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Abstract

Background: Allostatic load (AL) is a multi-system composite index for quantifying 

physiological dysregulation caused by life course stressors. For over 30 years, an extensive body 
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of research has drawn on the AL framework but has been hampered by the lack of a consistent 

definition.

Methods: This study analyses data for 67,126 individuals aged 40-111 years participating in 

13 different cohort studies and 40 biomarkers across 12 physiological systems: hypothalamic-

pituitary-adrenal (HPA) axis, sympathetic-adrenal-medullary (SAM) axis, parasympathetic 

nervous system functioning, oxidative stress, immunological/inflammatory, cardiovascular, 

respiratory, lipidemia, anthropometric, glucose metabolism, kidney, and liver. We use individual-

participant-data meta-analysis and exploit natural heterogeneity in the number and type of 

biomarkers that have been used across studies, but a common set of health outcomes (grip 

strength, walking speed, and self-rated health), to determine the optimal configuration of 

parameters to define the concept.

Results: There was at least one biomarker within 9/12 physiological systems that was reliably 

and consistently associated in the hypothesised direction with the three health outcomes in the 

meta-analysis of these cohorts: dehydroepiandrosterone sulfate (DHEAS), low frequency-heart 

rate variability (LF-HRV), C-reactive protein (CRP), resting heart rate (RHR), peak expiratory 

flow (PEF), high density lipoprotein cholesterol (HDL-C), waist-to-height ratio (WtHR), HbA1c, 

and cystatin C. An index based on five biomarkers (CRP, RHR, HDL-C, WtHR and HbA1c) 

available in every study was found to predict an independent outcome – mortality – as well or 

better than more elaborate sets of biomarkers.

Discussion: This study has identified a brief 5-item measure of AL that arguably represents a 

universal and efficient set of biomarkers for capturing physiological ‘wear and tear’ and a further 

biomarker (PEF) that could usefully be included in future data collection.
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INTRODUCTION

It has been proposed that lifetime exposure to psychosocial stressors increases the risk of 

diseases in later life by disrupting the physiological regulatory systems that are involved 

with initiating, maintaining, and inhibiting the stress response leading to greater ‘wear and 

tear’ on the body, and increased vulnerability to disease (Seeman et al., 2001). McEwen 

& Stellar (1993) invoked the concept of allostatic load (AL) to describe the physiological 

consequences when adaptive changes made by an organism in response to the experience of 

a stressor become maladaptive (i.e. dysregulated).

The neurobiological response to stress induces activation in two neuro-endocrine pathways - 

the sympathetic nervous system (SNS) and the hypothalamic-pituitary-adrenal (HPA) axis - 

that are central to the stress response. The SNS responds to the recognition of a stressor by 

releasing catecholamines (e.g. epinephrine, norepinephrine) that facilitate the rapid increases 

in heart rate, blood pressure, and respiration that enable the ‘fight or flight’ response, 

while the HPA system is responsible for the slower onset stress response which involves 

secretion of stress hormones (e.g. cortisol) to ensure the muscles have a steady supply of 
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energy (McEwen, 2008). These ‘primary mediators’ of the stress response – which also 

include pro and anti-inflammatory cytokines - play a positive role in adaptation by allowing 

the body to respond to short term demands that exceed resources, but chronic activation 

can cause damage to secondary regulatory systems (e.g. cardiovascular, metabolic, immune 

functioning) which is hypothesised to contribute, in turn, to early disease progression, 

morbidity, and mortality (i.e. tertiary outcomes) (Juster et al., 2016).

Researchers have attempted to capture variation in the physiological dysregulation resulting 

from such life-course stresses using an AL score, which is a multi-system composite 

index, usually involving neuroendocrine, immunological, cardiovascular, and metabolic 

components (Seeman et al., 1997; Szanton et al., 2005). Initial efforts to operationalize AL 

simply summed the number of parameters for which each participant scores in the highest 

quartile of clinical risk based on each biomarker’s distribution in the population studied. 

AL was originally measured using 10 biological parameters: epinephrine, norepinephrine, 

urinary cortisol, dehydroepiandrosterone sulfate, resting systolic and diastolic BP, waist-hip 

ratio, total and HDL cholesterol, and glycosylated haemoglobin. However, Seeman et 

al. (2010) acknowledged that: “this original set of 10 parameters was not meant to be 
comprehensive nor was it offered as a fixed/standard measure of AL” (p.228) as it was based 

on secondary data analyses from the MacArthur Successful Aging Study and was limited 

to available biological data. No gold standard measure of AL exists, and researchers have 

tended to use the list of biomarkers that are available to them to define AL. While the 

original authors did not wish to be prescriptive, the lack of a fixed definition has contributed 

to a type of atheoretical drift in the way AL has come to be defined in the literature.

Juster et al. (2010) reported that 51 different biomarkers had been used to define 

AL across 58 studies included in their systematic review. Of these, metabolic system 

biomarkers tended to be the most common (34%), followed by neuroendocrine (25%), 

cardiovascular (20%), anthropometric (11%), and immune system biomarkers (10%). 

Johnson et al. (2017) reported that 59 biomarkers were used in the 26 studies they 

reviewed which examined the relationship of socio-economic position with AL. The number 

of biomarkers employed ranged between 6-25 with a mode of 9. All studies included 

cardiovascular and metabolic system biomarkers, 82% included immune system biomarkers, 

58% included neuroendocrine system biomarkers, and substantially fewer studies included 

parasympathetic, respiratory, or biomarkers of kidney or liver functioning. Their analysis of 

study pairs revealed huge variation in the number of biomarkers shared between studies. 

Even within studies, there is considerable heterogeneity in how AL is defined. As a case 

in point, a recent paper noted that 21 analyses using the National Health and Nutrition 

Examination Survey (NHANES) calculated AL in 18 different ways using 26 different 

biomarkers (Duong et al., 2017). Surveying the literature, this tends to be the rule rather than 

the exception. Four recent papers using the UK Household Longitudinal Study (UKHLS, 

Understanding Society) dataset defined AL using a different set of biomarkers (Chandola et 

al., 2019; Karimi et al., 2019; Präg & Richards, 2019; Prior et al., 2018), as have papers 

using the English Longitudinal Study of Ageing (ELSA) (Coronado et al., 2018; Read 

& Grundy, 2014; Tampubolon & Maharani, 2018), and The Irish Longitudinal Study on 

Ageing (TILDA) (McCrory et al., 2019; McLoughlin et al., 2020).
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Although several critiques of the AL literature have been penned over the years (Beckie, 

2012; Dowd et al., 2009; Juster et al., 2016), the lack of consensus regarding which 

biomarkers should be used to define the concept remains, arguably, its most intractable 

problem. The lack of fidelity in the measurement of AL has two main consequences: (i) 

it renders comparisons across studies difficult, and (ii) it limits its potential utility as a 

screening tool for identifying pre-clinical health states (Rosemberg et al., 2020): one of 

its mooted applications. In essence, this represents a classic variable selection problem – 

leaving us with the question of how we can overcome the impasse? In this paper, we 

use individual-participant-data (IPD) meta-analysis and exploit natural heterogeneity in the 

number and type of biomarkers that have been used across 13 different cohort studies, but 

a common set of health outcomes, to determine the optimal configuration of biomarkers 

that can be used to define AL. Analyses presented here are designed to address a series 

of inter-related questions about the measurement of AL: (a) which biomarker works best 

within each physiological system to predict health? (b) are some physiological systems more 

important than others? (c) can we develop a subset of biomarkers that perform as well or 

better than longer, more elaborate batteries? (d) can we move towards a consensus definition 

of AL? A unique strength of these analyses is our ability to assess the consistency of the 

answers to these questions across data from 13 cohort studies.

METHODS

Study populations

Unlike many systematic reviews and meta-analyses which may consider the effect of one 

exposure / treatment on an outcome, AL indices comprise multiple biomarkers, so the effort 

required to pool and harmonise biomarkers across studies is substantial. Hence this study 

does not purport to represent a systematic review and meta-analysis of all AL studies, but 

was designed to calibrate a measure of AL from a reasonably representative sample of 

studies which were (1) publicly available or accessible to us through existing consortia, (2) 

collected biomarkers relevant to the AL concept, (3) measured walking speed and / or grip 

strength in addition to self-rated health, and (4) did not incur data access charges. Notable 

exclusions included the 1936 Lothian Birth Cohort (LBC), West of Scotland twenty-07 

cohort, the Northern Swedish Cohort, the Normative Aging Study, the Copenhagen Aging 

and Midlife Biobank (CAMB), the Atherosclerosis Risk in Communities (ARIC) study, the 

Coronary Artery Risk Development in Young Adults Study (CARDIA) and the Canadian 

Longitudinal Study on Aging (CLSA) which were not publicly available without additional 

collaboration agreement forms and / or incurred data access charges.

In total, we use data from 13 different cohort studies involving a total sample of 67,126 

individuals aged 40 to 111, 53.9% female. Inclusion criteria were mid-to-late life cohorts 

that are population-based and have collected detailed biomarker batteries alongside several 

objectively measured functional health outcomes and self-rated health. Four of the cohorts 

were part of the LIFEPATH consortium (Vineis et al., 2020): The Irish Longitudinal 

Study on Ageing (TILDA); a population-based cohort of community dwellers of Porto, 

in Portugal (EPIPorto); the Swiss Kidney Project on Genes in Hypertension (SKIPOGH), 

and Cohorte Lausannoise (CoLaus/PsyCoLaus). The remaining nine cohorts were publicly 
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available. Four were accessed via the UK Data Service: the 1958 National Child and 

Development Study (NCDS) (University of London, 2019b); the 1970 British Cohort Study 

(BCS) (University of London, 2019a); the UK Household Longitudinal Study (UKHLS, also 

known as Understanding Society) (University of Essex. Institute for Social and Economic 

Research, 2014), and the English Longitudinal Study of Ageing (ELSA) (Marmot, 2017).

Two were accessed from the InterUniversity Consortium for Political and Social Research 

(ICPSR): Midlife in the United States (MIDUS II) Biomarker Project (Ryff, 2019) and 

the Social Environment and Biomarkers of Aging Study (SEBAS) (Weinstein, 2014). The 

remaining three datasets were the US Health and Retirement Study (HRS); the National 

Health and Nutrition Examination Survey (NHANES), and the Health and Ageing Study 

in Africa: A Longitudinal Study of an INDEPTH Community in South Africa (HAALSI) 

cohort. As most of these studies are prospective and have collected biomarkers at more 

than one sweep, we decided to include data for the sweep that was richest in terms of the 

number of biomarkers collected. For example, the 2016 sweep of data collection for HRS 

was included, despite the study starting in 1992 as they performed a venous blood draw and 

assayed more biomarkers than other sweeps. The mean age of the samples ranged from 44.1 

(SD=0.24) years in the NCDS to 66.2 years (SD=10.9) in the HRS. A detailed description of 

the study cohorts and of the sampling design is presented in the supplementary appendix.

Health Outcomes

As our dependent variables, we use three health outcome measures – grip strength, walking 

speed, and participant self-rated health (SRH). Detailed methods of assessment for each 

health outcome in each study are described in Supplementary Table S1. Grip strength is 

a measure of upper extremity muscle strength that has prognostic value as an indicator of 

functional decline and mortality (Bohannon, 2008). Grip strength was available in 11/13 

studies (excluding NHANES and NCDS) and measured using a hand dynamometer which 

consisted of a gripping handle and strain gauge. Each study collected at least one reading 

in each of the dominant and non-dominant hands. We use maximal grip strength (kgs). 

Walking speed requires the co-ordinated action of a number of different physical systems 

including the nervous, musculoskeletal, and cardiopulmonary systems; and serves as a 

useful indicator of health and vitality in older adults (Middleton et al., 2015). Walking 

speed was measured in 8/13 studies (HRS, NHANES, MIDUS II, ELSA, TILDA, EPIPorto, 

HAALSI, and SEBAS). The distance travelled ranged between 2.5 - 15.24 metres across 

studies. We standardized the outcome across studies to express walking speed as the distance 

travelled in centimetres per second (cm/sec). SRH was employed as not all studies collected 

objective health outcomes. As the wording and response categories varied across studies, 

harmonisation was conducted by generating a binary variable to indicate fair/poor/bad, 

rather than good, very good or excellent, health.

Biomarkers

Supplementary Table S2 describes the biomarkers that were available within each study 

to measure AL. We included respondents who had data for at least one biomarker and 

at least one health outcome. Case numbers for each biomarker for each study cohort, 

and the cohort-specific variable name is reported in the supplementary excel spreadsheet. 
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In total, data were available for 51 biomarkers across 12 physiological systems – (i) 

sympathetic-adrenal-medullary (SAM) axis, (ii) hypothalamic-pituitary-adrenal (HPA) axis, 

(iii) parasympathetic nervous system functioning, (iv) oxidative stress, (v) immunological/
inflammatory, (vi) cardiovascular, (vii) respiratory, (viii) anthropometric, (xi) lipidemia, (x) 

glucose metabolism, (xi) kidney, and (xii) liver. Meta-analysis requires the inclusion of a 

minimum of two or more studies to derive a pooled effect size estimate. Therefore, the 

biomarker had to be available in at least two studies in which the three health outcomes were 

also measured to be included in the analysis. When these exclusion criteria were applied, 

a final panel of 40 biomarkers across 12 physiological systems remained. Biomarkers were 

harmonised prior to analysis to ensure they were expressed in the same metric. Mean values 

for each biomarker across studies are shown in Supplementary Table S3.

Following the classic “count-based” method (Seeman et al., 2010), empirically defined 

high-risk thresholds were distinguished based on the distribution of each biomarker in the 

sample; “1” was assigned to values falling above the 75th percentile of the distribution for 

each marker, and “0” was assigned to values below this threshold. We use study specific 

cut-points to define high risk as AL is supposed to capture pre-clinical disease states, 

and there are no standard clinical cut-points for many of the biomarkers (e.g. cortisol, 

heart-rate-variability etc.). This method is advantageous as is the most common approach 

in published studies, eliminates the need to standardize the measurements across labs, and 

obviates the requirement to apply transformations to account for skewedness of biological 

data. Limitations include the potential loss of information resulting from dichotomising 

a continuous variable, and population-specific risks which may not be generalisable to 

other studies. Nevertheless, studies comparing the predictive utility of a suite of scoring 

algorithms suggest this is not a major issue (Li et al., 2019; McLoughlin et al., 2020; Seplaki 

et al., 2005). Indeed, the count-based method performs well relative to more complicated 

scoring systems (e.g., factor scores). There were several biomarkers for which higher values 

indicate lower clinical risk, so we reversed the scores prior to calculating the cut-offs by 

multiplying by −1.

Statistical Analysis

Two-stage individual-participant-data (IPD) meta-analysis was implemented using the 

ipdmetan package in Stata (Fisher, 2015). The first stage involves fitting the specified model 

to each individual study’s data to derive a study-specific effect estimate and variance. In the 

second stage, the effect estimates are combined using an inverse variance weighting method 

to derive a weighted average (pooled) effect estimate for each biomarker. The inter-study 

variance was estimated using restricted maximum likelihood (REML) estimation with the 

Hartung-Knapp-Siduk-Jonkman (HSJK) method (Langan et al., 2019) and assessed using 

the I2 and tau2 statistic. I2 is the proportion of the total variation in the effect estimate due 

to between-study variability, while tau2 is the between-study variance estimate. In line with 

best current practice, we also report a 95% prediction interval (PI) which is a range of values 

likely to contain the value of a single new observation based on our existing model and can 

be used to quantify heterogeneity in model performance (Inthout, Ionnadis, Rovers, et al., 

2016).
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Meta-analyses of health studies typically contain few studies and simulation studies have 

shown that the estimated summary effect of the HSJK method is robust to changes in the 

heterogeneity variance estimate and works well in situations where there are small numbers 

of studies (Langan et al., 2019). We estimated separate linear regression models with respect 

to grip strength and walking speed adjusting for age (years), sex, and measured height 

(cm). The binary SRH measure was modelled using logistic regression adjusting for age 

and sex. We report the overall effect estimate, associated 95% confidence interval as well 

as I2, tau2, and the 95% PI for each biomarker in respect of each health outcome. Having 

identified the best performing biomarker (if any) within each physiological system, we then 

compare how well a composite index composed of these biomarkers performed in predicting 

an independent criterion, mortality, compared with longer and more elaborate batteries. 

Mortality data were available in 10/13 studies contributing to this analysis, with the length 

of follow-up ranging between 2-14 years (Table 1). As time to event was not available in all 

studies, we use a binary variable to indicate mortality status.

RESULTS

The aggregated results for the 40 biomarkers across the 12 different physiological systems 

are depicted graphically in Figures 1–3 for grip strength, walking speed, and SRH 

respectively, and measures of between study heterogeneity are provided in Supplementary 

Table S4. We discuss results for each physiological system in turn, drawing attention to 

which biomarker (if any) within that system was most strongly and consistently associated 

with the 3 health outcomes.

Hypothalamic-Pituitary-Adrenal (HPA) axis

The HPA system is responsible for the slower onset stress response. Two measures 

of HPA-axis functioning were available for analysis across the diverse cohorts: 

dehydroepiandrosterone sulphate (DHEAS) and cortisol. DHEAS is the sulphated form of 

the molecule dehydroepiandrosterone (DHEA), it declines rapidly with age, and low levels 

may indicate a problem with adrenal functioning (Urbanski et al., 2013). Cortisol is the 

primary glucocorticoid secreted by the HPA-axis following exposure to a stressor and plays 

an important role in the physiological response to stress (Sapolsky et al., 2000). DHEAS 

was available in 5/13 studies (HRS, ELSA, MIDUS II, UKHLS, SEBAS) while urinary 

cortisol measurements were available in 3/13 studies (MIDUS II, SEBAS, SKIPOGH). 

Lower DHEAS was associated with lower grip strength (B = −1.02, 95CI= −1.12, −0.92), 

slower walking speed (B = −3.83, 95CI= −6.23, −1.43), and worse SRH (OR = 1.74, 95CI= 

1.51, 2.00). Despite its centrality to the theory of AL, cortisol was not related to the health 

outcomes assessed in the meta-analysis of these cohorts.

Sympathetic-Adrenal-Medullary (SAM) axis

Alongside glucocorticoids, catecholamines play a key role in the stress response because 

they are mediators of the adaptation of many systems of the body to acute challenges 

(McEwen, 2008). The sympathetic nervous system responds to the recognition of a 

stressor by releasing catecholamines that facilitate the rapid increases in heart rate, blood 

pressure, and respiration that enable the ‘fight or flight’ response. Despite the hypothesised 
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importance of these biomarkers as primary mediators in the original conceptualisation of 

AL, direct measures of SAM activation are rarely included in population-based surveys and 

were only available in two studies (MIDUS II and SEBAS). However, neither epinephrine 

nor norepinephrine were related to the health outcomes assessed in the meta-analysis of 

these cohorts.

Parasympathetic nervous system

Heart rate variability (HRV) refers to the variation in time between successive heart beats 

and is a standard non-invasive method for evaluating autonomic nervous system functioning. 

Variability is considered an important and adaptive characteristic of the stress-response 

machinery as it allows the body to make accommodations in respiration and cardiac outflow 

in response to physical and psychological stressors. Higher HRV is therefore considered 

healthy as it signifies neurovascular compliance. Parasympathetic Nervous System (PNS) 

biomarkers were available in only two studies (TILDA and MIDUS II). The four PNS 

biomarkers common to both studies included two time-domain indices: the standard 

deviation of R-to-R intervals (SDRR) and root mean square of successive differences 

(RMSSD) and two frequency-domain indices: low frequency (LF-HRV) and high frequency 

heart rate variability (HF-HRV). LF-HRV was found to be the best performing biomarker 

within this system, with lower variability being consistently associated with lower grip 

strength (B = −0.50, 95CI= −1.49, 0.49), slower walking speed (B = −3.35, 95CI= −4.14, 

−2.57), and worse SRH (OR = 1.76, 95CI= 1.32, 2.33).

Oxidative stress

Oxidative stress is caused by an imbalance between production and accumulation of reactive 

oxygen species in cells and tissues and the reduced ability of antioxidant defences to 

detoxify these reactive products (Pizzino et al., 2017). Oxidative stress biomarkers included 

uric acid which was available in 4/13 studies (SKIPOGH, Colaus/PsyCoLaus, EPIPorto, 

SEBAS) and homocysteine which was available in 2/13 studies (HRS and SEBAS). Neither 

uric acid nor homocysteine were found to relate to the health outcomes in the meta-analysis 

of these cohorts, although the confidence intervals around the estimates were large given the 

small number of studies in which they were assessed.

Inflammatory / Immune system

The absolute number of different biomarkers measured across studies was greatest for 

measures of the inflammatory/ immune system involving 10 in total. Consistent with the 

hypothesis that chronic low-grade inflammation is a common thread in the pathophysiology 

of ageing (Cevenini, Monti & Franceschi et al., 2013), we observed a general pattern 

whereby the constellation of inflammatory biomarkers tended to be negatively related to 

health state, although the magnitude of the associations varied across biomarkers. CRP 

was available in all studies and was consistently associated with lower grip strength (B = 

−0.78, 95CI= −1.05, −0.50), slower walking speed (B = −6.35, 95CI= −8.31, −4.39), and 

worse SRH (OR = 1.88, 95CI= 1.61, 2.20). Likewise, the coefficients for fibrinogen were 

marginally lower than those observed for CRP, although measured in fewer studies overall 

(6/13). Albumin was inversely associated with grip strength (B = −1.57, 95CI= −2.09, 

−1.05) and SRH (OR = 1.66, 95CI= 1.11, 2.47), but not with walking speed. Although 
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available in only 6/13 studies, the primary cytokine IL6 was also found to be consistently 

associated with lower grip strength (B = −0.93, 95CI= −1.90, 0.03), slower walking speed 

(B = −6.85, 95CI= −8.46, −5.24), and worse SRH (OR = 1.60, 95CI= 1.08, 2.38). IGF1 

was available in 7/13 studies and was associated with lower grip strength (B = −0.53, 95CI= 

−1.02, −0.04) and worse SRH (OR = 1.34, 95CI= 1.15, 1.57), while IL1ra, IL10, ICAM, and 

E-Selectin, were found to be unrelated to the 3 health outcomes.

Cardiovascular system

Cardiovascular measures are the most employed biomarkers of AL across studies (Juster 

et al., 2010; Misiak et al., 2022), and systolic blood pressure (SBP), diastolic blood 

pressure (DBP) and resting heart rate (RHR) were available in all 13 studies. Assessment 

usually involved 2-3 measurements in each study expressed as the mean value averaged 

over the number of measurement occasions. Although measures of blood pressure and 

RHR are intimately related, RHR was most strongly related to the 3 health outcomes 

under examination in the meta-analysis of these cohorts. Being dysregulated in RHR was 

associated with lower grip strength (B = −0.45, 95CI= −0.67, −0.24), slower walking speed 

(B = −3.43, 95CI= −5.64, −1.22), and worse SRH (OR = 1.56, 95CI= 1.36, 1.79). By 

contrast, SBP and DBP performed poorly. Indeed, being dysregulated in SBP and DBP was 

found, counter-intuitively, to be associated with higher grip strength, while neither measure 

was related to walking speed or SRH when pooled across studies. For the age range included 

in this study, SBP increases and DBP decreases with age, which is why pulse pressure (i.e. 

SBP – DBP) may be preferred as a biomarker of risk at older ages. Nevertheless, pulse 

pressure did not perform notably better than SBP or DBP. Medication use represents a 

major confounding factor as a substantial proportion of the older population are using anti-

hypertensive medications. Prior studies have accounted for this by treating someone as being 

biologically dysregulated in blood pressure if they are using anti-hypertensive medications 

(Geronimus et al., 2006). We therefore re-estimated the models including cohorts for whom 

medication data was available (9/13). Supplementary Table S5 shows that the relationship 

of blood pressure (SBP, DBP, pulse pressure) with our various outcome measures improved 

substantially when we account for medication use.

Respiratory System

Peak expiratory flow (PEF) measurement is a simple measure of the air expelled from the 

lungs during forceful expiration following full inspiration and was available in 6/13 cohorts. 

Scoring in the lowest quartile of the distribution with respect to respiratory functioning was 

associated with a ~2kg reduction in grip strength (B = −2.09, 95CI= −2.48, −1.70), ~10 

cm/sec slower walking speed (B = −10.27, 95CI= −16.03, −4.51), and two times the odds of 

reporting fair/poor SRH (OR = 2.07, 95CI= 1.71, 2.51).

Anthropometric

Metabolic system dysregulation was measured using two sub-systems - anthropometric 

measures of body fat composition, and serum measures of blood glucose intolerance. Body 

mass index (BMI), waist circumference (WC), waist-hip-ratio (WHR), and waist-to-height 

ratio (WtHR) are all measures used to estimate body fat composition. WtHR was found to 

be the best performing biomarker within the anthropometric system and was associated with 
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lower grip strength (B = −0.52, 95CI= −1.05, 0.02), markedly slower walking speed (B = 

−10.11, 95CI= −13.56, −6.65) and worse SRH (OR = 2.11, 95CI= 1.76, 2.54). WHR was 

available in fewer studies (8/13) but was also associated with lower grip strength, slower 

walking speed, and worse SRH. Paradoxically, being in the highest quartile of the risk 

distribution with respect to BMI was associated with higher grip strength (B= 0.58, 95CI= 

0.06, 1.08).

Lipidemia

Markers of lipid dysregulation are amongst the most common biomarkers used in the 

calculation of the AL score in the extant literature and were well represented across the 

different studies. Measures of total cholesterol (TC), high-density lipoprotein cholesterol 

(HDL-C), and triglycerides were available in all 13 studies, while low-density lipoprotein 

cholesterol (LDL-C) was available in fewer studies (8/13). The ratio of TC to HDL 

cholesterol was derived for all cohorts (TC/HDL ratio). HDL cholesterol outperformed 

all other lipid biomarker in terms of its association with the health outcomes assessed 

in this study. Scoring in the highest HDL quartile (reversed, i.e., lower levels of HDL 

cholesterol), was consistently associated with lower grip strength (B = −0.09, 95CI= −0.34, 

0.16), slower walking speed (B = −5.04, 95CI= −7.13, −2.95), and worse SRH (OR = 1.65, 

95CI= 1.40, 1.94). Importantly, TC is considered a mainstay of the AL measure yet was 

found to be associated with the health outcomes in the opposite direction than hypothesised. 

Similar patterns were observed for LDL cholesterol. In sensitivity analyses, we attempted to 

account for medication usage by counting participants as biologically dysregulated in total 

cholesterol if taking lipid modifying medications (Supplementary Table S5). The association 

of TC with the outcome measures were closer to expected associations after accounting for 

medication use.

Glucose metabolism

Metabolic alterations are a central feature of the ageing process (López-Otín et al., 2016), 

characterised by insulin resistance, changes in body composition, and physiological declines 

in growth hormone (Barzilai et al., 2012). Three measures of blood glucose metabolism 

were considered in the present study, including fasting insulin levels (3/13), fasting blood 

glucose levels (8/13), and glycated haemoglobin (HbA1c) (11/13). Insulin is a hormone 

secreted by the pancreas which helps regulate blood glucose levels by signalling muscle, 

liver, and fat cells to absorb glucose from the blood. Blood glucose indicates the average 

level of glucose in the blood, while glycated haemoglobin (HbA1c) reflects an individual’s 

average glycaemic control over a longer time-period (approx. 8-12 weeks). Overall, the 

glucose-based biomarkers were associated with the health outcomes in the hypothesised 

direction.

Renal system

Two measures of renal function were available in a subset of studies: Serum creatinine was 

available in 6/13 studies, while cystatin C (CYS-C) was available in 3/13 studies. Creatinine 

and CYS-C are used to estimate glomerular filtration rate because they are freely filtered 

at the level of the glomerulus (functioning unit of the kidney). Creatinine is a by-product 

of muscle cell catabolism, while CYS-C is produced by all nucleated cells meaning it may 
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have broader impacts on ageing biology beyond just the renal system. In the meta-analysis 

of these cohorts, being dysregulated in CYS-C was associated with lower grip strength (B 

= −1.48, 95CI= −3.55, 0.59), slower walking speed (B = −9.39, 95CI= −14.09, −4.69), and 

worse self-reported health (OR = 2.13, 95CI= 1.53, 2.96). On the other hand, creatinine 

measures performed less well in this regard.

Liver system

Liver based biomarkers have rarely been utilised in AL research to date, although a recent 

study by Karimi et al. (2019) using the UKHLS dataset included alanine transaminase (ALT) 

and aspartate transaminase (AST) as part of an expanded AL composite. Elevated levels 

of ALT and AST may indicate liver disease, although AST is considered a less specific 

marker for liver injury than ALT due to expression in other tissues (Giboney, 2005). These 

two biomarkers were available in HRS and SEBAS, in addition to the UKHLS, but neither 

related strongly to the health outcomes assessed in this study.

Summary of results

There was at least one biomarker within 9/12 systems that was reliably and consistently 

associated in the hypothesised direction with the three health outcomes under investigation 

in the meta-analysis of these cohorts. The list includes DHEAS, LF-HRV, CRP, RHR, PEF, 

HDL-C, WtHR ratio, HbA1c, and CYS-C. Biomarkers of SAM functioning, oxidative stress, 

and liver functioning were not related to the health outcomes in our meta-analysis, although 

it should be acknowledged that these biomarkers were available in fewer studies overall. The 

results of the analysis suggest that these 9 biomarkers might constitute an efficient panel of 

biomarkers for capturing physiological ‘wear and tear’. Unfortunately, these 9 biomarkers 

were not all available within a single study. There was, however, a subset of five biomarkers 

(CRP, RHR, HDL-C, WtHR, and HbA1c) common to almost all studies that may constitute 

an abbreviated five-item measure of AL.

Validating an abbreviated five-item measure of AL

We sought to determine how well this brief measure compared with longer, more elaborate 

batteries in predicting mortality, which was available for 10/13 studies. If a study included 

any of the four additional biomarkers (DHEAS, LF-HRV, PEF, CYS-C) which the meta-

analysis suggested might serve as useful adjuncts to the short five-item index, we created 

additional indices to determine whether the predictive performance of the five-item AL 

measure was improved by the addition of that biomarker. These alternate indices were 

compared against the common set by variance explained (R2); and model fit (Bayesian 

Information Criterion (BIC)) as the models were non-nested. Following Raftery (1995), 

an absolute reduction in BIC of between 0-2, 2-6, 6-10, and 10 or more was deemed to 

provide weak, positive, strong, and very strong evidence for alternative model specifications, 

respectively. The results of these analyses are depicted graphically in Figure 4 and summary 

statistics are presented in Supplementary Table S6. In general, we found that the abbreviated 

five-item measure performed as well or better than more elaborate batteries in predicting 

mortality, with only a marginal loss in R2. However, in general, the performance of the 

five-item index was improved markedly by the addition of PEF, and to a lesser extent by 

DHEAS and CYS-C, but not LF-HRV.
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DISCUSSION

The AL framework has generated a large volume of publications in the last three decades 

but has been criticised for the lack of consistent definition. This meta-analytic study was 

motivated by the desire to identify a core set from among the broad array of biomarkers 

that have been used to instantiate the concept. The results of this IPD meta-analytic study 

moves the field forward by enabling teams of researchers working with the AL framework to 

make informed decisions regarding which biomarkers are integral to the concept and which 

are more peripheral, at least in the context of physical health. We acknowledge that our 

findings are based on selected outcomes and future work should seek to expand the range of 

outcomes examined.

A brief five-item AL measure

We identified a small panel of five, primarily cardio-metabolic biomarkers – CRP, RHR, 

HDL, WtHR, and HbA1c - that were available in most studies contributing to this IPD 

meta-analysis that were consistently associated with health status. An abbreviated AL 

measure comprising our five biomarkers was found to predict mortality as well as longer, 

more elaborate AL batteries. Notably, three of these biomarkers - CRP, Hba1C, and RHR 

– (alongside PEF), were among the most strongly predictive of all-cause mortality in a 

prior study involving the NCDS cohort, while measures of HPA-axis activation such as 

baseline cortisol and change in cortisol, were not (Castagne, Garès, Karimi et al., 2018). 

An obvious tension therefore exists between selecting biomarkers that remain faithful to 

the original theoretical exposition of AL, which emphasised the centrality of the primary 

stress mediators in the physiological cascade that leads to disease states; or choosing 

biomarkers that predict health outcomes. Our analytical strategy was designed to select 

the best performing set of biomarkers across different physiological systems based on their 

association with several important health outcomes irrespective of their association with 

stress. One interpretation of the results is that chronic inflammation is the common thread 

linking the biomarkers with the health outcomes as inflammation is strongly implicated in 

the development of many age-related diseases (Cevinini et al., 2013).

We expound briefly on each of the five biomarkers that comprise our abbreviated AL 

index. CRP is an acute phase inflammatory protein produced by cells in the liver during 

an inflammatory episode, largely in response to signalling by interleukin-6 and other 

primary cytokines. As a non-specific marker of inflammation, elevated levels of CRP may 

indicate the presence of acute inflammation, low grade chronic inflammation, or a state of 

upregulated tissue repair and regeneration, which incurs a physiological cost (Del Giudice 

& Gangestad, 2018). RHR is a readily available vital sign that holds important prognostic 

information about general health state as it reflects the number of times the heart beats in 

a minute while inactive, so a higher RHR signifies that the heart is having to work harder 

to pump blood around the body. The heart is a muscle subject to biomechanical stress, 

so it is perhaps unsurprising that a higher RHR has been identified as a risk factor for 

incident cardiovascular disease (CVD) and cardiovascular mortality in many studies (Zhang 

et al., 2016). WtHR ratio is a simple measure of central adiposity that has recently received 

attention as a biomarker of health risk (Ashwell & Gibson, 2016), and possesses properties 
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that arguably make it a better metric of body composition compared with other measures of 

total or central adiposity. HDL cholesterol is known as ‘good cholesterol’ as it helps remove 

other forms of harmful cholesterol from the bloodstream via the liver. Low HDL cholesterol 

is a well-established biomarker of dyslipidemia that has been inversely associated with 

CVD risk in a number of meta-analyses (Di Angelantonio et al., 2009). Finally, glycated 

haemoglobin (HbA1c) serves as a biomarker of pre/diabetes and provides a read-out of 

average blood sugar levels over a longer time horizon (2-3 months) compared with fasting 

glucose or insulin.

These biomarkers have the advantage of being relatively inexpensive, easy-to-measure 

variables that have well-established clinical cut-points enabling direct comparisons across 

studies and hold promise as a sub-clinical index of physiological dysregulation with 

diagnostic utility as long envisaged with the AL concept. As a further sensitivity check, we 

generated a clinical risk score based on established cut-offs for CRP, RHR, HDL-C, WtHR, 

and HbA1c, and compared its performance against study-specific cut-points. In general, 

results using study-specific cut-points (OR=1.31; 95CI = 1.22, 1.40; 95PI = 1.14, 1.50) 

(Supplementary Figure S1) were very similar to results obtained using high-risk clinical 

cut-points (OR=1.34; 95CI = 1.20-1.49; 95PI = 1.01, 1.78) (Supplementary Figure S2). 

We generated a funnel plot (Supplementary Figure S3) to check for potential bias in the 

studies included in our IPD meta-analysis, but the graph looks fairly symmetrical given 

the relatively small number of studies and some heterogeneity in terms of the general 

characteristics of the cohorts. Finally, the magnitude of the effect sizes reported here are 

entirely consistent with the results of a recent systematic review and meta-analysis that 

examined the relationship of AL with mortality and reported hazard ratios of 1.22 (95CI = 

1.14, 1.30) and 1.27 (95CI = 1.10, 1.46) using population-based and clinic-based cut-offs 

respectively (Parker et al., 2022). We tested for effect modification by fitting an AL*sex 

interaction term in the IPD meta-analysis, but it was non-significant in respect of both the 

population-based (Figure S4) and clinic-based cut-offs (Figure S5).

Would our conclusion have been different if we had calibrated our AL measure using 

mortality as the dependent variable? In short, no. Supplementary figure S6 indicates that our 

conclusions would have been the same, and that CRP (OR = 2.14, 95CI= 1.85, 2.47), RHR 

(OR = 1.82, 95CI= 1.56, 2.11), HDL (OR = 1.30, 95CI= 1.18, 1.44), WtHR (OR = 1.33, 

95CI= 1.11, 1.60), and HBA1c (OR = 1.22, 95CI= 0.91, 1.64) were all positively associated 

with increased odds of mortality in the meta-analysis of these cohorts.

An expanded 8-item AL measure

The supplementary analyses suggest that the five-item measure could be improved, 

particularly by the addition of PEF, and to a lesser extent DHEAS and CYS-C. In fact, 

the results for PEF make a compelling case for it to be included as a core constituent 

of a 6-item AL index, except that it was not available in every cohort. PEF was the best 

performing biomarker in terms of its absolute effect sizes across the three health outcomes, 

which is perhaps unsurprising as it likely operates as a surrogate measure of physical health 

and lifetime smoking (Enright et al., 2001; Trevisan et al., 2019), as well as exposure to 

other occupational and environmental toxins. DHEAS was strongly associated with each of 
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the three health outcomes and is generally regarded as being a reliable endocrine biomarker 

of ageing because circulating levels are very high in young adulthood and decline rapidly 

with age. Finally, there is growing evidence that CYS-C is more than just a marker of kidney 

disease as it is produced by all nucleated cells and its range of peptidase and proteolytic 

inhibitory functions, coupled with expression in almost all tissues, means it has broader 

impact on ageing biology beyond just the renal system (Zi & Xu, 2018).

Re-evaluation and retrenchment

One of the most interesting findings to emerge from this study was that the biomarkers of 

neuroendocrine functioning, which are posited to play a central load in the physiological 

cascade that contributes to allostatic overload, were for the most part, unrelated to the three 

physical health outcomes examined; although it should be acknowledged that epinephrine, 

norepinephrine and cortisol were measured in few studies overall. Furthermore, numerous 

reviews have documented challenges in the measurement of these biomarkers (Peaston & 

Weinkove, 2004), particularly cortisol (El-Farhan et al., 2017), which may help account for 

the lack of a signal in this study. These biomarkers may impact outcomes, not through levels 

- which is what is generally measured (e.g. average overnight output) - but through patterns 

of activity, as these systems (especially the catecholamines), oscillate rapidly over the course 

of a day making it difficult to use them as biomarkers. The corollary is that available data 

are less well-suited for picking up the potential impacts of dysregulation in these systems as 

they are measured on different time scales.

There were other biomarkers, considered mainstays of the AL index such as SBP, DBP, and 

total cholesterol that were not strongly related to the outcomes we measured. We found that 

medication use represented a major confounding factor as a substantial proportion of older 

persons use anti-hypertensives or statins. Despite this, not all studies capture medication 

usage, nor indeed account for it when constructing their AL composites. Some theorists 

have argued that a person should be counted as biologically dysregulated if they are taking 

medications (Geronimus et al., 2006), while others have argued that biomarker levels are 

controlled under these circumstances, and hence, the person should not be counted as 

biologically dysregulated unless they fall into the highest risk quartile (Seeman et al., 2004), 

yet others suggest a 0.5 point weighting to indicate some level of elevated risk (Rodriquez 

et al., 2019). Notwithstanding these caveats, the central point remains that these biomarkers 

may be less than ideal components of the AL index in studies including older people unless 

medication usage is accounted for.

Recommendations

The lack of a gold standard definition has been a persistent criticism levelled at the AL 

framework since its inception. This study represents an initial attempt to distil a core set 

from the wide array of biomarkers that have been used to instantiate the concept, and, 

it is hoped, stimulate further research in this vein. Of course, our study also has several 

limitations that arguably hamper any conclusions that can be drawn. These limitations 

include: (i) the lack of a systematic review and meta-analysis to inform the inclusion of 

studies so it should be acknowledged that the included studies represent only a subset 

of the wider corpus of studies that have measured AL, (ii) some heterogeneity in the 
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general characteristics of the included cohorts (iii) a restricted age sample focused on 

mid-to-late life so we do not know whether these results can be generalised to younger 

cohorts, (iv) exclusion (e.g. testosterone) or under-representation (e.g. cortisol. epinephrine / 

norepinephrine) of some biomarkers that are central to the theory of AL which tend to 

be less represented in large population-based cohort studies and may bias results and 

conclusions, (v) not stratifying biomarker levels by sex as men and women are known 

to differ in levels of specific biomarkers, (vi) failure to account for medication usage when 

characterising dysregulation, and (vii) the choice of outcome variables which focus on 

objective physical function and SRH as opposed to selecting biomarkers based on disability, 

disease states or mortality (although we used mortality in our sensitivity analysis) (viii) the 

use of cross-sectional data so which assumes that elevated levels the biomarkers leads to 

worse health (rather than the reverse).

While acknowledging these caveats, we would also point to a number of strengths including, 

samples that span the relevant age range for these outcomes, samples that span continents, 

samples that have extensive biomarker data available, and an analytical approach to the 

problem of variable selection designed to move the field forward. The panel of biomarkers 

selected to represent the core construct may help address some of the essential criticisms 

associated with the AL framework, most notably, that it lacks construct validity since its 

formulation varies from study to study.

This meta-analytic investigation suggests that some of these issues can be addressed in the 

following way:

1. Studies should consider reporting results for the common set of five biomarkers 

to allow for comparison of cumulative physiological burden across different 

socio-demographic groups and age ranges.

2. Studies should consider reporting results for the common set of five biomarkers 

using clinical cut-points to facilitate comparisons across studies.

3. De novo studies should consider including the expanded eight-item measure as 

well as other theoretically informed biomarkers.

4. Studies should take account of medication usage when calculating AL composite 

measures.

5. Researchers should endeavour to include measures of neuroendocrine 

functioning to allow for a fuller understanding of their role in predicting disease 

as they are still under-represented in many studies of allostatic load, particularly 

observational panel studies.

6. Researchers should revisit this question using other extant datasets and outcome 

variables to determine how well the proposed abbreviated panel works, and ways 

in which it could be further refined or improved.

These suggestions are offered only as a harmonising framework for comparative research, 

and it is anticipated that the panel will continue to be expanded and refined as teams of 

researchers revisit this issue armed with better data or newer analytical approaches, and a 

range of different outcome variables.
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Study specific associations of being dysregulated in each biomarker with maximal grip 

strength (kgs)
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Appendix B: 
Study specific associations of being dysregulated in each biomarker with walking speed 

(cms/sec)

McCrory et al. Page 26

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



McCrory et al. Page 27

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



McCrory et al. Page 28

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



McCrory et al. Page 29

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



McCrory et al. Page 30

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Appendix C: 
Study specific associations of being dysregulated in each biomarker with fair/poor self-rated 

health

References

Ashwell M, & Gibson S (2016). Waist-to-height ratio as an indicator of ‘early health risk’: simpler 
and more predictive than using a ‘matrix’ based on BMI and waist circumference. BMJ Open, 6(3), 
e010159. 10.1136/bmjopen-2015-010159

McCrory et al. Page 31

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Barzilai N, Huffman DM, Muzumdar RH, & Bartke A (2012). The critical role of metabolic pathways 
in aging. Diabetes, 61(6), 1315–1322. 10.2337/db11-1300 [PubMed: 22618766] 

Beckie TM (2012). A systematic review of allostatic load, health, and health disparities. Biol Res Nurs, 
14(4), 311–346. [PubMed: 23007870] 

Bohannon RW (2008). Hand-grip dynamometry predicts future outcomes in aging adults. J Geriatr 
Phys Ther, 31(1), 3–10. 10.1519/00139143-200831010-00002 [PubMed: 18489802] 

Castagné R, Garès V, Karimi M, Chadeau-Hyam M, Vineis P, Delpierre C, Kelly-Irving M; Lifepath 
Consortium. Allostatic load and subsequent all-cause mortality: which biological markers drive the 
relationship? Findings from a UK birth cohort. Eur J Epidemiol. 2018 May;33(5):441–458. doi: 
10.1007/s10654-018-0364-1. [PubMed: 29476357] 

Cevenini E, Monti D, & Franceschi C (2013). Inflamm-ageing. Curr Opin Clin Nutr Metab Care, 
16(1), 14–20. 10.1097/MCO.0b013e32835ada13 [PubMed: 23132168] 

Chandola T, Booker CL, Kumari M, & Benzeval M (2019). Are Flexible Work Arrangements 
Associated with Lower Levels of Chronic Stress-Related Biomarkers? A Study of 6025 Employees 
in the UK Household Longitudinal Study. Sociology, 53(4), 779–799. 10.1177/0038038519826014

Coronado JIC, Chandola T, & Steptoe A (2018). Allostatic Load and Effort-Reward Imbalance: 
Associations over the Working-Career. Int J of Env Res Publ He, 15(2), 191. 10.3390/
ijerph15020191

Del Giudice M, & Gangestad SW (2018). Rethinking IL-6 and CRP: Why they are more 
than inflammatory biomarkers, and why it matters. Brain, Behav Immun, 70, 61–75. 10.1016/
j.bbi.2018.02.013 [PubMed: 29499302] 

Di Angelantonio E, Sarwar N, Perry P, Kaptoge S, Ray KK, Thompson A, Wood AM, Lewington S, 
Sattar N, Packard CJ, Collins R, Thompson SG, & Danesh J (2009). Major lipids, apolipoproteins, 
and risk of vascular disease. JAMA, 302(18), 1993–2000. 10.1001/jama.2009.1619 [PubMed: 
19903920] 

Dowd JB, Simanek AM, & Aiello AE (2009). Socio-economic status, cortisol and allostatic load: a 
review of the literature. Int J Epidemiol, dyp277.

Duong MT, Bingham BA, Aldana PC, Chung ST, & Sumner AE (2017). Variation in the Calculation 
of Allostatic Load Score: 21 Examples from NHANES. J Racial Ethn Health Disparities, 4(3), 
455–461. 10.1007/s40615-016-0246-8 [PubMed: 27352114] 

El-Farhan N, Rees DA, & Evans C (2017). Measuring cortisol in serum, urine and saliva - are our 
assays good enough? Ann Clin Biochem, 54(3), 308–322. 10.1177/0004563216687335 [PubMed: 
28068807] 

Enright PL, McClelland RL, Buist AS, & Lebowitz MD (2001). Correlates of peak expiratory 
flow lability in elderly persons. Chest, 120(6), 1861–1868. 10.1378/chest.120.6.1861 [PubMed: 
11742914] 

Fisher DJ (2015). Two-stage Individual Participant Data Meta-analysis and Generalized Forest Plots. 
Stata J, 15(2), 369–396. 10.1177/1536867X1501500203

Geronimus AT, Hicken M, Keene D, & Bound J (2006). “Weathering” and age patterns of allostatic 
load scores among blacks and whites in the United States. Am J Public Health, 96(5), 826–833. 
[PubMed: 16380565] 

Giboney PT (2005). Mildly elevated liver transaminase levels in the asymptomatic patient. Am Fam 
Physician, 71(6), 1105–1110. [PubMed: 15791889] 

IntHout J, Ioannidis JPA, Rovers MM, et al. Plea for routinely presenting prediction intervals in 
meta-analysis. BMJ Open 2016;6:e010247. doi: 10.1136/bmjopen-2015-010247.

Johnson SC, Cavallaro FL, & Leon DA (2017). A systematic review of allostatic load in relation to 
socioeconomic position: Poor fidelity and major inconsistencies in biomarkers employed. Soc Sci 
Med, 192, 66–73. 10.1016/j.socscimed.2017.09.025 [PubMed: 28963986] 

Juster R-P, McEwen BS, & Lupien SJ (2010). Allostatic load biomarkers of chronic stress and impact 
on health and cognition. Neurosci & Biobehav R, 35(1), 2–16.

Juster RP, Seeman T, McEwen BS, Picard M, Mahar I, Mechawar N, Sindi S, Smith NG, Souza-
Talarico J, & Sarnyai Z (2016). Social inequalities and the road to allostatic load: From 
vulnerability to resilience. Developmental Psychopathology. In Cicchetti D (Ed.), Developmental 
psychopathology: Risk, resilience, and intervention (pp. 381–434). John Wiley & Sons, Inc.

McCrory et al. Page 32

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Karimi M, Castagné R, Delpierre C, Albertus G, Berger E, Vineis P, Kumari M, Kelly-Irving M, & 
Chadeau-Hyam M (2019). Early-life inequalities and biological ageing: a multisystem Biological 
Health Score approach. J Epidemiol Community Health, 73(8), 693. 10.1136/jech-2018-212010 
[PubMed: 30944170] 

Langan D, Higgins JPT, Jackson D, Bowden J, Veroniki AA, Kontopantelis E, Viechtbauer W, & 
Simmonds M (2019). A comparison of heterogeneity variance estimators in simulated random-
effects meta-analyses. Res Synth Methods, 10(1), 83–98. 10.1002/jrsm.1316 [PubMed: 30067315] 

Li Y, Rosemberg MS, Dalton VK, Lee SJ, & Seng JS (2019). Exploring the optimal allostatic load 
scoring method in women of reproductive age. J Adv Nurs, 75(11), 2548–2558. 10.1111/jan.14014 
[PubMed: 30937926] 

López-Otín C, Galluzzi L, Freije JMP, Madeo F, & Kroemer G (2016). Metabolic Control of 
Longevity. Cell, 166(4), 802–821. 10.1016/j.cell.2016.07.031 [PubMed: 27518560] 

Marmot M, Oldfield Z, Clemens S, Blake M, Phelps A, Nazroo J, Steptoe A, Rogers N, Banks J, 
Oskala A . (2017). English Longitudinal Study of Ageing: Waves 0-7, 1998-2015. [data collection] 
(SN: 5050; Version 27th) UK Data Service. 10.5255/UKDA-SN-5050-14

McCrory C, Fiorito G, Ni Cheallaigh C, Polidoro S, Karisola P, Alenius H, Layte R, Seeman T, Vineis 
P, & Kenny RA (2019). How does socio-economic position (SEP) get biologically embedded? 
A comparison of allostatic load and the epigenetic clock(s). Psychoneuroendocrino, 104, 64–73. 
10.1016/j.psyneuen.2019.02.018

McEwen BS (2008). Central effects of stress hormones in health and disease: Understanding the 
protective and damaging effects of stress and stress mediators. Eur J of Pharmacol, 583(2), 174–
185. [PubMed: 18282566] 

McEwen BS, & Stellar E (1993). Stress and the individual. Mechanisms leading to disease. Arch 
Intern Med, 153(18), 2093–2101. [PubMed: 8379800] 

McLoughlin S, Kenny RA, & McCrory C (2020). Does the choice of Allostatic Load scoring 
algorithm matter for predicting age-related health outcomes? Psychoneuroendocrino, 104789. 
10.1016/j.psyneuen.2020.104789

Middleton A, Fritz SL, & Lusardi M (2015). Walking speed: the functional vital sign. J Aging Phys 
Activ, 23(2), 314–322. 10.1123/japa.2013-0236

Misiak B, Stańczykiewicz B, Pawlak A, Szewczuk-Bogusławska M, Samochowiec J, Samochowiec A, 
Tyburski E, & Juster R-P (2022). Adverse childhood experiences and low socioeconomic status 
with respect to allostatic load in adulthood: A systematic review. Psychoneuroendocrino, 136, 
105602. 10.1016/j.psyneuen.2021.105602

Parker HW, Abreu AM, Sullivan MC, Vadiveloo MK. Allostatic Load and Mortality: A 
Systematic Review and Meta-Analysis. Am J Prev Med. 2022 Jul;63(1):131–140. doi: 10.1016/
j.amepre.2022.02.003. [PubMed: 35393143] 

Peaston RT, & Weinkove C (2004). Measurement of catecholamines and their metabolites. Ann Clin 
Biochem, 41(Pt 1), 17–38. 10.1258/000456304322664663 [PubMed: 14713382] 

Pizzino G, Irrera N, Cucinotta M, Pallio G, Mannino F, Arcoraci V, Squadrito F, Altavilla D, & Bitto 
A (2017). Oxidative Stress: Harms and Benefits for Human Health. Oxid Med Cell Longev, 2017, 
8416763. 10.1155/2017/8416763 [PubMed: 28819546] 

Präg P, & Richards L (2019). Intergenerational social mobility and allostatic load in Great Britain. J 
Epidemiol Community Health, 73(2), 100–105. 10.1136/jech-2017-210171 [PubMed: 30385515] 

Prior L, Manley D, & Jones K (2018). Stressed out? An investigation of whether allostatic load 
mediates associations between neighbourhood deprivation and health. Health Place, 52, 25–33. 
10.1016/j.healthplace.2018.05.003 [PubMed: 29775832] 

Raftery AE (1995). Bayesian Model Selection in Social Research. Sociol Methodol, 25, 111–163. 
10.2307/271063

Read S, & Grundy E (2014). Allostatic load and health in the older population of England: a crossed-
lagged analysis. Psychosom Med, 76(7), 490–496. 10.1097/PSY.0000000000000083 [PubMed: 
25153937] 

Rodriquez EJ, Kim EN, Sumner AE, Nápoles AM, & Pérez-Stable EJ (2019). Allostatic Load: 
Importance, Markers, and Score Determination in Minority and Disparity Populations. J Urban 
Health, 96(Suppl 1), 3–11. 10.1007/s11524-019-00345-5 [PubMed: 30671711] 

McCrory et al. Page 33

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Rosemberg M-AS, Granner J, Li Y, & Seng JS (2020). A scoping review of interventions targeting 
allostatic load. Stress, 23(5), 519–528. 10.1080/10253890.2020.1784136 [PubMed: 32602798] 

Ryff CD, Seeman Teresa, and Weinstein Maxine. (2019). Midlife in the United States (MIDUS 2): 
Biomarker Project, 2004-2009. Version Version 9) Inter-university Consortium for Political and 
Social Research. 10.3886/ICPSR29282.v9

Sapolsky RM, Romero LM, & Munck AU (2000). How do glucocorticoids influence stress responses? 
Integrating permissive, suppressive, stimulatory, and preparative actions. Endocr Rev, 21(1), 55–
89. 10.1210/edrv.21.1.0389 [PubMed: 10696570] 

Seeman T, Epel E, Gruenewald T, Karlamangla A, & McEwen BS (2010). Socio-economic 
differentials in peripheral biology: Cumulative allostatic load. Ann NY Acad Sci, 1186(1), 223–
239. [PubMed: 20201875] 

Seeman TE, Crimmins E, Huang M-H, Singer B, Bucur A, Gruenewald T, Berkman LF, & Reuben 
DB (2004). Cumulative biological risk and socio-economic differences in mortality: MacArthur 
studies of successful aging. Soc Sci Med, 58(10), 1985–1997. [PubMed: 15020014] 

Seeman TE, McEwen BS, Rowe JW, & Singer BH (2001). Allostatic load as a marker of cumulative 
biological risk: MacArthur studies of successful aging. Proc Natl Acad Sci U S A, 98(8), 4770–
4775. 10.1073/pnas.081072698 [PubMed: 11287659] 

Seeman TE, Singer BH, Rowe JW, Horwitz RI, McEwen BS. (1997). Price of adaptation--allostatic 
load and its health consequences. MacArthur studies of successful aging. Arch Intern Med, 
157(19):2259–68. [PubMed: 9343003] 

Seplaki CL, Goldman N, Glei D, & Weinstein M (2005). A comparative analysis of measurement 
approaches for physiological dysregulation in an older population. Exp Gerontol, 40(5), 438–449. 
10.1016/j.exger.2005.03.002 [PubMed: 15919596] 

Szanton SL, Gill JM, & Allen JK (2005). Allostatic load: a mechanism of socioeconomic health 
disparities? Biol Res Nurs, 7(1), 7–15. [PubMed: 15919999] 

Tampubolon G, & Maharani A (2018). Trajectories of allostatic load among older Americans 
and Britons: longitudinal cohort studies. BMC Geriatr, 18(1), 255. 10.1186/s12877-018-0947-4 
[PubMed: 30352552] 

Trevisan C, Rizzuto D, Maggi S, Sergi G, Welmer A-K, & Vetrano DL (2019). Cross-Sectional and 
Longitudinal Associations between Peak Expiratory Flow and Frailty in Older Adults. J Clin Med, 
8(11), 1901. 10.3390/jcm8111901 [PubMed: 31703301] 

University of Essex. Institute for Social and Economic Research, N. S. R. (2014). Understanding 
Society: Waves 2-3 Nurse Health Assessment, 2010-2012. [data collection] (SN: 7251; Version 3rd 
Edition) UK Data Service. https://doi.org/DOI: 10.5255/UKDA-SN-7251-3

University of London, I. o. E., Centre for Longitudinal Studies. (2019a). 1970 British Cohort Study: 
Forty-Six-Year Follow-Up, 2016-2018. [data collection] (SN:8547. 10.5255/UKDA-SN-8547-1

University of London, I. o. E., Centre for Longitudinal Studies. (2019b). National Child Development 
Study: Biomedical Data, 2002-2004: Special Licence Access. [data collection] (SN: 5594; Version 
Version 3) UK Data Service. 10.5255/UKDA-SN-5594-2

Urbanski HF, Mattison JA, Roth GS, & Ingram DK (2013). Dehydroepiandrosterone sulfate (DHEAS) 
as an endocrine marker of aging in calorie restriction studies. Exp Gerontol, 48(10), 1136–1139. 
10.1016/j.exger.2013.01.001 [PubMed: 23318475] 

Vineis P, Avendano-Pabon M, Barros H, Bartley M, Carmeli C, Carra L, Chadeau-Hyam M, Costa G, 
Delpierre C, D’Errico A, Fraga S, Giles G, Goldberg M, Kelly-Irving M, Kivimaki M, Lepage 
B, Lang T, Layte R, MacGuire F, … Zins M (2020). Special Report: The Biology of Inequalities 
in Health: The Lifepath Consortium. Front Public Health, 8, 118. 10.3389/fpubh.2020.00118 
[PubMed: 32478023] 

Weinstein M, Goldman Noreen, Chang Ming-Cheng, Lin Hui-Sheng, Chuang Yi-Li, Peterson 
Christine E., … Wu Shiow-Ing. (2014). Social Environment and Biomarkers of Aging Study 
(SEBAS) in Taiwan, 2000 and 2006 Version Version 7) Inter-university Consortium for Political 
and Social Research. 10.3886/ICPSR03792.v7

Zhang D, Shen X, & Qi X (2016). Resting heart rate and all-cause and cardiovascular mortality in 
the general population: a meta-analysis. Can Med Assoc J, 188(3), E53–e63. 10.1503/cmaj.150535 
[PubMed: 26598376] 

McCrory et al. Page 34

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Zi M, & Xu Y (2018). Involvement of cystatin C in immunity and apoptosis. Immunol Lett, 196, 
80–90. 10.1016/j.imlet.2018.01.006 [PubMed: 29355583] 

McCrory et al. Page 35

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 1: Relationship between scoring in the highest risk quartile for each biomarker with 
maximal grip strength (kg) in individual participant data (IPD) meta-analysis
Estimates were derived using restricted maximum likelihood (REML) estimation with the 

Hartung-Knapp-Siduk-Jonkman (HSJK) method while holding age, sex, and height (cms) 

constant. No adjustment for height was made with respect to body mass index or waist-to-

height ratio.

*denotes biomarkers which are reverse scored prior to analysis
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Figure 2: Relationship between scoring in the highest risk quartile for each biomarker with 
average walking speed (cms/sec) in individual participant data (IPD) meta-analysis
Estimates were derived using restricted maximum likelihood (REML) estimation with the 

Hartung-Knapp-Siduk-Jonkman (HSJK) method while holding age, sex, and height (cms) 

constant, No adjustment for height was made with respect to body mass index or waist-to-

height ratio.

*denotes biomarkers which are reverse scored prior to analysis

McCrory et al. Page 37

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 3: Odds ratio of scoring in the highest risk quartile for each biomarker with fair/poor 
self-rated health in individual participant data (IPD) meta-analysis
Estimates were derived using restricted maximum likelihood (REML) estimation with the 

Hartung-Knapp-Siduk-Jonkman (HSJK) method while holding age, sex constant,

*denotes biomarkers which are reverse scored prior to analysis
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Figure 4: Within-cohort comparison of the performance of the brief 5-item allostatic load index 
with longer batteries in predicting odds of mortality
All models adjusted for age and sex

Five-item = C-Reactive Protein, Resting Heart Rate, High Density Lipoprotein-Cholesterol, 

Waist-to-Height Ratio, HbA1c

DHEAS = dehydroepiandrosterone sulfate; PEF = peak expiratory flow; CYSC = cystatin C; 

LF-HRV = low frequency heart rate variability

McCrory et al. Page 39

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

McCrory et al. Page 40

Ta
b

le
 1

:

B
as

el
in

e 
ch

ar
ac

te
ri

st
ic

s 
of

 s
tu

dy
 p

ar
tic

ip
an

ts
 a

ge
d 

40
 y

ea
rs

 a
nd

 o
ve

r

St
ud

y
W

av
e

Su
rv

ey
 Y

ea
r

C
ou

nt
ry

N
 p

ar
ti

ci
pa

nt
s

M
al

e 
/ F

em
al

e
M

ea
n 

A
ge

 
(S

D
)

A
ge

 r
an

ge
G

ri
p 

St
re

ng
th

W
al

ki
ng

 
sp

ee
d

Se
lf

-r
at

ed
 

he
al

th
M

or
ta

lit
y 

fo
llo

w
-u

p

H
R

S
W

av
e 

13
20

16
U

SA
77

82
33

01
 / 

44
81

66
.2

 (
10

.9
)

50
-9

9
Y

Y
Y

2y
r

N
H

A
N

E
S

X
-s

ec
tio

n
20

01
/2

00
2

U
SA

34
86

17
18

 / 
17

68
61

.5
 (

14
.1

)
40

-8
5

N
/A

Y
Y

N
/A

M
ID

U
S 

II
W

av
e 

1
20

04
/2

00
9

U
SA

96
2

44
5 

/ 5
17

57
.0

 (
10

.8
)

40
-8

4
Y

Y
Y

14
yr

E
L

SA
W

av
e 

4
20

08
/2

00
9

U
K

86
40

38
82

 / 
47

58
65

.8
 (

9.
9)

40
-9

0
Y

Y
Y

4y
r

19
58

 N
C

D
S

W
av

e 
8

20
02

/2
00

4
U

K
93

76
46

64
 / 

47
12

44
.1

 (
0.

24
)

44
-4

6
N

/A
N

/A
Y

14
yr

19
70

 B
C

S
W

av
e 

10
20

16
/2

01
8

U
K

85
81

41
54

 / 
44

27
47

.3
 (

0.
67

)
46

-4
8

Y
N

/A
Y

N
/A

U
K

H
L

S
W

av
e 

2
20

10
/2

01
2

U
K

83
63

37
39

 / 
46

24
59

.1
 (

12
.0

)
40

-9
7

Y
N

/A
Y

6y
r

T
IL

D
A

W
av

e 
1

20
09

/2
01

1
Ir

el
an

d
60

94
27

18
 / 

33
76

62
.5

 (
9.

7)
40

-9
8

Y
Y

Y
9y

r

SK
IP

O
G

H
W

av
e 

1
20

09
/2

01
3

Sw
itz

er
la

nd
72

1
32

8 
/ 3

93
58

.3
 (

11
.2

)
40

-9
0

Y
N

/A
Y

3y
r

C
oL

au
s/

Ps
yC

oL
au

s
W

av
e 

2
20

03
/2

00
6

Sw
itz

er
la

nd
50

64
23

57
 / 

27
07

57
.8

 (
10

.5
)

40
-8

2
Y

N
/A

Y
9y

r

E
PI

Po
rt

o
W

av
e 

1
20

16
/2

01
7

Po
rt

ug
al

20
00

76
3 

/ 1
23

7
58

.4
 (

11
.5

)
40

-9
2

Y
Y

Y
9y

r

H
A

A
L

SI
W

av
e 

1
20

14
/2

01
5

So
ut

h 
A

fr
ic

a
50

21
23

22
 / 

26
99

61
.7

 (
13

.1
)

40
-1

11
Y

Y
Y

2y
r

SE
B

A
S

W
av

e 
2

20
06

Ta
iw

an
10

36
55

6 
/ 4

80
65

.8
 (

9.
9)

53
-8

5
Y

Y
Y

N
/A

Psychoneuroendocrinology. Author manuscript; available in PMC 2024 July 01.


	Abstract
	INTRODUCTION
	METHODS
	Study populations
	Health Outcomes
	Biomarkers
	Statistical Analysis

	RESULTS
	Hypothalamic-Pituitary-Adrenal HPA axis
	Sympathetic-Adrenal-Medullary SAM axis
	Parasympathetic nervous system
	Oxidative stress
	Inflammatory / Immune system
	Cardiovascular system
	Respiratory System
	Anthropometric
	Lipidemia
	Glucose metabolism
	Renal system
	Liver system
	Summary of results
	Validating an abbreviated five-item measure of AL

	DISCUSSION
	A brief five-item AL measure
	An expanded 8-item AL measure
	Re-evaluation and retrenchment
	Recommendations

	AppendixStudy specific associations of being dysregulated in each biomarker with maximal grip strength (kgs)Appendix B: Study specific associations of being dysregulated in each biomarker with walking speed (cms/sec)Appendix C: Study specific associations of being dysregulated in each biomarker with fair/poor self-rated health
	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Table 1:

