequency of fried food consumption  2.6 (0.2) 2.2 (0.06) 2.4 (0.09) 5.2 (0.5) 2.3 (0.02) 

Frequency of sweet food consumption  4.3 (0.5) 3.8 (0.2) 4.0 (0.3) 5.6 (0.7) 4.5 (0.04) 

Item response probabilities and standard 

errors 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.65 (0.07) 
0.07 (0.04) 
0.09 (0.05) 
0.19 (0.06) 

 
0.26 (0.03) 
0.18 (0.02) 
0.24 (0.02) 
0.32 (0.03) 

 
0.71 (0.09) 
0.05 (0.04) 
0.03 (0.05) 
0.21 (0.03) 

 
0.65 (0.08) 
0.08 (0.05) 
0.10 (0.05) 
0.18 (0.06) 

 
0.31 (0.01) 
0.18 (0.01) 
0.23 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 units 
men) 
Above limits (≥15 units women, ≥22 units 
men) 

 
0.43 (0.08) 
0.31 (0.07) 
0.26 (0.07) 

 
0.24 (0.03) 
0.55 (0.03) 
0.22 (0.03) 

 
0.34 (0.05) 
0.38 (0.04) 
0.29 (0.04) 

 
0.54 (0.10) 
0.25 (0.08) 
0.22 (0.08) 

 
0.22 (0.01) 
0.63 (0.01) 
0.15 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 4-cluster LPA at age 42).
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6-cluster LTA and LPA models  

Amongst men, the 6-cluster LTA model suggested that the remaining members of the 

previously labelled ‘Moderate Smokers’ cluster separated according to sweet food and alcohol 

consumption, whilst smoking and physical activity remained similar. One of the clusters had 

very high alcohol consumption (higher than the ‘Risky’ cluster) the other had the highest 

consumption of sweet foods. The emergent ‘active smokers’ cluster remained stable in the 6-

cluster LTA model. 

The 6-cluster LPA models at both time points did not reflect the estimates of the LTA model. 

The emergent cluster prevalence in these LPA models was a very small cluster. Due to their 

size, the cluster interpretability was poor and the behavioural patterns in these emergent 

clusters did not match across the two time points. 

Similar to men, the 6-cluster LTA model for women appeared to separate the ‘Moderate 

Smokers’ cluster according to alcohol and sweet food consumption. Yet unlike men, these 

clusters remained similar in terms of their smoking and physical activity levels. The ‘active 

smokers’ cluster that emerged in the 5-cluster model was stable in the 6-cluster LTA model. 

Given the separation of the ‘Moderate Smokers’ cluster for men and women in the 6-cluster 

LTA models the ‘Moderate Smokers’ cluster label was replaced by ‘inactive smokers and 

alcohol’ and ‘inactive smokers and sweet food’.   

Cluster emergence amongst women in the 6-cluster LPA models followed a similar pattern to 

that of women in the LTA model. At age 42 members of the ‘Moderate Smokers’ cluster 

separated according to their sweet food and alcohol consumption. At age 33 a sweet food 

consumption cluster also emerged although the ‘fried food’ cluster continued to have higher 

alcohol consumption than the ‘Moderate Smokers’ cluster. This meant that the clustered 

patterns for alcohol consumption across the two time points differed. At age 42 alcohol 

consumption was higher in the emergent cluster (characterised by high alcohol consumption) 

compared to the ‘Risky’ cluster, this was not the case at age 33. Similar to the 5-cluster LPA 

models, the prevalence of the ‘Fried food’ cluster at age 33 differed to that found in the LTA, 

and was small at both time points. The ‘active smokers’ cluster that emerged in the 5-cluster 

models was stable in the 6-cluster LPA models. 

For men and women, cluster transition probabilities were small. The largest probability of 

movement was for members of the ‘fried food’ cluster who transitioned to the cluster 

characterised by heavy alcohol consumption, labelled ‘inactive smokers and alcohol’. 
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Table 8.4.13: NCDS Men 6 cluster LTA 

NCDS Men Total N=6,396  Cluster 1 

‘Risky’             

 

  

Cluster 2*                  

‘Active 

Smokers’                   

 

Cluster 3†   

‘Inactive 

Smokers and 

Sweet Food’          

Cluster 4*  

‘Inactive 

Smokers and 

Alcohol’             

Cluster 5*            

‘Inactive 

Smokers and 

Fried Food’           

Cluster 6 

‘Mainstream’          

Latent status prevalence n (%) n (%) n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

121 (1.9%)             

115 (1.8%) 

638 (10.0%) 

525 (8.2%) 

381 (6.0%) 

348 (5.4%) 

292 (4.6%) 

760 (11.9%) 

663 (10.4%) 

63 (1.0%) 

4,300 (67.2%) 

4,585 (71.7%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  40.01 (1.49) 12.71 (1.08) 18.29 (1.28) 19.66 (0.77) 20.22 (0.80) 0 

Frequency of fruit and vegetable consumption
 
 3.20 (0.24) 5.19 (0.18) 3.71 (0.23) 3.59 (0.21) 3.26 (0.13) 4.69 (0.03) 

Frequency of fried food consumption  3.73 (0.19) 3.07 (0.08) 3.39 (0.14) 2.94 (0.06) 5.38 (0.21) 3.03 (0.02) 

Frequency of sweet food consumption  3.44 (0.27) 4.03 (0.31) 6.55 (0.32) 3.15 (0.13) 3.41 (0.17) 4.64 (0.03) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.59 (0.05) 

0.16 (0.04) 

0.13 (0.03) 

0.12 (0.03) 

 

0.28 (0.03) 

0.22 (0.02) 

0.26 (0.02) 

0.24 (0.02) 

 

0.53 (0.04) 

0.14 (0.03) 

0.11 (0.02) 

0.23 (0.03) 

 

0.50 (0.04) 

0.17 (0.02) 

0.14 (0.02) 

0.20 (0.02) 

 

0.44 (0.03) 

0.20 (0.03) 

0.17 (0.02) 

0.18 (0.02) 

 

0.29 (0.01) 

0.21 (0.01) 

0.25 (0.01) 

0.26 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.19 (0.04) 

0.30 (0.04) 

0.51 (0.06) 

 

0.09 (0.03) 

0.56 (0.04) 

0.35 (0.05) 

 

0.29 (0.04) 

0.51 (0.05) 

0.20 (0.04) 

 

0.14 (0.03) 

0.30 (0.04) 

0.56 (0.04) 

 

0.12 (0.02) 

0.41 (0.04) 

0.47 (0.04) 

 

0.12 (0.01) 

0.59 (0.01) 

0.29 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns) 

Cluster 1 ‘Risky’ 

Cluster 2 ‘Active Smokers’                   

Cluster 3 ‘Inactive Smokers and Sweet Food’          

Cluster 4 ‘Inactive Smokers and Alcohol’             

Cluster 5 ‘Inactive Smokers and Fried Food’           

Cluster 6 ‘Mainstream’          

0.68 

0a 

0.01 

0a 

0.04 

<0.01 

0a 

0.64 

0a 

0a 

0a 

0.03 

0a 

0a 

0.78 

0a 

0.02 

<0.01 

0.15 

0a 

0a 

0.92 

0.66 

<0.01 

0a 

0a 

0a 

0a 

0.09 

0a 

0.17 

0.36 

0.22 

0.08 

0.19 

0.95 

Note: Cluster prevalence based on estimated model. *=re-labelled. †=Additional cluster (not identified in 5-cluster LTA). Transitions probabilities in bold correspond to staying in 

the same HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum 

to 1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.14: NCDS Women 6 cluster LTA 

NCDS Women Total N=6,388 Cluster 1 

‘Risky’ 

 

Cluster 2*                   

‘Active 

Smokers’ 

Cluster 3†       

‘Inactive 

Smokers and 

Sweet Food’          

Cluster 4*  

‘Inactive 

Smokers and 

Alcohol’ 

Cluster 5*            

‘Inactive 

Smokers an 

Fried Food’ 

Cluster 6 

‘Mainstream’ 

Latent status prevalence n (%) n (%) n (%) n (%) n (%) n (%) 

Time 1 (Age 33) 

Time 2 (Age 42) 

83 (1.2%) 

79 (1.3%) 

724 (11%) 

591 (9%) 

511 (8.0%) 

601 (9.4%) 

236 (3.7%) 

494 (7.7%) 

490 (7.7%) 

48 (0.7%) 

4343 (68.0%) 

4575 (71.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  37.21 (1.69) 10.83 (1.43) 17.34 (0.68) 18.03 (0.51) 18.48 (0.72) 0 

Frequency of fruit and vegetable consumption
 
 3.55 (0.27) 6.12 (0.15) 4.63 (0.22) 4.20 (0.31) 3.99 (0.18) 6.07 (0.03) 

Frequency of fried food consumption  3.18 (0.23) 2.37 (0.07) 2.49 (0.11) 2.52 (0.08) 4.67 (0.18) 2.41 (0.02) 

Frequency of sweet food consumption  3.58 (0.34) 4.15 (0.14) 5.01 (0.17) 2.95 (0.29) 3.91 (0.26) 4.67 (0.03) 

Item response probabilities (IRP) and standard 

errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 

≤3 times a month 

Once a week 

2–3 days a week 

4–7 days a week 

 

0.57 (0.05) 

0.17 (0.04) 

0.13 (0.03) 

0.13 (0.04) 

 

0.23 (0.03) 

0.22 (0.02) 

0.25 (0.02) 

0.30 (0.02) 

 

0.51 (0.04) 

0.12 (0.02) 

0.11 (0.02) 

0.27 (0.02) 

 

0.52 (0.06) 

0.13 (0.03) 

0.01 (0.02) 

0.26 (0.03) 

 

0.54 (0.04) 

0.17 (0.03) 

0.09 (0.02) 

0.20 (0.03) 

 

0.29 (0.01) 

0.21 (0.01) 

0.22 (0.01) 

0.28 (0.01) 

Alcohol units consumed in the previous week 

No units 

Within limits (≤14 units women, ≤21 units men) 

Above limits (≥15 units women, ≥22 units men) 

 

0.31 (0.06) 

0.40 (0.05) 

0.30 (0.05) 

 

0.19 (0.04) 

0.66 (0.03) 

0.15 (0.02) 

 

0.61 (0.01) 

0.39 (0.07) 

<0.01 (0.03) 

 

0 

0.49 (0.06) 

0.51 (0.06) 

 

0.26 (0.05) 

0.63 (0.04) 

0.11 (0.03) 

 

0.25 (0.01) 

0.64 (0.01) 

0.11 (0.01) 

Transition probabilities from age 33 (rows) to age 42 (columns)  

Cluster 1 ‘Risky’ 

Cluster 2 ‘Active Smokers’                   

Cluster 3 ‘Inactive Smokers and Sweet Food’          

Cluster 4 ‘Inactive Smokers and Alcohol’             

Cluster 5 ‘Inactive Smokers and Fried Food’           

Cluster 6 ‘Mainstream’          

0.63 

0a 

0.01 

0a 

0.04 

0a 

0a 

0.65 

0a 

0a 

0a 

0.03 

0.07 

0a 

0.82 

0a 

0.30 

<0.01 

0.24 

0.02 

0.01 

0.93 

0.44 

<0.01 

0a 

0a 

0a 

0a 

0.09 

<0.01 

0.07 

0.33 

0.15 

0.07 

0.13 

0.96 

Note: Cluster prevalence based on estimated model. *=re-labelled. †=Additional cluster (not identified in 5-cluster LTA). Transitions probabilities in bold correspond to staying in 

the same HRB cluster. Measurement invariance assumed over time (i.e. item means and response probabilities restricted to be equal across time). Transition probabilities sum 

to 1.0 (with rounding error) across rows. Superscript a = transitions not estimated in model but instead fixed at 0 in Mplus Version 7. 
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Table 8.4.15: NCDS Men 6 cluster LPA age 33 

NCDS Men age 33 (n=5,586) Cluster 1 

‘Risky’  

n=121 (2.2%)                      

Cluster ‘Active 

smokers’                   

n=685 (12.3%)                

Cluster 3 ‘Moderate 

Smokers’ n=704 

(12.6%)        

Cluster 4 ‘Fried 

Food’                     

n=249 (4.5%)     

Cluster 5†     

n=16 (0.3%) 

Cluster 6 

‘Mainstream’ 

n=3,811 (68.2%)      

Item response probabilities (IRP) 

and standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  34.41 (1.62) 14.49 (1.32) 17.77 (0.55) 21.25 (0.98) 59.49 (2.81) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.20 (0.36) 4.79 (0.47) 3.42 (0.17) 3.10 (0.31) 2.48 (0.56) 4.65 (0.03) 

Frequency of fried food consumption  4.16 (0.20) 3.67 (0.13) 3.78 (0.17) 5.64 (0.50) 4.61 (0.59) 3.37 (0.02) 

Frequency of sweet food consumption  3.71 (0.39) 3.66 (0.17) 5.21 (0.66) 2.68 (0.25) 3.57 (0.70) 4.71 (0.04) 

Item response probabilities (IRP) 

and standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical 
activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.43 (0.08) 
0.27 (0.07) 
0.15 (0.05) 
0.15 (0.05) 

 
0.19 (0.07) 
0.27 (0.04) 
0.28 (0.04) 
0.26 (0.06) 

 
0.54 (0.07) 
0.16 (0.06) 
0.12 (0.04) 
0.17 (0.04) 

 
0.58 (0.06) 
0.11 (0.05) 
0.12 (0.04) 
0.18 (0.05) 

 
0.75 (0.08) 
0.00 (0.55) 
0.12 (0.29) 
0.13 (0.26) 

 
0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 
units men) 
Above limits (≥15 units women, ≥22 
units men) 

 
0.15 (0.06) 
0.29 (0.07) 
0.56 (0.08) 

 
0.09 (0.02) 
0.56 (0.04) 
0.36 (0.04) 

 
0.18 (0.05) 
0.55 (0.04) 
0.26 (0.04) 

 
0.15 (0.05) 
0.24 (0.09) 
0.62 (0.08) 

 
0.45 (0.14) 
0.20 (0.11) 
0.36 (0.14) 

 
0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 5-cluster LPA at age 33). 
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Table 8.4.16: NCDS Men 6 cluster LPA age 42 

NCDS Men age 42 (n=5,529) 
 

Cluster 1 

‘Risky’               

n=151 (2.7%)           

Cluster ‘Active 

Smokers’                   

n=968 (17.8%)                   

Cluster 3  ‘Moderate 

Smokers’ 

n=281 (5.1%)        

Cluster 4 ‘Fried 

Food’                     

n=82 (1.5%)      

Cluster 5†                   

n=10 (0.2%)       

Cluster 6 

‘Mainstream’ 

n=4,038 (73.0%)       

Item response probabilities (IRP) and 

standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  34.90 (1.63) 16.21 (0.30) 17.88 (1.04) 21.74 (1.94) 2.89 (7.48) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.16 (0.21) 4.58 (0.03) 3.39 (0.20) 3.04 (0.26) 7.07 (2.53) 5.27 (0.03) 

Frequency of fried food consumption  3.28 (0.15) 2.80 (0.05) 2.71 (0.17) 6.03 (0.27) 6.94 (1.88) 2.70 (0.02) 

Frequency of sweet food consumption  3.40 (0.33) 3.57 (0.15) 6.39 (0.10) 3.51 (0.36) 6.65 (2.27) 4.51 (0.04) 

Item response probabilities (IRP) and 

standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical 
activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.64 (0.06) 
0.14 (0.04) 
0.10 (0.03) 
0.12 (0.04) 

 
0.41 (0.02) 
0.19 (0.02) 
0.19 (0.02) 
0.21 (0.02) 

 
0.56 (0.06) 
0.12 (0.04) 
0.09 (0.03) 
0.23 (0.05) 

 
0.51 (0.08) 
0.13 (0.05) 
0.09 (0.05) 
0.28 (0.06) 

 
0.38 (1.28) 
0.10 (0.11) 
0.00 (1.94) 
0.52 (0.70) 

 
0.30 (0.01) 
0.21 (0.01) 
0.24 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 
units men) 
Above limits (≥15 units women, ≥22 
units men) 

 
0.15 (0.04) 
0.28 (0.05) 
0.57 (0.06) 

 
0.12 (0.02) 
0.39 (0.02) 
0.48 (0.03) 

 
0.35 (0.06) 
0.43 (0.06) 
0.23 (0.05) 

 
0.11 (0.07) 
0.19 (0.06) 
0.70 (0.08) 

 
0.59 (0.32) 
0.21 (0.32) 
0.20 (0.18) 

 
0.11 (0.01) 
0.54 (0.01) 
0.34 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 5-cluster LPA at age 42).
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Table 8.4.17: NCDS Women 6 cluster LPA age 33 

NCDS Women age 33 (n=5,787) Cluster 1 

‘Risky’  

n=55 (0.9%)                      

Cluster 2 ‘Active 

Smokers’                 

n=952 (16.5%)                

Cluster 3 ‘Moderate 

Smokers’                             

n=467 (8.1%)        

Cluster 4 ‘Fried 

Food and 

alcohol’               

n=76 (1.3%)     

Cluster 5†            

‘sweet food’                    

n=264 (4.6%)      

Cluster 6 

‘Mainstream’    

n=3,973 (68.7%)   

Item response probabilities (IRP) and 

standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  38.40 (3.90) 12.97 (1.10) 17.86 (0.88) 23.00 (2.8) 18.31 (0.84) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.89 (1.30) 5.83 (0.17) 4.00 (0.65) 3.27 (3.12) 3.81 (1.37) 5.79 (0.03) 

Frequency of fried food consumption  3.36 (0.76) 2.62 (0.10) 3.28 (0.26) 6.12 (0.73) 3.63 (2.18) 2.55 (0.02) 

Frequency of sweet food consumption  2.83 (0.72) 4.22 (0.47) 3.38 (0.28) 3.18 (1.43) 6.21 (0.72) 4.85 (0.04) 

Item response probabilities (IRP) and 

standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical 
activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.39 (0.08) 
0.27 (0.10) 
0.19 (0.08) 
0.14 (0.07) 

 
0.21 (0.03) 
0.23 (0.02) 
0.24 (0.04) 
0.33 (0.03) 

 
0.64 (0.13) 
0.17 (0.04) 
0.05 (0.07) 
0.14 (0.06) 

 
0.53 (0.36) 
0.14 (0.15) 
0.12 (0.07) 
0.22 (0.21) 

 
0.57 (0.40) 
0.12 (0.15) 
0.05 (0.06) 
0.26 (0.22) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 
units men) 
Above limits (≥15 units women, ≥22 
units men) 

 
0.24 (0.10) 
0.39 (0.10) 
0.37 (0.09) 

 
0.28 (0.05) 
0.63 (0.03) 
0.09 (0.03) 

 
0.20 (0.07) 
0.60 (0.06) 
0.20 (0.05) 

 
0.17 (0.62) 
0.55 (0.24) 
0.27 (0.41) 

 
0.52 (0.16) 
0.48 (0.16) 
0.00 (0.00) 

 
0.29 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 5-cluster LPA at age 33). 
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Table 8.4.18: NCDS Women 6 cluster LPA age 42 

NCDS Women age 42 (n=5,683) Cluster 1 

‘Risky’               

n=57 (1.0%)           

Cluster 2 ‘Active 

Smokers’                   

n=773 (13.6%)                   

Cluster 3 ‘Moderate 

Smokers and alcohol’               

n=423 (7.4%)        

Cluster ‘Fried 

Food’                    

n=52 (0.9%)      

Cluster 5†               

‘sweet food’                  

n=237 (4.2%)       

Cluster 6 

‘Mainstream’   

n=4,141 (72.9%)       

Item response probabilities (IRP) and 

standard errors (S.E) 

Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  38.78 (1.61) 13.36 (0.04) 17.76 (0.69) 15.92 (0.35) 16.87 (0.81) 0 

Frequency of fruit and vegetable 
consumption

 
 

3.42 (0.34) 5.98 (0.13) 3.89 (0.21) 3.86 (0.61) 4.08 (0.30) 6.35 (0.03) 

Frequency of fried food consumption  2.63 (0.20) 2.18 (0.05) 2.69 (0.15) 5.52 (0.51) 2.03 (0.19) 2.25 (0.02) 

Frequency of sweet food consumption  4.27 (0.48) 3.77 (0.17) 3.03 (0.19) 4.83 (0.83) 6.30 (0.71) 4.47 (0.04) 

Item response probabilities (IRP) and 

standard errors (S.E) 

IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical 
activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.65 (0.07) 
0.07 (0.04) 
0.09 (0.05) 
0.19 (0.06) 

 
0.28 (0.04) 
0.17 (0.02) 
0.24 (0.03) 
0.31 (0.03) 

 
0.65 (0.07) 
0.09 (0.03) 
0.06 (0.03) 
0.20 (0.04) 

 
0.66 (0.11) 
0.08 (0.06) 
0.11 (0.06) 
0.16 (0.08) 

 
0.68 (0.09) 
0.05 (0.03) 
0.02 (0.04) 
0.26 (0.06) 

 
0.31 (0.01) 
0.18 (0.01) 
0.23 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous 
week 
No units 
Within limits (≤14 units women, ≤21 
units men) 
Above limits (≥15 units women, ≥22 
units men) 

 
0.44 (0.08) 
0.31 (0.07) 
0.25 (0.07) 

 
0.25 (0.03) 
0.56 (0.03) 
0.20 (0.03) 

 
0.18 (0.09) 
0.38 (0.05) 
0.44 (0.08) 

 
0.58 (0.12) 
0.25 (0.09) 
0.17 (0.11) 

 
0.59 (0.06) 
0.35 (0.05) 
0.06 (0.04) 

 
0.22 (0.01) 
0.63 (0.01) 
0.15 (0.01) 

Note: Cluster prevalence based on estimated model. †=Additional cluster (not identified in 5-cluster LPA at age 42).                  
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Appendix 8.5  
Estimates from 3-cluster LPA models at ages 33 and 42 

 

The LPA models show that at age 33 and 42 the cluster patterns for women are similar suggesting 

the nature of the HRB clusters is the same at both time points. For men, the cluster patterns are 

similar except the mean number of cigarettes smoked per day at age 33 for members of the ‘Risky’ 

cluster is substantially higher than those at age 42 (age 33 mean=41 cigarettes per day, age 42 

mean=22 cigarettes per day).  This is reflected in the larger cluster prevalence of the ‘Risky’ cluster 

at age 33 in the ‘fixed’ LTA (see tables 8.8 and 8.9 in section 8.3.3.2) when compared to the 

prevalence of the ‘Risky’ cluster at age 33 in the LPA. Imposing measurement invariance in the 

‘fixed’ LTA has reduced the mean number of cigarettes smoked per day in the ‘Risky’ cluster and 

therefore a large proportion of individuals assigned to the ‘Moderate Smokers’ cluster at age 33 in 

the LPA models are assigned to the ‘Risky’ cluster in the ‘fixed’ LTA models who subsequently have 

a high probability of transitioning to the ‘Moderate Smokers’ cluster at age 42.  

The clustered patterns of the ‘fixed’ 3 cluster LTAs are similar to those of the LPAs at age 33 and 

are considered to have good interpretability. The latent transitions make theoretical sense and are 

in line with the literature which suggests that HRBs are relatively stable during mid-age and that as 

people age their HRBs tend to improve. This is demonstrated by the relatively high probability 

(>70%) of remaining in the ‘Moderate Smokers’ and ‘Mainstream’ cluster for men and women as 

well as the ‘Risky’ cluster for women. However, amongst those who do move they tend to 

transition to clusters characterised by HRBs that are more beneficial for health.  
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Table 8.5.1 Estimates from 3-cluster LPA model age 33 in the NCDS (men) 

NCDS Men Total N=5,586 Cluster 1 ‘Risky’            

n=96 (1.7%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,679 (30.1%) 

Cluster 3 ‘Mainstream’         

n=3,811 (68.2%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  40.84 (3.67) 17.22 (0.31) 0 

Frequency of fruit and vegetable consumption
 
 2.61 (0.37) 3.95 (0.05) 4.64 (0.03) 

Frequency of fried food consumption  4.73 (0.45) 3.99 (0.05) 3.36 (0.02) 

Frequency of sweet food consumption  3.58 (0.45) 4.18 (0.06) 4.71 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.61 (0.07) 
0.12 (0.05) 
0.14 (0.04) 
0.13 (0.04) 

 
0.39 (0.01) 
0.21 (0.01) 
0.19 (0.01) 
0.21 (0.01) 

 
 0.28 (0.01) 
0.21 (0.01) 
0.25 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.26 (0.08) 
0.23 (0.06) 
0.51 (0.08) 

 
0.14 (0.01) 
0.50 (0.01) 
0.36 (0.01) 

 
 0.13 (0.01) 
0.63 (0.01) 
0.24 (0.01) 

Note: Cluster prevalence based on estimated model. 

Table 8.5.2 Estimates from 3-cluster LPA model age 42 in the NCDS (men) 

NCDS Men Total N=5,529 Cluster 1 ‘Risky’            

n=93 (1.7%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,395 (25.2%) 

Cluster 3 ‘Mainstream’         

n=4,041 (73.1%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  22.01 (3.32) 18.43 (0.31) 0 

Frequency of fruit and vegetable consumption
 
 3.26 (0.32) 4.20 (0.06) 5.28 (0.03) 

Frequency of fried food consumption  6.05 (0.42) 2.82 (0.04) 2.70 (0.02) 

Frequency of sweet food consumption  3.75 (0.36) 4.12 (0.07) 4.51 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.52 (0.07) 
0.12 (0.05) 
0.08 (0.05) 
0.27 (0.06) 

 
0.47 (0.01) 
0.17 (0.01) 
0.16 (0.01) 
0.21 (0.01) 

 
 0.30 (0.01) 
0.21 (0.01) 
0.24 (0.01) 
0.26 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.13 (0.05) 
0.19 (0.07) 
0.68 (0.07) 

 
0.17 (0.01) 
0.39 (0.01) 
0.44 (0.01) 

 
 0.11 (0.01) 
0.54 (0.01) 
0.34 (0.01) 

Note: Cluster prevalence based on estimated model. 
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Table 8.5.3 Estimates from 3-cluster LPA model age 33 in the NCDS (women) 

NCDS Women Total N=5,787  Cluster 1 ‘Risky’            

n=561 (9.7%) 

Cluster 2 ‘Moderate Smokers’               

n=1,254 (21.7%) 

Cluster 3 ‘Mainstream’         

n=3,972 (68.6%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  20.96 (0.96) 14.07 (0.31) 0 

Frequency of fruit and vegetable consumption
 
 3.39 (0.15) 5.57 (0.14) 5.79 (0.03) 

Frequency of fried food consumption  4.02 (0.15) 2.69 (0.07) 2.55 (0.02) 

Frequency of sweet food consumption  3.76 (0.24) 4.40 (0.10) 4.85 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.62 (0.03) 
0.17 (0.02) 
0.07 (0.02) 
0.15 (0.02) 

 
0.29 (0.03) 
0.21 (0.01) 
0.20 (0.02) 
0.31 (0.02) 

 
0.27 (0.01) 
0.24 (0.01) 
0.21 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.27 (0.03) 
0.54 (0.03) 
0.19 (0.03) 

 
0.30 (0.02) 
0.61 (0.02) 
0.09 (0.01) 

 
0.29 (0.01) 
0.65 (0.01) 
0.07 (0.01) 

Note: Cluster prevalence based on estimated model. 

Table 8.5.4 Estimates from 3-cluster LPA model age 42 in the NCDS (women) 

NCDS Women Total N=5,683 Cluster 1 ‘Risky’            

n=252 (4.4%) 

Cluster 2 ‘Moderate Smokers’                  

n=1,284 (22.6%) 

Cluster 3 ‘Mainstream’         

n=4,146 (73.0%) 

Item estimated means and standard errors (S.E) Mean (S.E) Mean (S.E) Mean (S.E) 

Number of cigarettes smoked per day
  23.33 (1.74) 14.77 (0.06) 0 

Frequency of fruit and vegetable consumption
 
 3.09 (0.16) 5.31 (0.19) 6.35 (0.03) 

Frequency of fried food consumption  3.51 (0.54) 2.20 (0.05) 2.26 (0.02) 

Frequency of sweet food consumption  4.35 (0.61) 3.94 (0.11) 4.47 (0.04) 

Item response probabilities (IRP) and standard errors (S.E) IRP (S.E) IRP (S.E) IRP (S.E) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
0.75 (0.04) 
0.07 (0.03) 
0.04 (0.02) 
0.15 (0.03) 

 
0.41 (0.04) 
0.13 (0.01) 
0.17 (0.02) 
0.29 (0.02) 

 
0.31 (0.01) 
0.18 (0.01) 
0.23 (0.01) 
0.28 (0.01) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
0.39 (0.07) 
0.30 (0.04) 
0.30 (0.07) 

 
0.28 (0.02) 
0.49 (0.02) 
0.23 (0.02) 

 
 0.22 (0.01) 
0.63 (0.01) 
0.15 (0.01) 

Note: Cluster prevalence based on estimated model. 
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Appendix 8.6 

Analysis of differences in individual HRBs for those who moved HRB cluster between ages 33 and 42 in 

comparison to those who remained in the same HRB cluster over time. 

 

Tables 8.6.1 to 8.6.3 show how individual HRBs differed for those that moved HRB clusters between ages 33 

and 42 compared to those who did not move. Not surprisingly, differences for individual HRBs at age 42 were 

found when comparing those that stayed in the same HRB cluster over time compared to those that moved. 

For example, for men and women the proportion undertaking physical activity ≤3 times per week was 

significantly higher at age 42 for those who moved from the ‘Risky’ cluster to either the ‘Moderate Smokers’ or 

‘Mainstream’ cluster in comparison to those who stayed in the ‘Risky’ cluster between ages 33 and 42 

(men=58.0% vs 33.3%; women=73.4% vs 39.5%, p≤0.05). 

Interestingly, tables 8.6.1 to 8.6.3 also show differences for some individual HRBs at age 33 when comparing 

those that stayed in the same HRB cluster over time with those that moved. This suggests that differentials 

exist for some individual HRBs amongst participants assigned to the same HRB cluster at age 33 and that these 

differences may to some extent predict whether they remain in the same HRB cluster over time.  

For example, amongst men assigned to the ‘Risky’ cluster at age 33, those who moved from the ‘Risky’ cluster 

smoked significantly fewer cigarettes than those who stayed in the ‘Risky’ cluster (23.6 vs 20.5, p≤0.05). 

Moreover, the proportion drinking above recommended limits was significantly higher for men who stayed in 

the ‘Risky’ cluster compared to those who moved (50.0% vs 39.4%, p≤0.05). A similar result was found for 

alcohol consumption amongst women (18.2% vs 11.6%), although this was not statistically significant (p>0.05). 

For men and women, the frequency of fried food consumption at age 33 in the ‘Risky’ cluster was higher 

amongst movers than stayers (men=5.4 vs 5.8; women 4.2 vs 4.6, p≤0.05).These results imply that patterns of 

smoking, alcohol consumption and fried food consumption may to some extent differentiate those who persist 

with ‘Risky’ HRBs during mid-life from those that move to a HRB cluster characterised by more positive HRBs.  

Unlike movers vs stayers in the ‘Risky’ cluster, the number of cigarettes smoked per day was the only 

significant difference between those who moved from the ‘Moderate Smokers’ to the ‘Mainstream’ cluster 

compared to those who remained in the ‘Moderate Smokers’ cluster at age 33 (men=16.5 vs 14.6; women 14.0 

vs 12.1, p≤0.05). This suggests smoking differentiates individuals at age 33 in the ‘Moderate Smokers’ whose 

HRB cluster membership changes in a positive direction from those whose HRBs remain the same. 

In contrast, those who moved from the ‘Mainstream’ to the ‘Moderate Smokers’ cluster differed not only in 

relation to smoking at age 33 but also in terms of their frequency of fried food consumption (men=3.5 vs 3.7; 

women=2.5 vs 2.8, p≤0.05) and the proportion consuming alcohol consumption above recommended limits 

(men=23.2% vs 32.1%, women=6.3% vs 12.9%, p≤0.05). This suggests that differences at age 33 in relation to 

alcohol consumption and fried food consumption may to some extent predict movement from the 

‘Mainstream’ to the ‘Moderate Smokers’ cluster.  
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Table 8.6.1 Estimates comparing those who stayed in the ‘Risky’ cluster and those that moved. 

HRB cluster indicator variables Men NCDS 
Stable in Risky  
N=590 (85.6%)           

Men NCDS 
Risky to Moderate 

Smokers or Mainstream 
N=99 (14.4%)  

Women NCDS 
Stable in Risky 
N=560 (86.7%)            

Women NCDS 
Risky to Moderate 

Smokers or Mainstream 
N=86 (13.3%)  

Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 

Number of cigarettes smoked per day 23.6 (10.5)* 24.5 (9.6)* 20.5 (9.0)* 2.1 (5.5)* 21.8 (8.3) 21.8 (7.5)* 22.0 (7.2) 9.4 (8.7)* 

Frequency of fruit and vegetable consumption 2.8 (1.9) 2.8 (1.7)* 2.8 (1.8) 4.2 (2.3)* 3.3 (1.8) 3.1 (1.6)* 3.4 (1.8) 5.6 (2.0)* 

Frequency of fried food consumption 5.4 (1.4)* 3.6 (1.5)* 5.8 (1.2)* 3.0 (1.2)* 4.2 (1.5)* 3.1 (1.2)* 4.6 (1.4)* 2.2 (1.1)* 

Frequency of sweet food consumption 3.4 (2.3) 3.3 (2.2)* 3.5 (2.3) 3.8 (2.3)* 4.1 (2.5) 4.0 (2.5) 4.1 (2.3) 3.9 (2.1) 

Smoking status 
Smoker 
Non-smoker 

 
504 (99.4%) 

3 (0.6%) 

 
449 (100%)* 

0 

 
99 (100%) 

0 

 
82 (82.2%)* 
17 (17.2%) 

 
493 (99.6%) 

2 (0.4%) 

 
447 (100%)* 

0 

 
86 (100%) 

0 

 
53 (61.6%)* 
33 (38.4%) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
257 (50.8%) 
96 (19.0%) 
17 (14.0%) 
82 (16.2%) 

 
261 (58.0%)* 
63 (14.0%) 
46 (10.2%) 
80 (17.8%) 

 
51 (51.5%) 
18 (18.2%) 
16 (16.2%) 
14 (14.1%) 

 
33 (33.3%)* 
25 (25.3%) 
19 (19.2%) 
22 (22.2%) 

 
292 (59.2%) 
84 (17.0%) 
42 (8.5%) 
75 (15.2%) 

 
328 (73.4%)* 

34 (7.6%) 
21 (4.7%) 
64 (14.3%) 

 
58 (67.2%) 
14 (16.3%) 
2 (2.3%) 

12 (14.0%) 

 
34 (39.5%)* 
12 (14.0%) 
12 (14.0%) 
28 (32.6%) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
75 (14.8%)* 
179 (35.3%) 
253 (50.0%) 

 
68 (15.2%)* 
123 (27.5%) 
257 (57.4%) 

 
9 (9.1%)* 

51 (51.6%) 
39 (39.4%) 

 
16 (16.2%)* 
40 (40.4%) 
43 (43.4%) 

 
141 (28.5%) 
264 (53.3%) 
90 (18.2%) 

 
137 (30.8%) 
166 (37.3%) 
142 (31.9%) 

 
32 (37.2%) 
44 (51.2%) 
10 (11.6%) 

 
37 (43.0%) 
30 (34.9%) 
19 (22.1%) 

Note: Participants assigned to their most likely HRB cluster, mean (sd) or n (%), *p≤0.05 (test for difference in HRBs across the three transition groups at each age 

using t-test or chi-squared). 
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Table 8.6.2 Estimates comparing those who stayed in the ‘Moderate Smokers’ cluster and those that moved. 

HRB cluster indicator variables Men NCDS 
Stable in Moderate Smokers 

N=1,125 (82.4%) 

Men NCDS 
Moderate Smokers to 

Mainstream          
N=240 (17.6%)              

Women NCDS 
Stable in Moderate Smokers 

N=1,116 (81.2%)            

Women NCDS 
Moderate Smokers to 

Mainstream  
N=259 (18.8%)                      

Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 

Number of cigarettes smoked per day 16.5 (7.9)* 16.6 (7.3)* 14.6 (8.8)* 0* 14.0 (6.7)* 14.2 (6.2)* 12.1 (7.0)* 0* 

Frequency of fruit and vegetable consumption 4.4 (1.9) 4.8 (2.0)* 4.5 (2.0) 5.4 (2.1)* 5.7 (1.8) 5.8 (1.9)* 5.5 (1.9) 6.4 (2.2)* 

Frequency of fried food consumption 3.3 (1.2) 2.7 (1.0) 3.3 (1.2) 2.7 (1.0) 2.5 (1.3) 2.1 (0.9) 2.6 (1.3) 2.2 (0.9) 

Frequency of sweet food consumption 4.5 (2.4) 4.5 (2.4) 4.6 (2.1) 4.3 (2.1) 4.3 (2.4) 4.0 (2.4) 4.3 (2.4) 4.3 (2.3) 

Smoking status 
Smoker 
Non-smoker 

 
921 (99.9%) 

1 (0.1%) 

 
913 (100%)* 

0 

 
240 (100%) 

0 

 
4 (1.7%)* 

236 (98.3%) 

 
969 (100%) 

0 

 
960 (100%)* 

0 

 
259 (100%) 

0 

 
0* 

259 (100%) 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
327 (35.5%) 
195 (21.2%) 
189 (20.5%) 
209 (22.7%) 

 
378 (41.4%) 
156 (17.1%) 
166 (18.2%) 
213 (23.3%) 

 
80 (33.5%) 
48 (20.1%) 
54 (22.6%) 
57 (23.9%) 

 
83 (34.6%) 
45 (18.8%) 
42 (17.5%) 
70 (29.2%) 

 
264 (27.4%) 
200 (20.7%) 
189 (20.6%) 
312 (32.3%) 

 
334 (34.8%) 
143 (14.9%) 
189 (19.7%) 
294 (30.6%) 

 
85 (33.1%) 
56 (21.8%) 
48 (18.7%) 
68 (26.5%) 

 
91 (35.1%) 
43 (16.6%) 
45 (17.4%) 
80 (30.9%) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
124 (13.5%) 
507 (55.0%) 
291 (31.6%) 

 
169 (18.6%)* 
372 (40.9%) 
368 (40.5%) 

 
42 (17.5%) 

128 (53.3%) 
70 (29.2%) 

 
34 (14.2%)* 
120 (50.0%) 
86 (35.8%) 

 
281 (29.0%) 
592 (61.1%) 
96 (9.9%) 

 
260 (27.2%) 
506 (52.9%) 
191 (20.0%) 

 
69 (26.6%) 

169 (65.3%) 
21 (8.1%) 

 
62 (23.9%) 

153 (59.1%) 
44 (17.0%) 

Note: Participants assigned to their most likely HRB cluster, mean (sd) or n (%), *p≤0.05 (test for difference in HRBs across the three transition groups at each age 

using t-test or chi-squared). 
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Table 8.6.3 Estimates comparing those who stayed in the ‘Mainstream’ cluster and those that moved. 

HRB cluster indicator variables Men NCDS 
Stable in Mainstream 

N=4,205 (96.8%)            

Men NCDS 
Mainstream to Moderate 

Smokers 
N=137 (3.2%) 

Women NCDS 
Stable in Mainstream 

N=4,235 (97.0%)            

Women NCDS 
Mainstream to Moderate 
Smokers N=132 (3.0%) 

Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 Age 33 Age 42 

Number of cigarettes smoked per day 0 0* 0 14.3 (8.4)* 0 0* 0 11.4 (6.5)* 

Frequency of fruit and vegetable consumption 4.7 (1.9)* 5.3 (2.0)* 4.3 (2.0)* 4.4 (2.1)* 5.8 (1.8) 6.4 (2.1)* 5.8 (1.9) 5.4 (2.1)* 

Frequency of fried food consumption 3.4 (1.5)* 2.7 (1.0) 3.7 (1.4)* 2.7 (1.1) 2.5 (1.4)* 2.3 (0.9) 2.8 (1.4)* 2.4 (1.0) 

Frequency of sweet food consumption 4.7 (2.2) 4.5 (2.2) 4.7 (2.3) 4.3 (2.5) 4.9 (2.3) 4.5 (2.2) 4.6 (2.3) 4.3 (2.2) 

Smoking status 
Smoker 
Non-smoker 

 
89 (2.4%)* 

3,579 (97.6%) 

 
153 (4.2%)* 

3,537 (95.8%) 

 
7 (5.1%)* 

130 (94.9%) 

 
137 (100%)* 

0 

 
82 (2.1%)* 

3,757 (97.9%) 

 
116 (3.0%)* 

3,683 (97.0%) 

 
10 (7.6%)* 

122 (92.4%) 

 
132 (100%)* 

0 

Frequency of leisure-time physical activity 
≤3 times a month 
Once a week 
2–3 days a week 
4–7 days a week 

 
1,018 (27.8%) 
774 (21.1%) 
933 (25.5%) 
936 (25.6%) 

 
1,083 (29.4%)* 

765 (20.7%) 
887 (24.1%) 
953 (25.8%) 

 
40 (29.4%) 
35 (25.7%) 
29 (21.3%) 
32 (23.5%) 

 
57 (41.6%)* 
26 (19.0%) 
33 (24.1%) 
21 (15.3%) 

 
1,037 (27.2%) 
936 (24.5%) 
805 (21.1%) 

1,039 (27.2%)  

 
1,145 

(30.2%)* 
692 (18.2%) 
896 (23.6%) 
1,064 28.0%) 

 
39 (29.6%) 
24 (18.2%) 
24 (18.2%) 
45 (34.1%) 

 
50 (37.9%)* 
18 (13.6%) 
21 (15.9%) 
43 (32.6%) 

Alcohol units consumed in the previous week 
No units 
Within limits (≤14 units women, ≤21 units men) 
Above limits (≥15 units women, ≥22 units men) 

 
487 (13.2%)* 
2,339 (63.6%) 
852 (23.2%) 

 
412 (11.2%) 

2,023 (54.9%) 
1,250 (33.9%) 

 
17 (12.4%)* 
76 (55.5%) 
44 (32.1%) 

 
13 (9.5%) 
68 (49.6%) 
56 (40.9%) 

 
1,099 (28.6%)* 
2,504 (65.2%) 

240 (6.3%) 

 
821 (21.6%)* 
2,401 (63.2%) 
576 (15.2%) 

 
48 (36.4%)* 
67 (50.8%) 
17 (12.9%) 

 
36 (27.5%)* 
60 (45.8%) 
35 (26.7%) 

Note: Participants assigned to their most likely HRB cluster, mean (sd) or n (%), *p≤0.05 (test for difference in HRBs across the two transition groups at each age using t-test or 

chi-squared).  
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