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Abstract 

Previous studies often assume a pre-specified relationship between walking and the built environment. 

Using data from 702 older adults in Nanjing (China), this study employs a random forest method to 

scrutinise the refined associations between the built environment and walking time among older adults, 

while controlling for socio-demographics. Results show that all the analysed built environment attributes 

tend to impose salient non-linear and threshold effects on walking time. For example, population density 

and land use mix only increase older adults’ walking at certain levels. Ultra-densely populated areas and 

excessively mixed land uses may even lead to a decline in walking. Built environment interventions would 

consequently only be effective in certain ranges. By quantifying the relative importance of built 

environment attributes, we further indicate the hierarchy of intervention priorities. These results offer 

nuanced and appropriate guidance for building age-friendly neighbourhoods. 
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1. Introduction 

Improved life expectancy over the past decades along with sustained low fertility is causing a remarkable 

shift in the distribution of population towards older ages in most regions of the world. According to the 

United Nations, older adults (65 years or above) consisted of 9% – 703 million – of the world population 

at the end of 2019. This share is projected to rise to 12% in 2030 and 16% in 2050 (United Nations, 2019). 

The increasingly ageing society has therefore highlighted the need for interventions which improve quality 

of life for older adults. Active travel, in particular walking, has been attracting policy attention as an 

important instrument to support health and wellbeing (Curl and Mason, 2019; Forsyth et al., 2007; 

Humphreys et al., 2013). Walking benefits active lifestyles and contributes to the functional capacity via 

the physical activity performed while moving. Since older adults are recommended to engage in at least 

150 minutes of moderate physical activity per week in order to reduce the risk of non-communicable 

diseases (World Health Organisation, 2010), walking can be a good way for elderly people to stay healthy 

(Moniruzzaman et al., 2014). In addition, as a form of mobility, walking helps to access 

destinations/services and social engagement, which fosters a sense of independence, self-efficacy and 

wellbeing (Nordbakke and Schwanen, 2014). 

 

Many studies have analysed the association between the built environment and walking among older 

adults. Higher exposure to well-designed urban environments – e.g. compact and mixed-use areas, parks 

and greenspaces, dedicated pedestrian infrastructure – increases the propensity to walk more (Cao et al., 

2010; Cerin et al., 2014, 2017; Kemperman and Timmermans, 2009; Lee and Dean, 2018). However, 

despite a growing interest, most studies tend to involve a priori assumed relationships between the built 

environment and walking, with the application of statistical regression models (e.g. negative binomial 

regression (Cao et al., 2010), logistic regression (Barnes et al., 2016), joint discrete-continuous model 

(Moniruzzaman and Páez, 2016), and structural equation models (Leung et al., 2018)). In fact, their 

relationship may exist in a complicated non-linear manner. A recent review study indicates that in an ultra-

dense city (e.g. Hong Kong), increasing residential density (beyond a certain threshold) may reduce walking 

frequency due to lower proximity to services and destinations, resulting in possible chaining of multiple 

trips in a single journey (Cerin et al., 2014). 

 

Theoretically, two mechanisms may lead to the non-linear and threshold effects of the built environment 

on travel behaviour. The first relates to the peer effect (Walker et al., 2011) or collective socialisation 

(Galster, 2018) developed among travellers in a community. For density-related attributes, e.g. population 

density and residential density, only reaching some critical mass by a group could be effective in 

influencing others’ travel behaviour (via imposing peer pressure). The second one refers to the effect of 

travel utility. Mokhtarian and Salomon (2001) noted that travel itself has a positive utility (e.g. movement 

control, a sense of speed, and enjoyment of scenery en-route) and may be desired for its own sake. As a 

result, a certain level of travel could be retained and these trips are difficult to be replaced by built 

environment interventions. Holden and Norland (2005) and Næ ss (2006) also observed a minimum level 

of travel with the compensatory hypothesis that reduced travel in compact areas will be compensated for 

by infrequent longer travel at other times. Against this backdrop, it is important to perform fine-grained 

analyses of the link between travel and the built environment to gain better insights into the optimal built 

environment profiles for effectively supporting elderly’s walking. Overlooking the non-linear relationship 

may lead to ineffective and even erroneous policy interventions (Ding et al., 2018; Tao et al., 2020). 
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Therefore, this study aims to disentangle the potential non-linearity of built environment effects on 

walking among older adults. 

 

The present study contributes twofold to the literature. Empirically, it enriches the understanding of built 

environment-travel connections by examining non-linear and threshold effects between the built 

environment and older adults’ walking. By revealing the refined relationships, we offer nuanced 

implications for appropriate environmental interventions and the efficient extent of policy initiatives to 

encourage walking among older people. Methodologically, the random forest method, a non-parametric 

approach, is adopted to capture complicated relationships of walking time with explanatory variables. It is 

proven to be more effective in revealing non-linear relationships compared to a conventional linear 

regression model with transformed independent variables. 

 

This paper is structured into six sections. Section 2 reviews the literature on the built environment effects 

on elderly’s walking and the non-linear relationships between travel and the built environment. This is 

followed by Section 3 where the collected data and some descriptive statistics are presented. Section 4 

introduces the random forest method. Section 5 details research findings while Section 6 summarises the 

key results and discusses implications for planning practices.  

 

 

2. Literature review 

2.1. Built environment and walking among older adults 

Walking is the most common form of physical activity for older adults, with substantiated benefits for 

health and wellbeing (Frank et al., 2010). The importance of the built environment in affecting walking 

among older people has been well documented in the literature (Gómez et al., 2010; Kemperman and 

Timmermans, 2009; Li et al., 2005; Nagel et al., 2008; Perchoux et al., 2019; van Cauwenberg et al., 2013). 

A meta-analysis shows a clear positive association between walking and various environmental elements, 

including the degree of urbanisation, residential density, land use diversity, street connectivity, pedestrian 

infrastructure, neighbourhood aesthetics and order, and access to services and destinations (e.g. public 

transport, parks/open spaces, and shops/commercial destinations) (Cerin et al., 2017).  

 

Neighbourhood-level population density is the most frequently analysed land use attribute in these studies 

and is found to increase the likelihood of choosing walking for transport (Böcker et al., 2017; Liao et al., 

2018; Moniruzzaman et al., 2013). A higher level of land use mix is also shown to positively correlate with 

the propensity of older adults’ walking in Canada (Moniruzzaman et al., 2013), the Netherlands (Böcker et 

al., 2017), and China (Leung et al., 2018). Hou (2019) analysed the influence of access to culture amenities 

(i.e. places of worship) on walking trips among seniors, revealing a positive association. There is evidence 

that older adults increase walking frequency and durations if their homes are nearby recreational 

amenities, e.g. park, square or greenspace (Cheng et al., 2019b; Leung et al., 2018). Infrastructure 

stimulating walking may comprise the presence of street lighting, walkway continuity, slip-resistant 

pavement, pedestrian crossing and signal, and protections from traffic with curb/barriers (Leung et al., 

2018; Moniruzzaman and Páez, 2016). In addition, various built environment factors influencing older 

adults’ walking may interact with each other, rather than exerting independent effects. For instance, 

walkability, a composite index, derived from multiple attributes including land use mix, residential density 
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and street connectivity is found to be a decisive predictor (Frank et al., 2010; Lee and Dean, 2018; 

Ramezani et al., 2019). 

 

Ghani et al. (2018) and Cheng et al. (2019c) argue that the built environment has a stronger effect on older 

adults’ walking than on walking of younger people. This is partly because of shrinking activity spaces of 

older people – resulting from the decline of physical capabilities – making them spend more time in their 

neighbourhoods (Mercado and Páez, 2009). Another possible reason is that older adults have a different 

perception of the built environment than the younger population (Haselwandter et al., 2015). They are 

more susceptible to certain environmental attributes as a result of the increased prevalence of physical 

and cognitive constraints (van Cauwenberg et al., 2013; Yang et al., 2018), e.g. absence of crosswalks or 

poorly maintained footpaths may prevent them from walking. As a consequence, a special focus on the 

built environment enhancement is essential to support walking among older people. 

 

 

2.2. Non-linear relationships of travel and the built environment 

Several recent studies have detected the non-linear and threshold relationships of travel and the built 

environment (Ding et al., 2018, 2019; Gan et al., 2020; Lewis, 2018; Tao et al., 2020), although a predefined 

functional form of the relationship is often assumed in the empirical research. Non-linearity suggests that 

the marginal effect of an explanatory variable on the outcome is dependent on the value of that variable 

(Galster, 2018). A threshold effect is a particular type of a non-linear relationship where the magnitude of 

impact changes – either increases or decreases – notably past a cut-off point. A built environment attribute 

may not have equivalent effects across the whole range of that attribute and thus finding the appropriate 

range would be cost-effective (van Wee and Handy, 2016).  

 

The strong non-linearity of built environment effects on driving distance was observed in an empirical 

study of Oslo, Norway (Ding et al., 2018). The identified effective ranges of distance to the city centre and 

population density for reducing driving on weekdays are 0-20 km and 0-3000 persons/km2. Beyond these 

intervals, their marginal effects become trivial. Ding et al. (2019) substantiated a threshold effect of access 

to public transport on ridership using Metrorail data collected in the Washington Metropolitan Area. In 

the analysis, population density, employment density, land use mix, intersection density, and distance 

from CBD also show threshold effects on public transport ridership. Their effects get saturated when 

certain points are reached. With data from the Minneapolis and St. Paul Metropolitan Area, Tao et al. 

(2020) explored the non-linear connections between spatial attributes and walking distance to public 

transport. They found that walking distance stays relatively stable when job and household entropy – a 

measure of land use diversity – is in the interval of 0 to 0.7, and increases remarkably when the entropy 

rises from 0.7 to 1.0. Consequently, highly diversified land use (entropy reaches at least 0.7) around public 

transport stops is important to enlarge catchment areas of public transport services. 

 

The non-linear effects of the built environment on elderly’s walking have been implied by Cerin et al. 

(2014). They found that additional residential density in highly compact areas would not increase – but 

even decrease – the odds of walking among older adults. Through a dichotomous variable of street 

connectivity, Perchoux et al. (2019) observed that street connectivity with a value lower than eight 

intersections in a 30-metre buffer was positively associated with the probability of walking in Luxembourg, 

while a negative relationship was found above eight intersections. Their study acknowledges the 
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complexity of built environment effects on elderly’s walking and suggests the potential benefits of 

exploring threshold effects to inform more effective environmental interventions. Particularly, 

understanding how the built environment affects the overall relationship provides critical knowledge 

concerning the success of walking-supportive neighbourhood improvements. However, relevant 

exploration of the non-linear associations between the built environment and walking among older adults 

is rather limited. 

 

 

3. Data 

To reveal the non-linear relationships between the built environment and walking among older adults, this 

study investigates their daily walking time – the total amount of time spent walking on the reference travel 

day – based on the 2013 Nanjing Household Travel Survey.1 Nanjing, the capital of Jiangsu Province in 

China, is an interesting case study as walking constitutes a dominant share (61%) of elderly’s travel. The 

proportion of older adults has been rapidly increasing in Nanjing. In 2006, 13% of residents were aged 60 

or older and the percentage increased to 21% with a population of 1.31 million in 2017 (Nanjing Municipal 

Bureau Statistics, 2018). According to the projection, the proportion will exceed 30% in 2030. The main 

city area of Nanjing is partitioned into 49 sub-districts, which are the basic territorial units for urban 

governance and administration. 

 

The survey was conducted by the Nanjing Transport Bureau every three to five years to establish snapshots 

of residents’ travel patterns in one day. The home interview survey using structured questionnaires 

collected travel information, including trip origin and destination, start and end times, purpose, mode 

choice, as well as socio-demographics of households and individuals. Travel diaries during a designated 

24-hour period on a typical day – i.e. October 30th 2013, Wednesday – were obtained. Individuals were 

randomly selected from each of the 49 sub-districts according to their population; a sub-district with a 

higher population was targeted with a larger sample size. To seek the representativeness of the sample, 

people residing in each stratum were contacted via computer-aided random-digit-dialling phone calls. 

These recruitment calls were made by the staff members of sub-district offices on October 28th and 29th, 

2013. 5,562 residents were contacted, of which 5,172 provided complete answers. Since this study focuses 

on older people, only respondents who are aged 60 years or above are included for further analysis. A 

resulting sample size of 702 respondents consists of 376 men and 326 women.  

 

The profile of the sample is summarised in Table 1. A high proportion (48%) of the respondents was in the 

medium-income households (a family annual income of RMB 50,000 – 150,000), while only 22% belonged 

to the high-income households (RMB 150,000 or more). The majority (64%) had no access to a car, while 

71% indicated to own bicycles in their households. Only around one-eighth of the respondents completed 

higher education (bachelor degree or above). Holding a driving license was not common (less than one in 

ten of those interviewed). More than 80% of the respondents had a public transport pass to enjoy travel 

concessions (i.e. at a reduced price). In regard to their travel behaviour, we calculated the daily walking 

time. The mean and standard deviation were 40.2 minutes and 49.7.  

                                                           
1 The built environment simultaneously affects different facets of walking behaviour, including walking frequency, 
distance, and time. Given that walking time is a more useful indicator representing the intensity of physical activity 
for older adults (WHO, 2010), our study emphasises on the built environment effects on walking time. 
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Table 1. Profile of the respondents and the built environment data 

 Variable Description Mean SD 

Travel behaviour Walking time Total amount of time for walking trips (min) 40.2 49.7 

Socio-
demographics 

Household income High annual household income (> 150,000 RMB) 
(0: no; 1: yes) 

0.22 0.47 

 Medium annual household income (50,000–
150,000 RMB) (0: no; 1: yes) 

0.48 0.49 

 Low annual household income (< 50,000 RMB) (0: 
no; 1: yes) 

0.30 0.46 

Car ownership Car ownership in the household (0: no; 1: yes) 0.36 0.48 
Bicycle ownership Bicycle ownership in the household (0: no; 1: yes) 0.71 0.45 
Gender Male = 1, female = 0 0.54 0.50 
Education level Highly educated respondent (0: no; 1: yes) 0.13 0.34 
 Medium educated respondent (0: no; 1: yes) 0.41 0.49 
 Low educated respondent (0: no; 1: yes) 0.46 0.50 
Driving license holding Whether the respondent holds a driving license (0: 

no; 1: yes) 
0.09 0.28 

Public transport pass 
availability 

Whether the respondent has public transport pass 
to enjoy travel concession (0: no; 1: yes)  

0.86 0.35 

Built 
environment 

Population density Total number of residential population/Total built-
up area in a buffer zone (persons/1000m2) 

10.75 12.37 

Land use mix Land use diversity index measured by equation (1) 0.61 0.14 
Street connectivity Total length of sidewalks/Total built-up area in a 

buffer zone (km/km2) 
3.72 4.36 

Number of bus stops Number of bus stops in a buffer zone 5.02 2.84 
Number of bike-sharing 
stations  

Number of bike-sharing stations  in a buffer zone 4.03 2.89 

Distance to the nearest 
square/park 

Distance to the nearest square/park in a 
neighbourhood vicinity (km) 

1.50 0.83 

Distance to the nearest 
card/chess room 

Distance to the nearest card/chess room in a 
neighbourhood vicinity (km) 

0.61 0.48 

Note: SD = standard deviation. 

 

 

Data for measuring the built environment was sourced from the Nanjing Urban GIS Database. Exposure to 

the neighbourhood environment is assessed within a 500-metre buffer zone (Cerin et al., 2017) around 

the residence of respondents.2 Based on a review of relevant studies (e.g. Cheng et al., 2019b; Gómez et 

al., 2010; Leung et al., 2018; Liu et al., 2020; Perchoux et al., 2019), seven variables which can be 

considered to have important impacts on the time older adults spent walking are included in the analysis. 

They are: (1) population density; (2) land use mix, this measure considers five types of land use: residential, 

commercial, educational, entertainment and public services. It is calculated as: 

𝐻 = −(∑ 𝑝𝑖 ∗ 𝑙𝑛(𝑝𝑖)
𝑛
𝑖=1 )/𝑙𝑛(𝑛)                                                                                                                             (1) 

where H represents the land use mix score (ranging from 0 (complete dominance of one type of land use) 

to 1 (all types of land use are equally distributed)), 𝑝𝑖  is the proportion of the 𝑖th land use, and 𝑛 is the 

number of land use types; (3) street connectivity – a measure of walkability – is computed as the density 

                                                           
2 Neighbourhood environmental attributes within 500-m from the place of residence appear to be strong predictors 
of physical activity (including active travel) for older adults (Cerin et al., 2017). 
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of sidewalks (Hou, 2019); (4) number of bus stops; (5) number of bike-sharing stations; (6) distance to the 

nearest square/park; and (7) distance to the nearest card/chess room. Distances are calculated based on 

the shortest route along the street network. Table 1 presents the descriptive statistics of built environment 

characteristics. 
 

 

4. Methodology 

This study applies a random forest method to disentangle the complex relationships between the built 

environment and walking among older adults. Rather than a priori assuming a particular relationship which 

is fitted to the data, the random forest method – a data mining approach – explores more refined 

associations between the outcome and explanatory variables. It is a tree-based ensemble approach, 

combining multiple individual decision trees to optimise model fit and prediction (Breiman, 2001). The 

objective is to minimise a loss function and approximate the true value by recursively assessing prediction 

errors until the loss function reaches a minimum or remains stable. A decision tree is the basic algorithm 

for the random forest method, whose work process is illustrated in Figure 1. Two treatments of 

randomness are incorporated to ensure the diversity of decision trees. First, bootstrapping the training 

data so that each tree grows with a different sub-sample. Second, selecting feature randomly to result in 

different subsets of explanatory variables for splitting nodes in a tree. In an individual decision tree, 

splitting continues until a maximum tree depth is reached. A single prediction is made based on the mean 

response of each region. The final result is obtained by averaging the predictions from all individual trees. 

 

 

 

Figure 1. An illustration of the random forest method (Source: Cheng et al. (2019a)) 
 
 
Three aspects have important influences on the predictive performance of the random forest method 
(Cheng et al., 2019a): (1) the performance of an individual tree needs to be improved; (2) the correlation 
between trees needs to be reduced; and (3) the number of trees needs to be large. Accordingly, we need 
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to tune three parameters for model specification: maximum depth of the tree, number of splitting 
variables, and the number of trees. The random forest is able to quantify the relative importance of 
explanatory variables in predicting the outcome, which increases model interpretability. The permutation 
importance measure, introduced by Breiman (2001), is commonly used to compute variable importance. 
The importance for variable 𝑥𝑖 is formulated as: 

𝑉𝐼𝑥𝑖 =
1

𝑁
∑ (𝑂𝑂𝐵𝑀𝑆𝐸

𝑡 − 𝑂𝑂𝐵𝑀𝑆𝐸,𝑝𝑒𝑟𝑚𝑖

𝑡 )𝑡                                                                                                                (2) 

where  𝑉𝐼𝑥𝑖  is the variable importance; 𝑁 is the total number of decision trees in the forest; 𝑂𝑂𝐵𝑀𝑆𝐸
𝑡  

denotes the mean square error before permutation for tree 𝑡; and 𝑂𝑂𝐵𝑀𝑆𝐸,𝑝𝑒𝑟𝑚𝑖

𝑡  represents the mean 

square error after permutation of variable 𝑥𝑖.
3  

 

More importantly, the partial dependence plot produced by the random forest visualises the relationships 

between the outcome and explanatory variables (Hastie et al., 2009). These relationships are not refrained 

by any pre-specified (e.g. linear or log-linear) assumptions, and illustrates the data-based estimate of the 

built environment on walking. In this research, it depicts the marginal effect of a built environment 

attribute on walking time while controlling for the average effects of all other explanatory variables in the 

given model. Mathematically, the partial dependence of 𝑓(𝑥) on 𝑥𝑠 is formulated as follows: 

𝑓�̂�(𝑥𝑠) =
1

𝑁
∑ 𝑓(𝑥𝑠, 𝑥𝑖𝑐)
𝑁
𝑖=1                                                                                                                                         (3) 

where {𝑥1𝑐 , 𝑥2𝑐 , … , 𝑥𝑁𝑐} are the values of other variables 𝑥𝑐 in the dataset, 𝑁 is the number of instances. 

Partial dependence works by marginalising the model output over the distribution of other variables. On 

the basis of the plot, we can see how the effects of the built environment on walking time (in)stabilise 

within certain ranges, i.e. the non-linear relationships. 

 

 

5. Results 

Before building the random forest, we performed a variance inflation factor (VIF) analysis to detect 

possible multicollinearity between the independent variables. All the socio-demographics and built 

environment attributes in Table 1 have a VIF value of less than five – a threshold for excluding variables 

(Craney and Surles, 2002) – and thus are retained in the final model. In order to obtain the optimal 

specification of random forest, we first developed the model with the number of trees ranging from 10 to 

1,000 in increments of 10. It is found that building trees beyond 500 produces a negligible decrease in root 

mean square error while consumes much more time. Therefore, the number of trees is set as 500. Then, 

we experimented with different combinations of the number of splitting variables (3, 5, 7, 9) 4  and 

maximum depth of the tree (from 10 to 2000 with an interval of 20). The correlation of individual decision 

trees may be strengthened if we choose a higher number of splitting variables. Results indicate that 5 

splitting variables lead to the best prediction model when the maximum tree depth is 1,200. The root 

                                                           
3 In the random forest, bootstrapping the data – sampling with replacement – for training an individual tree leads to 
some observations left out, known as out-of-bag (OOB) sample (Breiman, 2001). Each tree has its own OOB sample 
which is not used during training. This sample is used to quantify the prediction performance of the model. 
4 Breiman (2001) suggested that the number of splitting variables should be 𝑝/3, which is 5 (𝑝 = 14 is the total 
number of explanatory variables, Table 1). 
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mean square error (RMSE) is 32.20 and pseudo-R2 is 0.313. This final model is used for further analysis, 

quantifying variable importance and creating partial dependence plot. 

 

 

5.1. Relative importance of explanatory variables  

The relative importance of explanatory variables in predicting walking time among older adults is 

presented in Table 2. The relative importance represents the relative improvement in the reduction of 

prediction error. Among the considered explanatory variables in Table 1, the collective contribution of the 

built environment is higher than that of socio-demographics. This result reinforces earlier research that 

land use variables exert more influences on travel than demographics (Ewing and Cervero, 2001; Gim, 

2013) and indicates the crucial role of land use interventions encouraging elderly’s walking. In addition, 

the relative importance of built environment attributes informs useful planning practice because not all 

interventions can be implemented for limited resources and there is usually a priority ranking among these 

attributes. Population density is the most important attribute, with a contribution of 11.5%. This is 

followed by distance to the nearest square/park and street connectivity, with non-trivial effects of more 

than 10%. Although land use mix, number of bus stops, and number of bike-sharing stations have less 

predictive power, they still rank higher compared to socio-demographic variables. Among socio-

demographics, household income is the most important variable in predicting walking time, accounting 

for 6.9% of the total effect. By contrast, gender contributes the least, with only 3.4% in the model. 

 

 

Table 2. Relative importance of explanatory variables 

 Variable Relative importance (%) Total (%) 

Built environment Population density 11.5 68.0 
Distance to the nearest square/park 11.3 
Street connectivity 11.2 
Land use mix 9.9 
Number of bus stops 9.1 
Number of bike-sharing stations 8.8 
Distance to the nearest card/chess room 6.2 

Socio-demographics Household income 6.9 32.0 
Public transport pass availability 6.6 
Car ownership 4.2 
Education level 3.8 
Driving license holding 3.6 
Bicycle ownership 3.5 
Gender 3.4 

Total relative importance   100 
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5.2. Non-linear effects of the built environment on walking time 

The partial dependence plot provides a fine-grained analysis of the complicated relationships between the 

built environment and walking time among older adults (Figure 2). The x-axis of each plot indicates the 

data distribution. It is noted that partial dependence estimates are less reliable in regions where there is 

not much training data. Probably, the random forest method could not learn a meaningful prediction 

within these regions; hence estimates are vulnerable to noise. 

 

Figure 2a presents the non-linear effects of population density on walking, controlling for all other 

explanatory variables. Population density ranging between 6 and 20 persons/1000m2 is observed to 

positively and monotonically influence walking. Higher population density is likely to create a critical mass 

of pedestrians – people walk more, more road space and infrastructure will be allocated to pedestrians, 

and walking will become more established, safe and pleasant. Traffic congestion in densely populated 

areas also makes walking a more convenient way to travel compared to motorised transport (Oakes et al., 

2007). In addition, higher population density tends to support the presence of various services and shops, 

which has an indirect influence on walking (Transportation Research Board, 2005). When the population 

density exceeds 20 persons/1000m2, it has a slightly negative impact. This might relate to the higher risk 

of injuries in crowded places, in particular for older people, some of whom may have reduced physical 

capabilities. 

 

For land use mix, walking time remains stable within the interval of 0 and 0.4 (Figure 2b). But when it 

changes from 0.4 to 0.7, walking time increases rapidly and reaches the highest level around 0.7. Diversity 

of land use (residential, commercial, educational, entertainment and public services) provides 

opportunities for local activities, and thus lowers the need for motorised travel to access (distant) activities 

(Kamruzzaman et al., 2016). A neighbourhood with a good mixture of land use is often related with a wide 

range of non-residential destinations for walking trips, which is also conducive to walking (Duncan et al., 

2010). However, when land use mix exceeds the score of 0.7, walking time decreases. One possible reason 

for this result may be that older people chain multiple trips in a single journey due to easy access to 

destinations and services in highly mixed areas. 

 

The partial dependence curve in Figure 2c indicates a positive correlation between street connectivity and 

walking time among those with a lower level of street connectivity (below six km/km2). Better street 

connectivity facilitates walking through the provision of more (direct) routes within the neighbourhood 

and shorter distances to destinations. It makes walking more efficient and increases the number of 

alternative walking routes with implications for security and interest (Oakes et al., 2007). A negative 

association is observed with a higher level of street connectivity (above six km/km2). This effect, however, 

needs to be interpreted with caution due to the absence of enough data. These mixed results are also 

found in other studies on walking among older people (e.g. Barnett et al., 2017; Satariano et al., 2010; 

Wang and Lee, 2010). 
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Figure 2. Non-linear effects of the built environment on walking time 

 

 

Walking time among older adults increases with access to public transport – number of bus stops and 

number of bike-sharing stations – as shown in Figures 2d and 2e. These results align with existing literature 

(Barnes et al., 2016; Rodriguez et al., 2008; Suminski et al., 2005). As indicated by Freeland et al. (2013), 

travelling by public transport is always coupled with walking to and from bus stops/bike stations (since 

walking forms a portion of most public transport trips). It could also possibly be attributed to the transit-

oriented developments (TODs) in the neighbourhood. They are manifested in two ways: fewer 

opportunities for car use foster active mobility (Perchoux et al., 2019), and the provision of various services 

offers attractive walking destinations (Hou, 2019). Furthermore, neighbourhoods with better public 

transport accessibility may also facilitate walking among non-users of public transport. For instance, a large 

share of people walking to public transport can create a walk-friendly atmosphere and the idea that 

walking can be considered as an important way of travelling. This in turn promotes walking through the 

mechanism of perceived safety and social norms (Forsyth et al., 2007). It is worth highlighting that the 

number of bus stops has threshold effects on the amount of walking. Only when the number is above 

three, a positive relationship with walking time becomes clear. The threshold effect is also observed for 

the number of bike-sharing stations. Walking time increases substantially as the number of bike-sharing 

stations grows from zero to ten; then the curve becomes almost horizontal (with ten as the cut-off point).  

 

We observe different overall impacts of the two analysed recreational facilities: Walking time is negatively 

correlated with distance to a square/park (if the distance is shorter than one kilometre) while positively 

correlated with distance to a card/chess room. For the distance to the nearest square/park, the 

distribution of the data in Figure 2f shows that we could only make reliable interpretations in the ranges 

of 0 to 1 km and 2 to 4.3 km. It is negatively correlated with walking time when the distance is less than 

one kilometre. Living farther from urban parks, plazas, and green spaces is unsupportive of walking among 

older people, which concurs with earlier empirical findings (Cheng et al., 2019b; Julien et al., 2015). But 

when the distance changes from two to three kilometres, walking time begins to increase. This probably 

occurs because older people living in this area (whose homes are two to three kilometres far away) 

specially walk to squares/parks for exercise/leisure. If the distance becomes too large and goes beyond 
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the daily activity space of older people (i.e. three kilometres in this study), its effect will be trivial. To put 

it another way, the provision of a square/park located more than three kilometres far away has no 

important effects on walking. In terms of distance to card/chess rooms (Figure 2g), it seems to be positively 

associated with the amount of walking if the distance ranges between 0.1 and 0.6 km. The potential 

rationale is that senior people tend to be more attracted by card/chess rooms if these facilities are 

available in the nearby vicinity and spend more time engaging such activities, which would reduce the time 

allocated to walking in a day. It is worth noting that it is difficult to accurately interpret the effects in the 

ranges of above 0.6 km because of the sparse distribution of the data. 

 
 

5.3. Model comparison with linear regression 

We estimated a conventional linear regression model with transformed independent variables. A natural 

log transformation for distance-related independent variables is performed to capture the diminishing 

effect of these variables with distance. Previous studies have shown that the log transformation of the 

distance variables fits the model better than a simple linear functional form (Bin and Polasky, 2004; 

Morency et al., 2011). We use quadratic specifications for other built environment variables such as 

population density, land use mix, and street connectivity. We experimented with several alternative 

specifications and find that the primary results are robust to alternative functional forms. A commonly-

used 10-fold cross-validation was applied to compare and evaluate the predictive capability (Zhao et al., 

2020). The results in terms of mean absolute error (MAE) and root mean square error (RMSE) for out-of-

sample are shown in Table 3. The two metrics are formulated as: 

 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦�̂� − 𝑦𝑖|
𝑁
𝑖=1                                                                                                                                             (4) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦�̂� − 𝑦𝑖)

2𝑁
𝑖=1                                                                                                                                     (5) 

 

where 𝑁 is the total number of respondents in the validation set, 𝑦�̂� is the predicted walking time for the 

𝑖th respondent, 𝑦𝑖  is the observed walking time for the 𝑖th respondent. The partial dependence plots in the 

random forest and parameter estimates in the linear regression both demonstrate the non-linear 

relationship between the built environment and walking time (Table 3). However, the R2 of the linear 

regression is 0.144, much smaller than the pseudo-R2 of the random forest method (0.313). It is also 

evident that the random forest model has much lower prediction error than the linear regression. The 

values of out-of-sample MAE and RMSE for the random forest are smaller. This is not surprising because 

the random forest is able to capture more complex relationships by letting the data speak more freely.  

 

We also compared the relative importance of independent variables to walking time. In the linear 

regression, adding one independent variable can improve the model goodness-of-fit. The proportion of 

this improvement in the overall goodness-of-fit (%R2) is counted as the relative importance of the 

independent variable. Table 3 shows that, in general, the relative importance of independent variables is 

different between the random forest and the linear regression. The Spearman’s rank correlation of the 

relative importance (random forest) and %R2 (linear regression, excluding the non-linear terms) is 0.310. 

Because the random forest is more flexible in terms of revealing non-linear relationships, the pre-specified 

relationship between independent variables and walking time in the linear regression is flawed. 
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Table 3. Comparison between random forest and linear regression 

Variable Random forest  Linear regression 

Relative importance (%) Rank  Coefficient T-statistic %R2 

Built environment       
Population density 11.5 1  56.04 2.15 8.9 
(Population density)2    -1.48 -1.87 6.4 
Distance to square/park 11.3 2     
Ln (Distance to square/park)    -17.01 -2.89 4.5 
Street connectivity 11.2 3  27.13 2.32 6.2 
(Street connectivity)2    -1.94 -2.86 3.0 
Land use mix 9.9 4  44.84 2.38 7.1 
(Land use mix)2    -42.77 -2.89 6.3 
Number of bus stops 9.1 5  4.06 2.22 3.4 
(Number of bus stops)2    -0.37 -1.91 7.0 
Number of bike-sharing stations 8.8 6  3.31 1.22 1.7 
(Number of bike-sharing stations)2    -0.23 -1.21 0.8 
Distance to card/chess room 6.2 9     
Ln (Distance to card/chess room)    8.84 2.11 0.7 

Socio-demographics       
Household income 6.9 7  -4.06 -1.97 9.5 
Public transport pass availability 6.6 8  10.76 2.14 8.8 
Car ownership 4.2 10  -5.25 -2.38 5.8 
Education level 3.8 11  2.55 1.23 6.3 
Driving license holding 3.6 12  -9.31 -2.04 4.4 
Bicycle ownership 3.5 13  3.31 1.53 6.1 
Gender 3.4 14  2.79 1.28 3.1 
R2 0.313   0.144   

Out-of-sample predictive capability (10-fold cross-validation) 
 Mean SD  Mean SD  
MAE 21.23 0.91  27.45 1.18  
RMSE 32.15 1.93  39.64 2.21  

 

 

6. Discussion and conclusions 

In order to build an age-friendly society – where elderly people can easily perform preferred out-of-home 

activities and remain physically active – understanding how the built environment can support active travel 

of older adults is of particular interest in urban and transport planning. In this study, we have shed light 

on the non-linear associations between the built environment and walking time among older adults. The 

non-linear patterns are demonstrated to be prevalent and vary among built environment attributes. The 

random forest method is employed as no predefined functional form between the outcome and 

explanatory variables is required. The uncovered relationship is a refined expression deriving from the 

data itself. A comparison with the conventional linear regression shows that the random forest is more 

effective in revealing the complicated relationships. To the best of our knowledge, this is the first study 

adopting a random forest method in the travel behaviour-built environment field, providing an important 

contribution to existing literature. 

 

The salient non-linear effects of the built environment on walking can assist the design of more effective 

policies promoting walking among older adults. In general, efforts need to be directed towards nuanced 

environmental interventions to ensure that the facilitating effects of the built environment are realised. 
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Specifically, the effective ranges of population density and land use mix stimulating walking are 6-20 

persons/1000m2 and 0.4-0.7 score, respectively. The ultra-densely populated areas and excessively mixed 

land uses may lead to negative impacts on the amount of elderly’s walking. Strategies for designing street 

networks should also account for the non-linear relationships found in this research, i.e. the optimal 

setting found is around six km road per km2. These recommended values are important with respect to 

improving the cost-effectiveness of land use interventions. Access to public transport fosters walking and 

TODs can therefore have important implications for achieving regular engagement in walking among older 

adults. More importantly, lower bound and upper bound threshold effects are observed, respectively, for 

the number of bus stops and the number of bike-sharing stations. Roughly speaking, the number of bus 

stops would not have pronounced effects on walking until it exceeds three in the neighbourhood. 

Pertaining to the number of bike-sharing stations, when it is above ten in the neighbourhood, the 

association becomes negligible. The proximity to a square/park is positively related to walking, but it 

should be borne in mind that the effective distance is within one kilometre. On the other hand, the 

proximity to card/chess rooms may lead to reduced walking time and a more sedentary lifestyle, although 

it may offer leisure and social interactions. Thus, policies to increase the provision of recreational facilities 

have to be implemented with caution. 

 

The built environment collectively accounts for the vast majority of power describing walking time, relative 

to socio-demographics. The substantial built environment effects indicate that land use interventions can 

effectively influence elderly’s walking. The relative importance of each built environment attribute further 

implies the hierarchy of intervention priorities. Population density plays the most important role in walking 

time among older people. Therefore, urban densification should be the top consideration. Proximity to a 

square/park and street connectivity are also strongly and positively associated with elderly’s walking. This 

informs policy initiatives in terms of improving the provision of public venues for walking (e.g. park, square, 

or plaza) and the density of walkways when designing pedestrian-friendly neighbourhoods. 

 

This study has some limitations resulting in several avenues for future research. First, whether the non-

linear effects of the built environment on seniors’ walking are comparable to other places is unclear due 

to the focus on a single city in a Chinese context (i.e. Nanjing). Since this research is the first to 

quantitatively look at non-linear relationships between the built environment and walking, the results are 

difficult to generalise. Future studies in other regions, but using a similar method, should be conducted 

before any generalisation can be made. Second, as a data-driven approach, the random forest produces 

fluctuating results for some ranges of explanatory variables. This could be related to outliers, noise, sparse 

data, and/or the spatially uneven distribution of the explanatory variables. Increasing the amount and 

density of data would be a way out. In addition, the random forest method used in this study depends on 

orthogonal decision boundaries for regression, which may fail to find optimal partitions. Therefore, it 

would be interesting to apply non-orthogonal and non-linear decision boundaries in decision trees (e.g. 

via interactive basis functions), which could improve the performance of the technique (Páez et al., 2019). 

Third, an extension of this work might be the mapping of the potential for compliance with physical activity 

guidelines (i.e. 150 minutes per week) in relation to walking for transport. Compliance potential mapping 

can offer valuable information for transport and public health planning (Moniruzzaman et al., 2014). 

Nonetheless, the non-linear and threshold effects revealed in this study yield important insights for 

deliberating land use and transport policies that seek to encourage walking among older adults.   
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