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Abstract

Psychosocial stress exposure can disturb communication signals between the immune, nervous, 
and endocrine systems that are intended to maintain homeostasis. This dysregulation can provoke 
a negative feedback loop between each system that has high pathological risk. Here, we explore 
patterns of immune-neuroendocrine activity and the role of stress. Using data from the English 
Longitudinal Study of Ageing (ELSA), we first identified the latent structure of immune-
neuroendocrine activity (indexed by high sensitivity C-reactive protein [CRP], fibrinogen [Fb], hair 
cortisol [cortisol], and insulin growth-factor-1 [IGF-1]), within a population-based cohort using 
latent profile analysis (LPA). Then, we determined whether life stress was associated with 
membership of different immune-neuroendocrine profiles. We followed 4,934 male and female 
participants with a median age of 65 years over a four-year period (2008-2012). A three-class LPA 
solution offered the most parsimonious fit to the underlying immune-neuroendocrine structure in 
the data, with 36%, 40%, and 24% of the population belonging to profiles 1 (low-risk), 2 (moderate-
risk), and 3 (high-risk), respectively. After adjustment for genetic predisposition, 
sociodemographics, lifestyle, and health, higher exposure to stress was associated with a 61% 
greater risk of belonging to the high-risk profile (RRR: 1.61; 95%CI=1.23-2.12, p=0.001), but not 
the moderate-risk profile (RRR=1.10, 95%CI=0.89-1.35, p=0.401), as compared with the low-risk 
profile four years later. Our findings extend existing knowledge on psychoneuroimmunological 
processes, by revealing how inflammation and neuroendocrine activity cluster in a representative 
sample of older adults, and how stress exposure was associated with immune-neuroendocrine 
responses over time.
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1 Introduction

2 Communication between proinflammatory cytokines of the innate immune system with 
3 glucocorticoids and their analogs of the neuroendocrine system, is an active continuous process 
4 necessary to maintain homeostasis, even in healthy individuals.1,2 Proinflammatory cytokines 
5 initiate a local inflammatory response that systemically passes through the bloodstream to 
6 endocrine and neural foci, where a number of neuroendocrine counterregulatory mechanisms are 
7 actuated, provoking a negative feedback loop.3 The received stimulatory signals are then 
8 transduced, leading to a complex hormonal and cytokine cascade.4 This integrative network 
9 between the immune, nervous, and endocrine systems is known to control physiologic processes, 

10 such as cell growth and differentiation, metabolism, and human behaviour. Dysregulation of this 
11 network has negative implications in disease aetiology,5,6 with the development of a number of 
12 physical and mental ill-states, from cardiovascular disease7 to depression8, and even accelerated 
13 ageing.9 The high rates of chronic conditions associated with inflammatory and neuroendocrine 
14 dysregulation, along with the advancing age of the population, has provided the impetus to identify 
15 modifiable factors that could be leveraged to mitigate disease genesis; stress is one such factor.10 

16

17 An expansive literature has elucidated the role of chronic psychosocial stress (referred to as stress 
18 hereafter) as a determinant of morbidity and mortality.10–14 Equally, stress has been implicated as 
19 a modulator of immune and neuroendocrine activity via psychoneuroimmunological (PNI) 
20 pathways;15,16 that is, the integrative network between the nervous, endocrine, and immune 
21 systems. Therefore, if causally related to morbidity and mortality, conceivably via immune-
22 neuroendocrine mechanisms, stress may present as a plausible preventative target to improve 
23 population health across a number of physical and mental health domains. However, the dominant 
24 position that stress disrupts immune and neuroendocrine integrity is an oversimplification of this 
25 biological pathway that fails to account for the reciprocal regulation of these transducing systems4,5 
26 and their variation among the population.17 Immune and neuroendocrine interactions may be 
27 intensified in the presence of stress,15,18 but individuals can have highly heterogeneous patterns of 
28 immune and neuroendocrine activity, which may conflate effects and give a partial explanation for 
29 the diverse and comorbid clinical outcomes associated with stress in the literature.10–14

30

31 The lack of observational evidence on immune and neuroendocrine activity, as measured by their 
32 dysregulated responses, may be due to the complexity of the multidirectional exchange between 
33 these systems in response to stress.19 Hormonal and neuropeptide mediators that provide the link 
34 between the immune and neuroendocrine systems constitute specific axes of interactions.3,4,19 It 
35 is, thus, important to determine from a population perspective how biomarkers representing these 
36 integral systems cluster together.

37

38 The purpose of the exchange between the immune and neuroendocrine systems is to return to the 
39 physiological status quo ante, but many studies examine the nature of this regulation at the systemic 
40 level without considering how stress interferes with this physiological exchange.20 These biological 
41 responses appear to depend on stress duration and intensity, but our interest here is with chronic 
42 stress.16,21 Understanding is further obfuscated by research that treats the mediators of each system 
43 as homogeneous constructs, when variation among the population is highly likely.4 Further, 
44 elevated inflammation and HPA-axis hyperactivity have similarities in context of stress and 
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45 disease,21 which is paradoxical given the contrasting utility of cytokines and glucocorticoids, and 
46 the pleiotropic and redundant action between each.1 

47

48 Owing to interindividual and intraindividual variability in biomarkers,22 genetic variation is another 
49 key consideration. As a major determinant of circulating immune and neuroendocrine function, 
50 genetic variation plays an important role in susceptibility to disease,23  and these biomarkers are of 
51 high polygenic heritability.24 It is, therefore, important that genetic markers are accounted for in 
52 analyses that explore immune and neuroendocrine traits.

53

54 Moreover, despite concerns of inflammaging and somatopause (i.e., age-related increases in plasma 
55 concentrations of inflammatory peptide biomarkers and the reduced expression of growth 
56 hormone secretion across age),9 there remains a paucity of literature on stress and immune-
57 neuroendocrine activity in older cohorts. This demographic group is increasingly relevant from a 
58 public health perspective because of the advancing age of the population. Furthermore, financial 
59 strain,25 caregiving,26 illness, disability,27 divorce,28 and bereavement29 are common stressors 
60 among older adults. And the accumulated burden of life stress, coupled with limited protective 
61 resources, has been associated with worse biological, psychological, and quality of life outcomes.30

62

63 Latent profile analysis is an estimation and inference methodological development that presents 
64 an opportunity to take a precision medicine approach31 by applying more specificity to population 
65 risk to improve treatment personalisation and clinical decision making. It will address the ‘one-
66 size-fits-all’ legacy that has infiltrated the literature and has contributed to the underwhelming 
67 translation of observational findings in sub-populations to clinical trials with small, heterogenous 
68 patient samples.32

69

70 Classifying complex and subtle patterns of immune and neuroendocrine activity in a population-
71 based cohort of older adults through latent profile analysis could be beneficial for three reasons. 
72 First, it may help to elucidate uncertainty about immune and neuroendocrine patterning. Second, 
73 it could contribute to more targeted preventative treatments and novel therapeutic strategies, such 
74 as the identification of biomarkers that characterise patients into subgroups most likely to benefit 
75 from cytokine-mediated pharmacological treatments, or the design of more personalised clinical 
76 trials through targeted recruitment. Third, it could be a resource for the formulation of more 
77 robust hypotheses for future research exploring stress models in immune and neuroendocrine 
78 activity, and their subsequent roles in human health and behaviour.

79

80 We sought to address these issues in a UK cohort of community-dwelling older adults, to classify 
81 and quantify distinct immune and neuroendocrine profiles, and to determine the longitudinal 
82 association between psychosocial stress and the revealed profiles. To represent these interrelated, 
83 molecular pathways, we selected two positive acute-phase reactants (i.e., C-reactive protein [CRP] 
84 and fibrinogen) and two hormones; one catabolic (i.e., hair cortisol), the other anabolic (i.e., 
85 insulin-like growth factor-1 [IGF-1]). Each biomarker has been selected for its relevance to 
86 immune and neuroendocrine processes in older adults. Positive acute-phase proteins increase as 
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87 part of the innate immune response to inflammation. CRP, a rapid acting acute-phase protein, 
88 activates complement and acts as an opsonin, while fibrinogen is a key but slow reacting 
89 coagulation acute-phase protein that influences the erythrocyte sedimentation rate (a non-specific 
90 clinical marker of disease activity).33 By contrast, hormones are signalling molecules in the 
91 neuroendocrine system that represent the classic response to stress. Cortisol, produced by the 
92 adrenal glands in response to stress, helps to regulate various physiological processes, including 
93 metabolism and immune function. While IGF-1, implicated in ageing and longevity,9 promotes 
94 cell growth, tissue repair, and development,3 so is particularly relevant to our study population.34 
95 We expected heterogeneous patterns of immune and neuroendocrine activity, with two to three 
96 subgroups emerging from the data. We also expected psychosocial stress to be longitudinally 
97 associated with more adverse immune and neuroendocrine patterns four years later.

98

99 Method

100 Study Design

101 This prospective cohort study used fully anonymised data from the English Longitudinal Study of 
102 Ageing (ELSA),35 a nationally representative, multidisciplinary prospective observational study of 
103 the English population aged 50 years and older. To ensure the full age spectrum is maintained, the 
104 sample is periodically refreshed with younger participants. The present study used data from ELSA 
105 participants at wave 4 (2008), who were followed up four years later at wave 6 (2012). Data 
106 collection is performed in participants’ homes, via computer-assisted personal interviews (CAPI) 
107 and self-completed questionnaires biennially, then nurse visits every 4 years for biological samples. 
108 All participants provide written consent and ethical approval was granted by the National Research 
109 Ethics Service (London Multicentre Research Ethics Committee). Full data collection procedures 
110 have been reported, in full, by Steptoe and colleagues (2013).35 6,572 participants had complete 
111 measures and at least one biomarker at baseline. After exclusions of CRP values >20 mg/L 
112 (n=116), the sample was 6,456. Of these, 1,522 had missing genetic data, leaving an analytic sample 
113 of 4,934 (Figure S4).

114

115 Exposures

116 On the basis of risk identified in the prior,25,28,27,29,26 six psychosocial stressors were assessed. We 
117 considered only those that occurred at wave 4 (2008). These were measured as a composite score 
118 on a scale from no stressful life events to the experience of six stressors. Thus, we estimated an 
119 ordinal score as the summation of the presence of six binary stressors. Due to its skewed 
120 distribution, we dichotomised this score at the median (low [0-2] vs. high [3-6]), rather than at the 
121 mean (1.51 ±0.90). Despite this median split, there is an unequal distribution of participants in 
122 each group due to the limited number of integer values of this score (0-6):

123

124 1. Financial Strain. Binary:- the perceived chance of not having enough financial resources in 
125 the future to meet needs; categorised by 0; 1-39; 40-60; 61-99; 100% and dichotomised at 
126 >60%. The higher the percentage, the higher the belief of having insufficient resources and, 
127 thus, the higher the stress experience.
128
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129 2. Care Giving. Binary:- either being an informal caregiver to an adult who is sick/frail in the 
130 past week, or being a caregiver during the last month who is in receipt of Carer's Allowance.
131  
132 3. Disability. Binary:- encounters more than one difficulty with mobility (i.e., walking 100 yards; 
133 sitting 2-hours; rising from chairs after sitting long periods; climbing stairs; stooping, kneeling, 
134 crouching; reaching or extending arms above shoulders; pulling or pushing large objects; lifting 
135 or carrying objects over 10 pounds; picking-up a 5p coin).
136
137 4. Illness. Binary:- has a longstanding illness or health condition that limits activity.
138
139 5. Bereavement. Binary:- experienced the death of a parent, spouse, or partner within the past 
140 two years.
141
142 6. Divorce. Binary:- experienced divorce or the breakdown of a long-term relationship within 
143 the past two years.

144

145 Outcomes

146 Immune and neuroendocrine biomarkers measured at wave 6 (2012) included high-sensitivity 
147 plasma C-reactive protein (CRP; mg/L), plasma fibrinogen (Fb; g/L), serum insulin-like growth 
148 factor-1 (IGF-1; mmol/L) and hair cortisol (cortisol; pg/mg). The complete immunoassay 
149 procedure can be found in Supplementary Materials (SM) 1. Blood samples deemed insufficient 
150 or unsuitable (e.g., haemolysed; received >5 days post-collection) were discarded. Exclusion 
151 criteria for bloods included coagulation, haematological disorders, being on anticoagulant 
152 medication or having a history of convulsions (SM 1). We then conducted a latent profile analysis 
153 (LPA) on these immune and neuroendocrine biomarkers, as later described.

154

155 Covariates (Wave 4)

156 Factors likely to confound analyses were selected a priori (see Figure S1 for the Directed Acyclic 
157 Graph), including demographic variables: age (≥50 years); sex (male; female); socioeconomic variables: 
158 education (categorised into higher education; primary/secondary/tertiary education; or 
159 alternative/none); occupational social class (a three-category version of the National Statistics 
160 Socio-Economic Classification:36 managerial and professional; intermediate; routine and manual); 
161 lifestyle variables: smoking status (binary:- non-smokers/ex-smokers or smokers); alcohol 
162 consumption (binary:- low <3 or high ≥3 day weekly); physical activity (binary:- sedentary or 
163 moderate/vigorous weekly activity); genetic variables: polygenic scores (PGS) for CRP, cortisol, and 
164 IGF-1 (methods later described) and 10 principal components to account for population 
165 stratification; biomarkers: baseline (wave 4) CRP, fibrinogen, and IGF-1 entered into the LPA; 
166 (Figures S2-3); binary health indicator: any self-reported physician diagnosis of chronic lung disease, 
167 coronary heart disease, abnormal heart rhythm, heart murmur, congestive heart failure, angina, 
168 hypertension, diabetes, cancer, Parkinson’s, Alzheimer’s, dementia, asthma, arthritis, osteoporosis, 
169 psychiatric disorder.

170

171 Genetic data 
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172 Using PLINK and PRSice software, PGS for CRP, cortisol, and IGF-1 were calculated using 
173 summary statistics from genome-wide association studies (GWAS; see SM2).37 A single p-value 
174 threshold of 0.001 was used for all PGSs to limit multiple testing, while maximising their potential 
175 predictive ability. PGSs were used to account for the proportion of the variability in the biological 
176 traits attributable to genetic factors.

177

178 Imputation. Missingness ranged from 0.00-52.26%, with cortisol having the greatest proportion 
179 of missingness, and other variables having less than 37% missing (Table S1). Importantly, unbiased 
180 results can be obtained from large proportions of missingness (up to 90%),38 provided that the 
181 missing data pattern is at least Missing at Random (MAR), which we assumed here.39 Given the 
182 possibility of bias in the complete case analyses,40 missing values on exposures, covariates, and 
183 outcomes were imputed using missForest.41 This is an algorithm based on Random Forests, a 
184 machine learning iterative imputation method in R v.4.2.0: RStudio v.2022.02.2. We did not impute 
185 missing genetic data; participants without genetic information were excluded from the analyses, as 
186 detailed in the analytic sample formation (Figure S4). The imputation of the missing values yielded 
187 minimal error for continuous variables (Normalized Root Mean Squared Error=0.02%) and 
188 categorical variables (proportion of falsely classified=0.07%). Imputed and observed data were 
189 comparable in terms of their summary distributions on participant characteristics (Table S1). 

190

191 Statistical Analyses 

192 First, we reported baseline (wave 4) characteristics, expressed as means and proportions. 
193 Fibrinogen was normally distributed but logarithmic transformation was performed on CRP, 
194 Cortisol, and IGF-1 values because of their originally skewed distribution. 

195

196 Second, we conducted an LPA to determine patterns of immune and neuroendocrine activity at 
197 both waves. The optimal number of profiles was identified using a stepwise approach. Starting 
198 with a single-profile model, additional profiles were added to determine whether it improved the 
199 model fit. Once the number of latent profiles was determined, each individual in the sample was 
200 then assigned to a cluster for which they had the largest posterior probability (i.e., the profile they 
201 most likely belonged to). The LPA model for observed variable A can be expressed as:

202 𝜎
2
𝐴 =  

𝑇

∑
𝑡 = 1

𝜋𝑡(𝜇𝐴𝑡 ― 𝜇𝐴) 2 +  
𝑇

∑
𝑡 = 1

𝜋𝑡𝜎2
𝐴𝑡

203 where  and  denote (t) class-specific means and variances for variable A, and  show the 𝜇𝐴𝑡 𝜎2
𝐴𝑡 𝜋𝑡

204 proportion of N participants that belong to class t. The number of latent profiles was determined 
205 on the basis of the Akaike information criterion (AIC),42 Bayesian information criterion (BIC),43 
206 and adjusted Bayesian information criterion (aBIC).44 The information criteria and the likelihood 
207 ratio tests indicated the goodness of fit of different latent profile models, with the best model 
208 being the one with the lowest AIC, BIC, and aBIC values. The entropy statistic that provides the 
209 quality of the classification model, and the average posterior probabilities for each latent profile, 
210 indicating profile membership classification errors, were also taken into account.45 The closer to 1 
211 these indicators were, the better the classification quality.46 A common cut-off point for posterior 
212 probabilities is 0.70 or above.47 An entropy of 0.80 or greater indicates clear profile separation.48 
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213 Every profile must contain more than 5% of participants and the profiles must be of good 
214 theoretical interpretability.49

215

216 Third, we used multinomial logistic regression to investigate the association between psychosocial 
217 stress at wave 4 (2008) and the probability of immune and neuroendocrine profile membership at 
218 wave 6 (2012). Results were presented as relative risk ratios (RRR), with standard errors (SE) and 
219 95% confidence intervals (95% CI). Analyses were two-tailed. Models with different sets of 
220 covariates were fitted to understand their role in the association between stress and immune and 
221 neuroendocrine profiles. Model 1 was unadjusted. Model 2 adjusted for baseline immune and 
222 neuroendocrine profiles. Model 3 additionally adjusted for demographic and genetic variables because 
223 the predictive value of genetic information can vary by context, particularly age and sex.50 Model 
224 4 adjusted for all covariates. All data analyses were conducted in Stata 17.1 (StataCorp, TX, USA). 

225

226 Sensitivity Analyses

227 We conducted seven sensitivity analyses to examine the robustness of our findings. First, to ensure 
228 associations were not dependent on the binary classification of stress, analyses were repeated using 
229 an ordinal score of stress (reported as unstandardized regression coefficients with standard errors 
230 [SE]). Second, to reveal any differences in stress exposure on profile membership, regressions were 
231 repeated using each of the six psychosocial stressors independently. Third, individuals who were 
232 disabled or with longstanding limiting illness were more likely to be immunosuppressed given anti-
233 inflammatory prescriptions, thus altering immune and neuroendocrine activity. Therefore, we 
234 reconstructed our stress index excluding these measures, then reran our analyses to quantify the 
235 extent to which they could have biased our results. Fourth, due to the potentially confounding 
236 effects of inflammaging and somatopause,9 along with known differences in stress associations 
237 across age,51 the moderating effect of age was tested (dichotomised by mean age [≥65 years]). 
238 Fifth, because of known sex differences in biomarker activity,52 effect modification by sex was 
239 tested. Sixth, we wanted to determine genetic variance explained, independent of age and sex. 
240 Finally, we compared results from our imputed analyses with a complete case analysis (CCA) to 
241 understand the potential impact of different approaches to deal with missing data on the results. 
242 The analytical sample formation for CCA is illustrated in Figure S5.

243

244 Results

245 The final analytic sample was 4,934 (Figure S4). Participant characteristics of the analytic sample 
246 were materially unchanged from participants in the core sample (Table S1) and  are shown in Table 
247 1. CRP was linearly correlated with fibrinogen (r=0.706); cortisol (r=0.273); and IGF-1 (r=-0.163), 
248 as fibrinogen was with cortisol (r=0.176; all at p<0.001; Table S2). Participants, male (~45%) and 
249 female (~55%), with a median age of 65 years old (interquartile range: 59-72; Mage=66.31; ±9.35; 
250 range50-99) were followed over a four year period (2008-2012). Most were non-smokers (87.27%) 
251 and consumed alcohol less than three days a week (64.27%), and almost two thirds were sedentary 
252 (72.88%). There was a fairly equal educational (Higher - 32.12%; Primary/Secondary/Tertiary - 
253 31.29%; Alternative/None - 36.58%) and occupational social class divide 
254 (Managerial/Professional - 36.28%; Intermediate Occupations - 25.62%; Routine/Manual - 
255 38.10%). There were 8,083 unique documented stress experiences (Figure S6; S7), with many 
256 participants experiencing more than one stress indicator. Of our sample, 12.48% experienced a 
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257 high level of stress, and this high stress group tended to be younger, female, smokers, who drank 
258 less than three alcoholic drinks a week (Table 1). As it pertains to each independent stressor, 
259 17.02% of the sample experienced financial strain, 7.01% were informal carers, 45.80% had 
260 difficulty mobilising, 31.46% had a limiting longstanding illness, 40.86% were bereaved, and 9.18% 
261 were divorcees (Figure S7).

262

263 Latent Profile Analysis of Immune and Neuroendocrine Biomarkers

264 A three-profile model of immune and neuroendocrine biomarkers provided the most 
265 parsimonious fit to biomarker data at wave 6 (Table S3; Figures S8 [a-g]), after which there were 
266 limited returns in AIC and BIC value (Figure S9); entropy was above 0.80 (Figure S10); the mean 
267 posterior probabilities did not exceed 0.70; each profile comprised more than 5% of participants 
268 (Figure S11; Table S3); and each profile was theoretically meaningful. The most common profile 
269 was 2 (40%), followed by profile 1 (36%), then profile 3 (24%; Figure S12). Profile 1 (Mage=64.16; 
270 ±7.77; 36% of the sample) was defined as ‘low-risk’ as it was characterised by those having low 
271 CRP, low fibrinogen, low cortisol, and high IGF-1. Profile 2 (Mage=66.59; ±9.38; 40% of the 
272 sample) was the modal group, and consisted of individuals with moderate CRP, fibrinogen, 
273 cortisol, and IGF-1 levels, which was defined as  ‘moderate-risk’. Finally, profile 3 (Mage=69.03; 
274 ±10.62; 24% of the sample) was marked by a high probability of high CRP, high fibrinogen, high 
275 cortisol, and low IGF-1, so this group was defined as ‘high-risk’ (Figure 1).

276

277 Stress and Profile Membership of Immune and Neuroendocrine Biomarkers

278 In the unadjusted model, greater stress was associated with the probability of being in the high-risk 
279 profile versus low-risk profile (Model [M] 1: RRR=1.34, 95%CI=1.08-1.66, p=0.008). This persisted 
280 after adjustment for baseline immune and neuroendocrine profiles (M2: RRR=1.42, 95%CI=1.10-
281 1.83, p=0.007), further adjustment for demographic and genetic variables (M3: RRR=1.80, 
282 95%CI=1.39-2.35, p<0.001), and in our fully adjusted model, the risk of a high-immune and 
283 neuroendocrine profile (was low-risk profile) was 1.6 times higher in the group exposed to high 
284 levels of stress compared with participants with lower stress exposure (M4: RRR=1.61, 
285 95%CI=1.23-2.12, p=0.001). In the fully adjusted model, however, stress was not associated with 
286 the probability of being in the moderate-risk profile versus low-risk profile (Model M4: RRR=1.10, 
287 95%CI=0.89-1.35, p=0.401; Table 2). To understand the role of specific confounding factors with 
288 greater nuance, results with incremental model adjustment can be found in the supplement (Table 
289 S4). There was evidence of negative confounding by demographic and genetic variables, which increased 
290 the RRR by 38% (M3: RRR=1.80, 95%CI=1.39-2.35, p<0.001), and by health variables, which 
291 increased the RRR by 20% (M3c: RRR=1.81, 95%CI=1.39-2.36, p<0.001).

292

293 Sensitivity Analyses

294 First, results were consistent when we used a continuous classification of psychosocial stress. For 
295 each single increase in the stress score, individuals were 19% more likely to be in the high-risk 
296 immune and neuroendocrine profile versus the low-risk profile in our fully adjusted model (M4: 
297 RRR=1.19, 95%CI=1.23-2.12, p=0.001; Table S5). Second, when individual stressors were tested 
298 against immune and neuroendocrine profile membership, we found that financial strain (M4: 
299 RRR=1.59, 95%CI=1.25-2.01, p<0.001), limiting longstanding illness (M4: RRR=1.34, 
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300 95%CI=1.10-1.65, p=0.005), and bereavement (M4: RRR=1.26, 95%CI=1.04-1.52, p=0.016) were 
301 each associated with belonging to the high-risk profile, as compared with the low-risk profile in fully 
302 adjusted models. Financial strain and bereavement showed gradients in risk, as each were 
303 associated with high- and moderate-risk profile membership. Caregiving and divorce were not 
304 associated with differences in profile membership, while disability was associated with a 30% lower 
305 risk of belonging to the high-risk profile (Tables S6[a-f]). Third, the stress index that excluded both 
306 disability and limiting long standing illness had higher relative risk coefficients than the primary 
307 composite score (M4: RRR=1.71, 95%CI=1.32-2.22, p<0.001), consistent with the previous 
308 observation with respect to disability (Table S7). Fourth, we found no evidence of differences in 
309 the association between stress and biomarker profile membership between younger and older age 
310 groups (interaction p=0.913), although relative risk coefficients were substantially larger for those 
311 aged 65 and older (Table S8[a-b]). Fifth, similar to age, there was no interaction (p=0.239) nor 
312 difference in the risk profile between the sexes when results were stratified by sex (Tables S9[a-
313 b]). Sixth, genetic variables accounted for 1% of the variance explained for being in the high-risk 
314 immune and neuroendocrine profile (M3: RRR=1.80, 95%CI=1.39-2.35, p<0.001; Table S10). 
315 Finally, we observed similar mean levels of immune and neuroendocrine biomarkers for a three-
316 profile solution in a CCA (Figures S13-14) as compared with the main imputed data (Figure S8c). 
317 Re-analysis of the association between stress and profile membership in the CCA sample yielded 
318 similar results (Table S11).

319

320 Discussion

321 In a large nationally representative sample of UK older adults, we used multiple biomarkers in a 
322 latent profile analysis to provide a comprehensive characterisation of physiological activity across 
323 the integrative network of the immune, nervous, and endocrine systems. We found longitudinal 
324 evidence of an overall association between stress and the risk of high versus low immune and 
325 neuroendocrine profile membership four years later. Associations remained significant after 
326 accounting for polygenic markers of immune and neuroendocrine activity, and a range of 
327 demographic, socioeconomic, lifestyle, and health factors. There was, however, no consistent 
328 gradient in risk as there was no significant difference in stress levels between low- and moderate-risk 
329 profiles, nor were there differences in the association between stress and immune-neuroendocrine 
330 profile activity by age or sex. Stress associated with financial strain was the strongest independent 
331 determinant of belonging to the high-risk immune and neuroendocrine profile, followed by limiting 
332 longstanding illness and bereavement. Furthermore, financial strain and bereavement showed 
333 gradients in risk. In contrast, disability was associated with a lower risk for moderate- and high-risk 
334 profile membership (vs low-risk), the reason for this is unclear, but there is plausible risk of reverse 
335 causality.49 Interestingly, our finding that the high-stress group tended to be those who drank less 
336 than three alcoholic drinks a week is not an unusual finding. Alcohol has a non-linear relationship 
337 with inflammation, where moderate consumption is associated with lower levels of inflammatory 
338 markers than with low alcohol consumption, while high consumption is associated with higher 
339 inflammatory levels.53–55

340

341 As noted elsewhere,56 the biological responses to stress exposure are multiphasic, where we see 
342 the stimulation or suppression of immune and neuroendocrine activity, or both simultaneously,57 
343 with the direction of effect depending on the biomarker being evaluated.3,25 We addressed the 
344 complexity of immune and neuroendocrine interconnectivity by using latent profile analyses to 
345 identify distinct typologies of activity. Variability was revealed within the derived profiles and 
346 highlights why the evaluation of single biomarkers can obfuscate understanding of stress exposure. 
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347 Though each biomarker has a unique role in maintaining health, functionally they are involved in 
348 proliferation, differentiation, migration, and apoptosis of targeted cells.58 They are characterised 
349 by interrelated pleiotropic, synergistic, and redundant actions that have afferent and efferent 
350 functional components.6 When this dynamic process is dysregulated, it leads to varying 
351 concentrations of circulating biomarkers4 that can contribute to diversity in disease sequelae.15,18,59 
352 This can make prediction more challenging and the interpretation of single biomarkers less 
353 intuitive, particularly because issues of multicollinearity mean that biomarkers are best modelled 
354 independently in regressions.25 Our latent variable modelling approach, similar to an earlier study 
355 of American adults,60  allowed for a synchronised assessment of a diverse set of biomarkers. 
356 However, these studies are not comparable because the selection of immune and neuroendocrine 
357 biomarkers differed. Even so, our derived profiles lend support to earlier experimental research 
358 that indicate symmetry between biomarkers of the immune, nervous, and endocrine systems,2,3,19,61 
359 and our results confirm that that biomarkers are, on average, temporally stable, despite individual 
360 trajectories varying widely.25

361

362 The incremental rise in mean fibrinogen and cortisol levels from profile one to three, aligns with 
363 increases in mean CRP, which is consistent with earlier evidence on the synchronised physiological 
364 exchange between their respective systems to maintain homeostasis.1 However, the unexpected 
365 moderate decline in IGF-1 between each of the derived profiles is notable. The reasons for this is 
366 unclear given the well documented covariance between each represented system in the LPA.2,3,25,62 
367 Specifically, that IGF-1 antagonises the effects of CRP,63 and IGF-1 alterations can impact both 
368 immunomodulation and immunosuppression.1 

369

370 As part of a coordinated systemic regulatory mechanism that facilitates a dynamic cellular 
371 microenvironment, proinflammatory cytokines can induce a state of resistance in hormonal 
372 secretion, including in IGF-1.3  This can attenuate the mitogenic effect of IGF-1, but can also have 
373 anti-proliferative effects on IGF-1,2 which should be reflected here. The reason for the blunted 
374 effect of IGF-1 seen in the present study, is conceivably because IGF-1 secretion is sensitive to 
375 nutritional and endocrine control, such that hormonal resistance is rendered maladaptive by 
376 pharmacologic use and dietary choices;64 neither of which were measured here. In addition, 
377 O’Connor and colleagues (2008)2 suggest that cellular responses can vary tremendously depending 
378 on ligand origin and concentration, the number of cell receptors, and signalling kinetics post 
379 receptor activation, not to mention extracellular control of IGF-1, which is a second mode of 
380 regulation.

381

382 It is also clear from converging lines of evidence that different stressors have different predictive 
383 power.14,15,17,21 There was some evidence to support this in the present study, with the largest effect 
384 sizes observed following financial stress, but given the overlap of CI, there is not strong associative 
385 differentiation. Even so, Hamilton and Steptoe’s (2022)25 recent observational study revealed 
386 idiosyncrasies in the role of different socioeconomic stressors in CRP, fibrinogen, IGF-1, and 
387 white blood cell count (WBCC/leukocytes). Part of the challenge is in establishing a ‘hierarchy of 
388 stress’ to determine which psychosocial stressors are most problematic; distinguishing between rare 
389 acute stressors that have high clinical risk and everyday stressors that create chronic risk and 
390 contribute more to overall disease burden in the population. The present study takes a step toward 
391 this purpose, and while we used an LPA to look at immune and neuroendocrine patterning here, 
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392 future study would benefit from a more comprehensive stress score that is also submitted to LPA 
393 to see how stress clusters in the population.

394

395 Our results extend previous evidence on psychoneuroimmunological processes,15,17,21 by showing 
396 that stress exposure is associated with a greater probability of high-risk immune and neuroendocrine 
397 profile membership, irrespective of genetic propensity. This is an important feature of our study, 
398 and a methodological advance over previous research given that genetic factors can affect the 
399 magnitude of the immune and neuroendocrine response.24 Inter-individual variability in biomarker 
400 concentrations and their respective binding proteins are partly the result of polymorphic variations 
401 in respective genes, while genes encoding biomarkers are candidate loci for diseases with an 
402 inflammatory basis.24 Moreover, CRP,65 fibrinogen,65 cortisol,66 and IGF-167 each have high 
403 heritability, which can be understood as the proportion of the total variation of the trait that can 
404 be attributed to unobserved genetic effects.68 Therefore, while single nucleotide polymorphisms 
405 (SNPs) associated with each biomarker only explained a small proportion of the variance in our 
406 phenotypic associations, it is plausible that they confounded earlier evidence, such that their 
407 omission inflated effect sizes.

408

409 Our study has several strengths. To our knowledge this is the first study to explore how stress is 
410 related to immune and neuroendocrine profile membership. The application of a latent profile 
411 approach and the prospective nature of the study facilitated an exploration into the temporal 
412 direction of stress associations with population-level configurations of immune and 
413 neuroendocrine biomarker activity with increased specificity. LPA was chosen over other 
414 traditional clustering methods because it identifies subgroups of individuals with similar biomarker 
415 activity69 thereby providing more specificity to population risk assessment. This offers the promise 
416 of improving epidemiological and clinical assessments. We show that ‘one-size does not fit-all’ 
417 when assessing risk, so scientific research and clinical trials should consider distinct samples with 
418 higher risk burdens. Dichotomising the ordinal stress score reduced the influence of its non-
419 normality, quasi-continuous quality, and limited the chance of underestimated correlations and an 
420 inflation of Type II errors (i.e., false negatives). Therefore, it offered more meaningful results, 
421 despite the potential loss of power. In the presence of nonlinearity and interactions missForest 
422 outperforms prominent imputation methods, such as multivariate imputation by chained 
423 equations and k-nearest neighbours in all metrics.41 Another key strength is in our use of a well-
424 powered, well-characterised cohort that offers precise estimates of objective, systematically 
425 measured, interrelated biomarkers.35 ELSA offers a rich selection of repeated biological measures, 
426 and while other biomarkers may be of interest for future study, here we have a narrow focus on 
427 immune and neuroendocrine biomarkers.

428

429 We do, however, note some important caveats. We cannot claim causality. Given the observational 
430 nature of the study, our results might be subject to residual confounding or over-adjustment. While 
431 the fibrinogen PGS was not available, a strong genetic correlation with CRP has been documented 
432 elsewhere,65 and PGS for CRP was accounted for in analyses. Similarly, baseline cortisol was 
433 unavailable, although follow-up cortisol was correlated with CRP and fibrinogen (Table S2); both 
434 adjusted for at baseline. The self-reported nature of the stress score may have introduced some 
435 measurement error to the results, and there is an assumption in the stress measure that different 
436 exposures carry equal weight but this is typically not so. Given that ELSA participants are 99% 
437 White, and ethnic groups are said to experience higher levels of stress,70 their absence in the 
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438 present study is a considerable limitation. Crucially, immune and neuroendocrine activation 
439 involves a constellation of cells that interact and create a microenvironment that promotes disease, 
440 but here we include a relatively small number of biomarkers to represent this complex network.

441

442

443 Conclusion

444 The synergistic immune and neuroendocrine response to stress represents an important target for 
445 clinical intervention. Intervening on these processes could alter the course of disease.71 We 
446 examined multivariate biomarkers, including CRP, fibrinogen, cortisol, and IGF-1, using 
447 empirically derived data reduction techniques to uncover subgroup differences in how immune 
448 and neuroendocrine biomarkers pattern together. It proved an effective method to explore the 
449 complex series of reactions across the immune, nervous, and endocrine systems. Because stress 
450 was positively associated with the derived immune and neuroendocrine profiles, our results 
451 support that exposure to high levels of stress can actuate a cascade of complex central and 
452 peripheral physiological events that has previously been linked to pathology, sub-clinical illness, 
453 and debility.
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Figure 1. The mean levels of immune and neuroendocrine biomarkers for a three-profile solution
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Table 1. Sample characteristics
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Baseline (N=4,934)

Variable

N / M (SD) % / Range t χ2

Age 66.31 (9.35) 50-99 <0.001

Age (Binary) < M 2,437 49.39 <0.001

≥ M 2,497 50.61

Sex Male 2,235 45.30 <0.001

Female 2,699 54.70

Education Higher 1,585 32.12 0.961

Primary/Secondary/Tertiary 1,544 31.29

Alternative/None 1,805 36.58

Occupational Social Class Managerial/Professional 1,790 36.28 0.708

Intermediate Occupations 1,264 25.62

Routine/Manual 1,880 38.10

Smoking Status Non-smokers/Ex-smokers 4,306 87.27 <0.001

Smokers 628 12.73

Alcohol Consumption <3 days a week 3,171 64.27 0.004

≥3 days a week 1,763 35.73

Physical Activity Moderately/Vigorously Active 1,338 27.12 0.335
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Sedentary 3,596 72.88

PGS for CRP Low 3,945 79.96 0.421

High 989 20.04

PGS for Cortisol Low 3,969 80.44 0.482

High 965 19.56

PGS for IGF-1 Low 3,929 79.63 0.180

High 1,005 20.37

Stress Score (Ordinal) 1.51(.90) 0-6 -

Stress Score (Binary) No 4,318 87.52 -

Yes 616 12.48

CRP* (mg/L; Baseline) 1.19 (.68) .18-3.04 0.915

CRP* (mg/L; Follow-up) 1.37 (.73) .10-3.05 0.998

Fibrinogen (g/L; Baseline) 3.38 (.56) 1.30–5.90 0.728

Fibrinogen (g/L; Follow-up) 3.12 (.54) 1.50–5.80 0.984

Cortisol* (pg/mg; Follow-up) 2.93 (1.34) .13-6.49 0.999

IGF-1* (nmol/L; Baseline) 2.78 (.34) 1.10-4.19 0.393

IGF-1* (nmol/L; Follow-up) 2.78 (.27) 1.61-4.06 0.309

Notes: ELSA, waves 4-6 (2008/09-2012/13); N = observations; M = Mean; % = percentage frequencies; SD = standard deviations; t = t-test 
significance between the exposed and unexposed for continuous variables; χ2 = Pearson Chi square test significance between the exposed and 
unexposed for categorical variables; < = less than; ≥ = greater than or equal to; OSC = occupational social class; CRP = C-reactive protein; IGF-
1 = Insulin-growth factor-1; * Log-transformed variable; I-N = immune and neuroendocrine.
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Table 2. Longitudinal associations of stress with immune and neuroendocrine biomarker profiles (N=4,934)

Binary Stress Score

Adjustments

RRR SE 95% CI p

Moderate-risk Profile

Model 1: Unadjusted 0.98 0.10 0.81 1.20 0.870

Model 2: Model 1 + baseline biomarkers a 1.01 0.11 0.83 1.24 0.898

Model 3: Model 2 + demographics & genetics b 1.14 0.12 0.93 1.41 0.213

Model 4: Fully Adjusted c 1.10 0.12 0.89 1.35 0.401

High-risk Profile

Model 1: Unadjusted 1.34 0.15 1.08 1.66 0.008

Model 2: Model 1 + baseline biomarkers a 1.42 0.18 1.10 1.83 0.007

Model 3: Model 2 + demographics & genetics b 1.80 0.24 1.39 2.35 <0.001

Model 4: Fully Adjusted c 1.61 0.22 1.23 2.12 0.001

Notes: The low-risk group is the reference; RRR = relative risk ratio; SE = standard errors; CI = confidence interval; p = significance value.

a Baseline biomarkers: C-reactive protein (CRP); fibrinogen; insulin-growth factor-1 (IGF-1).

b Demographic and genetic variables: age; sex; 10 principal components (PCs); CRP polygenic score (PGS); cortisol PGS; IGF-1 PGS.

c All variables: CRP; fibrinogen; IGF-1; age; sex; 10 PCs; CRP PGS; cortisol PGS; IGF-1 PGS; education; occupational social status; smoking 
status; alcohol consumption; physical activity; health (i.e., chronic lung disease; coronary heart disease; abnormal heart rhythm; heart 
murmur; congestive heart failure; angina; hypertension; diabetes; cancer; Parkinson’s; Alzheimer’s; dementia; asthma; arthritis; 
osteoporosis; psychiatric disorder).
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