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A Summary of the Work
Chronic pain (CP) imposes significant burdens on individuals and healthcare systems.
Identifying its risk factors is essential for informing prevention and intervention strategies.
While socioeconomic inequalities in health are well-established, the relationship between
socioeconomic status (SES) and CP, particularly its mechanisms, remains underexplored.
Given CP's strong link to chronic stress dysregulation, incorporating biomarkers into research
provides critical insights. Biological processes such as allostatic load (AL) and hypothalamic-
pituitary-adrenal (HPA) axis dysregulation illuminate how SES might contribute to CP, while
the lifecourse model contextualizes how exposures across life stages influence CP risk.

However, these frameworks remain underutilized in pain research.

This study addressed CP through four aims: (1) assessing AL’s prospective association with CP
outcomes, (2) examining HPA axis dysfunction, measured by diurnal salivary cortisol rhythms,
and CP outcomes, (3) exploring the lifecourse SES-CP relationship, and (4) evaluating AL and
salivary cortisol rhythms as mediators. Data from the MIDUS study provided longitudinal

evidence spanning 20 years.

Findings revealed that metabolic dysregulation in AL predicted high interference CP and pain
in three or more sites. Individuals without baseline CP but with blunted diurnal cortisol slopes
were more likely to develop pain in three or more sites after seven years. Chain-of-risk models
showed that adult SES mediated the effects of early-life disadvantage on cortisol dynamics
and AL phenotypes. Lifecourse SES was directly associated with CP interference via recent SES,
while its link to CP widespreadness appeared contingent on multimorbidity. Chronic stress

biomarkers did not mediate these relationships. These results underscore the roles of chronic



il
stress dysregulation and SES disparities in shaping CP outcomes. Addressing these factors
through targeted interventions can enhance prevention and management. Lifecourse SES

perspectives and stress biomarkers offer valuable insights into CP, informing precise

strategies for its mitigation.
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Abstract
Each year, chronic pain (CP) significantly impacts various aspects of life and imposes a
substantial burden on healthcare systems. Identifying risk factors for CP is crucial to alleviate
the burden on individuals, inform preventive and interventional medical strategies, and
reduce public health demands. While research has established socioeconomic inequalities in
disease prevalence, studies examining the relationship between socioeconomic status (SES)
and CP within the general population remain limited. In particular, limited research has
addressed whether and how SES is associated with chronic pain. Given the close link between
CP and dysregulated chronic stress, epidemiological survey data incorporating biomarkers
offers new opportunities to explore this association. Investigating biomarkers of chronic
stress dysregulation in relation to CP not only provides insight into how SES may contribute
to CP but also adds valuable risk factor information to the broader field of pain epidemiology,
aiding the development of precise pain management. Additionally, the lifecourse model,
which explains the origins of chronic diseases by outlining how disease risk exposures at
various life stages relate to future disease outcomes, holds promise for informing optimal
timing for interventions. However, this model has not been thoroughly examined in the

context of chronic pain.

The first and second aims of this paper are to examine the associations between CP and
biomarkers of chronic stress dysregulation. Typically, chronic stress dysregulation is reflected
in dysregulation within the hypothalamic-pituitary-adrenal (HPA) axis and multisystem
dysregulation, with the latter commonly measured through allostatic load (AL). These two
investigations are essential, not only because they represent different mainstream

measurements of chronic stress dysregulation but also because they provide detailed



X

information on how localized and multisystem stress dysregulation may contribute to chronic

pain, enriching prevention strategies. The third and fourth aims of this study investigate the

association between lifecourse SES and CP, and separately examine the potential mediating

roles of AL and salivary cortisol.

To address these aims, we utilized different samples from the MIDUS study. Aim 1 examined
the prospective relationship between AL, measured in the Biomarker Project of MIDUS 2
(2004-2006), and CP in MIDUS 3 (2013-2014). Aim 2 investigated the link between HPA axis
dysregulation, as measured in the National Study of Daily Experiences (NSDE) of MIDUS 2, and
CP in MIDUS 3. Aims 3 and 4 assessed the association between lifecourse SES and CP using
three waves of MIDUS data spanning 20 years, with separate analyses examining the

mediating roles of AL and salivary cortisol.

For Aim 1, findings indicated that metabolic dysregulation phenotypes in AL were
prospectively associated with high interference CP and with pain at three or more sites. In
Aim 2, we found that among individuals without baseline chronic pain, those with blunted
early and mid post-wake diurnal cortisol slopes (DCSs) had higher odds of developing pain in
three or more regions approximately seven years later. In Aims 3 and 4, findings supported
chain-of-risk models linking SES with the mid post-wake DCS and the cortisol dynamic range
(CDR), suggesting that proximal adult socioeconomic disadvantage mediates the adverse
effects of early-life disadvantage and directly impacts these cortisol indicators. Additionally,
we identified a risk chain for metabolic dysregulation phenotypes in AL, with both childhood
and recent SES directly linked to these phenotypes. Our results further substantiated a chain-

of-risk model connecting lifecourse SES with CP interference, highlighting the mediating role



of recent SES. For CP widespreadness, we found that the relationship between lifecourse SES
and the number of pain sites may be contingent on the degree of multimorbidity. However,

no mediating role of chronic stress biomarkers was observed.
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1 Introduction

1.1  What is chronic pain and what are its consequences?

According to the International Association for the Study of Pain (IASP), pain is defined as "an
unpleasant sensory and emotional experience associated with, or resembling that associated
with, actual or potential tissue damage" (Raja et al., 2020). CP, on the other hand, is defined
as pain that persists or recurs for longer than three months (Nicholas et al., 2019) according
to IASP. Compared to the current definition, the previous definition of CP described it as "pain
that persists past normal healing time" (Bonica and Hoffman, 1954). This earlier definition of
pain and by extension, CP, implicitly acknowledges that CP originates from an initial injury or
condition but is less explicit about the emotional aspects of pain or the possibility of CP
occurring without an initial injury (Treede et al., 2019). These limitations in the early pain and

CP definitions have been acknowledged and addressed in the current defintions.

The updated definition of pain reflects a further distinction between types of pain and
signifies a shift in pain management from the traditional biomedical model to a
biopsychosocial model. Chronic primary pain refers to pain persisting or recurring in one or
more anatomical regions for more than three months, accompanied by significant emotional
distress or functional disability, and cannot be better explained by another chronic pain
condition (Nicholas et al., 2019). The diagnostic classifications within this group are divided
into chronic widespread pain, complex regional pain syndromes, chronic primary headache
and orofacial pain, chronic primary visceral pain, and chronic primary musculoskeletal pain
(Treede et al., 2019). Chronic secondary pain syndromes, on the other hand, are associated

with other diseases where pain arising as a symptom secondary to an underlying disease or



medical condition. Chronic secondary pain syndromes include chronic cancer-related pain,
chronic postsurgical or posttraumatic pain, chronic neuropathic pain, chronic secondary
headache or orofacial pain, chronic secondary visceral pain, and chronic secondary

musculoskeletal pain (Treede et al., 2019).

Pain is subjective and personal, making self-reporting the most commonly used method for
its assessment (Fillingim et al., 2016). Evaluations of pain encompass various domains, such
as pain intensity and pain impact. Categorical scales, numerical rating scales, visual analog
scales, the Faces Pain Scale (McGrath et al., 2008), the Brief Pain Inventory (Keller et al., 2004),
and the Graded Chronic Pain Scale (Von Korff et al., 1990) are commonly used to measure
pain intensity or pain impact. Other tools including the McGill Pain Questionnaire (Katz and
Melzack, 2011), PainDetect (Freynhagen et al., 2006), the Neuropathic Pain Scale (Galer and
Jensen, 1997), the Neuropathic Pain Symptom Inventory (Bouhassira et al., 2004), the Leeds
Assessment of Neuropathic Symptoms and Signs (Bennett, 2001), and the Dolour
Neuropathique-4 Questions (DN4). are used to measure perceived attributes of pain
(Bouhassira et al., 2005). In addition, other pain assessments consider the temporal
characteristics of pain, such as duration (e.g., time since chronic pain onset in months or years)
and variability (e.g., the presence or absence of pain and fluctuations in its intensity over time).
They also examine pain location and bodily distribution, often through pain drawings, as well
as provocative pain measures and pain behaviors, such as straight leg raising, digital palpation,

facial expressions, and actions like limping, guarding, or bracing (Fillingim et al., 2016).

CP and its poor prognosis are the primary cause of years lost to disability among Americans

(US Burden of Disease Collaborators et al., 2018). In 2016, it was estimated that over fifty



million American adults experienced CP. By 2021, approximately 20.9% of American adults
(51.6 million people) were reported to have experienced CP, with 6.9% (17.1 million people)
suffering from high-impact CP, which significantly restricts daily activities and involves greater
pain intensity (Rikard et al., 2023). CP imposes a substantial economic burden on both the
public health system and individuals. For instance, a report by the Institute of Medicine in
2010 estimated that CP incurs annual costs ranging from $560 billion to $635 billion in medical

expenses and productivity losses (Steglitz et al., 2012).

Furthermore, beyond the economic implications, CP exacerbates broader personal and
societal challenges in the United States. Among CP patients, there is an increased prevalence
of anxiety and depression, accompanied by observed reductions in brain gray matter, which
are associated with alterations in emotional regulation and cognition (Bushnell et al., 2015).
Additionally, research consistently reports a decline in the overall quality of life, deterioration
in interpersonal relationships, and impaired workplace performance among CP patients (Fine,
2011; Meints and Edwards, 2018). Given the impacts of CP on individual well-being, public
health, and the economy, continued research on etiology of CP is critical. Understanding the
mechanisms of CP, as well as identifying effective interventions, is crucial for improving the
prognosis and quality of life for those affected. The ongoing rise in CP prevalence, coupled
with its connection to psychological distress and functional limitations, underscores the
urgency to explore new strategies for prevention and treatment. Furthermore, with CP
contributing to societal issues like reduced workplace productivity and increased mental
health concerns, addressing this condition is essential to alleviating its broader social and

economic burdens.



In recent years, the rising all-cause mortality rate among middle-aged Americans and the
declining life expectancy in the U.S. have garnered significant public concern (Woolf and
Schoomaker, 2019). Leading contributors to this trend are drug overdoses, alcohol-related
deaths, and suicides, collectively referred to as "deaths of despair" (Case and Deaton, 2017).
These deaths have been linked to several socioeconomic factors, including persistent trade
deficits, ongoing deindustrialization, and long-term economic decline, particularly affecting
industrial workers with lower educational attainment (Case and Deaton, 2022). The absence
of robust social safety nets and the unique market for opioids and other drugs further
exacerbate this sense of despair (King et al., 2022). The rising prevalence of CP parallels the
trends in deaths of despair, with the rate of adult pain increasing steadily since the 1990s
(Grol-Prokopczyk, 2017; Zajacova et al., 2021a; Zimmer and Zajacova, 2018). In this context,
CP is increasingly recognized as a significant contributor to the epidemic of despair, both as a

direct and indirect driver of these deaths (Macchia, 2023).

CP contributes to deaths of despair not only through its debilitating physical effects but also
through its profound social and psychological consequences. For many, CP leads to
unemployment, disability, and social isolation, which, in turn, increase the risk of suicide,
substance abuse, and alcohol dependency (Racine, 2018). The link between CP and mental
health is well-documented, with pain often triggering or exacerbating anxiety and depression
(Fonseca-Rodrigues et al., 2022), both of which are closely tied to suicidality. Furthermore, CP
is strongly associated with substance use disorders, including opioid and alcohol dependence
(Egli et al., 2012; Martel et al., 2018). As CP patients turn to opioids or alcohol for relief, they
become more vulnerable to drug overdose and alcohol-related deaths, further fueling the

deaths of despair crisis. Addressing the rising burden of CP is therefore critical to mitigating



deaths of despair. Providing better pain management, access to mental health services, and
economic support for those disabled by pain may potentially reduce the incidence of these
preventable deaths. Given the substantial consequences of CP, identifying modifiable risk

factors for CP may add information to pain prevention and management.

1.2 Confounders, colliders, mediators, and moderators

1.2.1 Confounders

Four key concepts are confounders, colliders, mediators, and moderators, each describing a
distinct way a third variable can influence the relationship between an exposure and an
outcome. Understanding these roles is essential for robust study design, accurate associations,

and meaningful interpretation of findings in social epidemiologic research on CP.

In epidemiology, a confounder is classically defined as an extraneous variable that is
associated with both the exposure and the outcome, but is not on the causal pathway
between them. Because a confounder influences both variables of interest, it can create a
spurious association or mask a true relationship if not properly controlled. In other words, the
presence of a confounder can mix up the effects, making it unclear whether the exposure
truly affects the outcome or if the observed association is partly or wholly due to the
confounding factor. To qualify as a confounder, a variable generally must: (1) be correlated
with the exposure, (2) have a causal (or at least independent) influence on the outcome, and
(3) not be a result of the exposure (Morabia, 2011). When these conditions hold, failure to

account for the confounder can bias the estimated exposure-outcome relationship.



By controlling for confounders, researchers remove the backdoor paths of spurious
association and obtain a clearer estimate of the true causal effect of the exposure on the
outcome. Neglecting a confounder can lead to biased conclusions, for instance, overstating
the effect of exposures on pain when in reality part of that observed effect was due to
unmeasured factors. Conversely, over-adjusting for variables that are not true confounders
can attenuate or distort the effect estimates (Gao et al.,, 2025). In sum, accounting for
confounders improves the internal validity of studies and strengthens confidence that an
observed association reflects a likely causal relationship rather than a mere correlation due

to some third factor.

1.2.2 Colliders

A collider is the conceptual opposite of a confounder. While a confounder is a variable that
influences both the exposure and the outcome, a collider is influenced by both, it isa common
effect of two variables, often the exposure and outcome. In causal diagrams, a collider
appears where two arrows converge. Crucially, while failing to control for a confounder can
bias results, controlling for or conditioning on a collider can also introduce bias, but for the
opposite reason. Conditioning on a collider induces a spurious association between its causes,
even if no true causal relationship exists between them. In epidemiology, this is known as
collider bias, a type of selection bias that arises when analysis is restricted to individuals
selected based on a variable that lies downstream of both the exposure and outcome (Herndan

and Monge, 2023).

A classic illustration of collider bias can be seen in the context of U.S. college admissions.

Among admitted students, there often appears to be an inverse relationship between



academic aptitude and athletic ability, that is, students with strong academic records tend to
be less athletically inclined, and vice versa. However, this observed association is not
necessarily causal; rather, it reflects the effect of conditioning on a collider. Since both
academic ability and athletic talent can independently increase a student's likelihood of
admission, restricting analysis to admitted students (i.e., conditioning on college admission)

introduces a non-causal, negative association between these two traits (Griffith et al., 2020).

1.2.3 Mediators and moderators

A mediator is an intermediate variable that transmits the effect of the exposure to the
outcome. In a causal sequence X->M->Y, the mediator M lies on the pathway from X to Y,
meaning that X affects M, which in turn affects Y (Rijnhart et al., 2021). Understanding
mediators is crucial for explaining how or why an exposure influences an outcome. Each
validated mediator adds a layer of explanation to the biopsychosocial model, telling us how
an upstream factor gets under the skin to influence CP. Identifying mediators allows
researchers to unpack the black box between cause and effect and can suggest targets for
intervention. It is important to note that mediators should not be adjusted for in analyses that
aim to estimate the total effect of an exposure on outcome, because doing so blocks the very
pathway through which the effect operates (Schisterman et al., 2009). Adjusting for a
mediator would remove part of the causal effect. Instead, mediators are typically examined

in mediation analyses to decompose total effects into direct and indirect components.

A moderator is a variable that alters the strength or direction of the relationship between an
exposure and an outcome. In statistical terms, a moderator is involved in an interaction effect:

the effect of X on Y depends on the level or value of the moderator Z. Unlike a mediator, a



moderator is not on the causal pathway between Xand Y, but rather influences the magnitude
of the X=Y association under different conditions. Epidemiologists often refer to this as effect
modification, the effect of the exposure is modified by another factor. Identifying moderators
is key to understanding for whom or under what conditions an exposure has a larger or
smaller impact. This has practical importance as it can reveal vulnerable subgroups or suggest

that interventions might need tailoring based on patient characteristics.

1.3  Biomarkers of chronic stress: potential risk factors and mediators for CP

Biological processes not only serve as proximal risk factors for disease but also act as
mediators that link a wide range of psychosocial risk factors with disease outcomes. Biological
investigations of CP have largely been conducted in laboratory settings, as well as within
small-scale and clinical samples, which poses challenges to the generalizability of the results
(Harris et al., 2008). In recent years, the collection of biomarkers in population-based
epidemiological and social surveys has aided in addressing the objectives of the National Pain
Strategy, which aims to identify risk factors for CP across populations (Interagency Pain
Research Coordinating Committee, 2022). Although the underlying mechanisms of CP remain
unclear, numerous studies suggest that stress dysregulation due to chronic stress may be an

etiological risk factor for CP (Woda et al., 2016).

1.3.1 Biological response to chronic stress

An organism's response to stress involves a coordinated cascade of neuroendocrine and
autonomic processes aimed at promoting adaptation and survival. Upon perceiving a stressor,
the sympathetic nervous system (SNS) is rapidly activated via projections from the locus
coeruleus and brainstem nuclei. This initiates the "fight or flight" response, characterized by

increased heart rate, vasoconstriction, bronchodilation, and energy mobilization, largely



mediated by the adrenal medulla’s secretion of catecholamines, adrenaline (epinephrine) and

noradrenaline (norepinephrine) (McEwen, 2007).

Simultaneously, the hypothalamic-pituitary-adrenal (HPA) axis is engaged. The
paraventricular nucleus (PVN) of the hypothalamus secretes corticotropin-releasing hormone
(CRH) and arginine vasopressin (AVP) into the hypophyseal portal system, stimulating the
anterior pituitary to release adrenocorticotropic hormone (ACTH) into systemic circulation.
ACTH then acts on the adrenal cortex, promoting synthesis and secretion of cortisol, the
primary glucocorticoid in humans (Herman and Cullinan, 1997). Cortisol helps maintain
energy supply by increasing glucose levels. Cortisol also exerts negative feedback on both the
hypothalamus and pituitary, reducing CRH and ACTH output through binding to glucocorticoid
receptors (GRs) in these regions, thereby attenuating the stress response once the stressor is
removed. Meanwhile, the parasympathetic nervous system (PNS), primarily through vagal
activation, serves to restore autonomic balance by promoting digestive activity, reducing
cardiovascular arousal, and supporting recovery processes (Thayer and Sternberg, 2006). This
dynamic interplay between SNS activation, HPA-axis modulation, and PNS-mediated
restoration ensures the body mounts an efficient acute stress response while returning to

baseline once safety is re-established.
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Figure 1-1 The hypothalamic-pituitary-adrenal axis pathway activated during stress

(Kim, 2024)
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The hypothalamic-pituitary-adrenal (HPA) axis and autonomic pathways activated during stress:
External stressors (physical or psychological) trigger the hypothalamus to secrete corticotropin-
releasing hormone (CRH) along with arginine vasopressin (AVP). CRH and AVP released from the
hypothalamic paraventricular nucleus act on the anterior pituitary, stimulating the release of
adrenocorticotropic hormone (ACTH). In turn, ACTH enters the circulation and prompts the adrenal
cortex to synthesize and secrete glucocorticoid hormones (cortisol in humans). As cortisol levels rise,
they exert negative feedback on the HPA axis: cortisol binds to glucocorticoid receptors in the
hypothalamus and pituitary, suppressing further CRH and ACTH release.
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However, the repeated and long-standing activation of the stress response system is harmful,
a condition well described by dysregulations of the HPA axis and by the framework of
allostatic load (AL). Prolonged activation of the HPA axis leads to sustained secretion of
cortisol, which over time disrupts negative feedback regulation by impairing GR sensitivity
and downregulating receptor expression in key brain regions such as the hippocampus and
hypothalamus (Fries et al., 2005; McEwen and Gianaros, 2010). This impaired feedback loop
results in inadequate suppression of CRH and ACTH, perpetuating hypercortisolemia and
altering circadian rhythms of cortisol release. Initially, such dysregulation often presents as
HPA-axis hyperactivity, but over time may transition to hypoactivity (Fries et al., 2005). In
parallel, the autonomic nervous system undergoes maladaptive shifts. The SNS remains
persistently activated, maintaining elevated norepinephrine and epinephrine levels, while the
PNS becomes less effective in restoring homeostasis (McEwen and Seeman, 1999). This
reduced vagal tone has been associated with poorer emotion regulation, increased
inflammatory tone, and reduced cardiovascular flexibility. Research has found that

dysregulation of the HPA axis is associated with various clinical outcomes (Miller et al., 2007).

Another concept reflecting chronic stress dysregulation is AL, which encompasses
information about HPA axis dysregulation while additionally incorporating the long-term
consequences of chronic stress, broadly involving dysregulation across downstream systems.
AL refers to the cumulative wear and tear on the body and brain resulting from ongoing
efforts to adapt to environmental demands (McEwen and Stellar, 1993). Changes in the core
response systems, including the HPA axis, SNS and PNS, significantly affect the downstream

systems.
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Prolonged HPA axis activation leads to sustained cortisol secretion, which, while initially
adaptive, can promote metabolic disturbances when chronically elevated, contributing to
insulin resistance, visceral adiposity, and dyslipidemia (McEwen and Seeman, 1999).
Importantly, chronic stress does not uniformly lead to hypersecretion; over time, some
individuals exhibit hypoactivity of the HPA axis, including flattened diurnal cortisol rhythms
or glucocorticoid resistance at the receptor level. Such dysregulation may paradoxically
enhance pro-inflammatory signaling, since glucocorticoids normally exert anti-inflammatory
effects (Hannibal and Bishop, 2014). Persistent SNS hyperactivation increases cardiac output
and vascular tone, raising heart rate and blood pressure, thus burdening the cardiovascular
system and promoting atherogenesis (Seeman et al., 2010). At the same time, blunted PNS
activity impairs the body's capacity to return to baseline, leaving it in a persistent state of
physiological arousal and compromised recovery (Thayer and Lane, 2007). This imbalance

between activation and restoration constitutes a key mechanism underlying allostatic burden.

Collectively, these physiological changes constitute the secondary outcomes of allostatic load
and have measurable impacts on various downstream systems, including metabolic (e.g.,
glucose and lipid regulation), immune (e.g., inflammation), cardiovascular (e.g., blood
pressure), and even neural (e.g., hippocampal atrophy) domains. A recent systematic review
reaffirmed that higher AL index scores are consistently associated with adverse outcomes
across a range of conditions, including cardiovascular disease, diabetes, cognitive decline, and
premature mortality (Guidi et al., 2021). Thus, AL offers a powerful integrative model for
linking chronic psychosocial stress to long-term physiological dysregulation and adverse
health outcomes. It also provides a valuable conceptual bridge between biological embedding

of stress and the development of complex, stress-related chronic conditions such as CP.



13

1.3.2 Two proposed biological risk factors of chronic stress for CP: HPA axis

dysfunction and AL

Regarding CP research, separate examinations of HPA axis dysfunction and systematic stress
response dysregulation will add to current epidemiological studies of CP. The dysregulation
of the HPA axis and AL are primary biomarkers for measuring chronic stress dysregulation.
Therefore, studying the associations between HPA axis dysregulation, AL, and CP separately
is essential. According to the AL framework, HPA axis dysregulation marks the onset of
multisystem dysregulation, while AL may reflect a state of prolonged chronic stress
dysregulation. Their associations with CP could provide additional insights into the

chronicization of pain.

HPA axis is a primary stress response system and recent meta analysis has suggested trends
toward specific deviations of HPA axis in CP patients (Beiner et al., 2023). The dysregulation
of the HPA axis transitions from a state of hyperactivity to hypoactivity (Fries et al., 2005).
This process is typically accompanied by the downregulation or resistance of glucocorticoid
receptors and an increased affinity of cortisol for mineralocorticoid receptors, both of which
are closely associated with chronic inflammation (Hannibal and Bishop, 2014). Furthermore,
during the attenuation of HPA axis activity, antagonistic effects of the HPA axis on
catecholamines is weakened, exacerbating inflammation in conjunction with the
aforementioned conditions (Fries et al., 2005; Hannibal and Bishop, 2014). Inflammation is
often directly related to pain perception (Ji et al., 2018). Moreover, genes related to the HPA
axis play a crucial role in regulating stress responses and glucocorticoid signaling. Genetic

variations in these genes are closely associated with the development of CP. For instance, the
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methylation of HPA axis genes such as pro-opiomelanocortin and corticotropin-releasing
hormone binding protein can predict the progression of CP (Branham et al.,, 2023).
Additionally, impaired glucocorticoid receptor function leads to a failure to inhibit nuclear
factor-kB (Pavlov et al., 2003), resulting in the transcription of algogens such as cytokines,
growth factors, and chemokines like CCL2, which trigger inflammation and stimulate or
sensitize nociceptors, inducing central sensitization and hyperalgesia (Kawasaki et al., 2008;
Walsh and McWilliams, 2014). In addition, chronic inflammation linked to HPA axis
dysregulation further enhances the excitability of sensory transmission pathways, leading to
peripheral and/or central nervous system sensitization (Veldhuijzen et al.,, 2018). This
increases synaptic efficiency and reduces inhibition, amplifying pain responses, and can allow
low-threshold sensory inputs to activate pain circuits even in the absence of inflammation

(Woolf, 2011).

In addition to HPA axis, AL encompasses a broader range of biological responses to stress,
emphasizing the cumulative burden of chronic stress from a holistic perspective. Evidence
suggests a substantial overlap between AL and CP in physiological and biological
manifestations (Borsook et al., 2012; Woda et al., 2016). For example, dysfunctions in HPA
axis, SNS, PNS, and immune system, which are manifestations of AL, are often observed in CP
patients (Juster et al.,, 2010; Woda et al., 2016). Although the field has not yet reached a
consensus on how the systematic stress response results in CP, peripheral and central
sensitization is thought to be a possible mechanism (Veldhuijzen et al., 2018). For example,
AL often comes with changes in the central nervous system's processing of pain (Apkarian et
al., 2011). This includes alterations in the function and connectivity of brain regions involved

in pain perception, such as the amygdala, prefrontal cortex, and anterior cingulate cortex
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(Zambreanu et al., 2005). These changes can result in central sensitization, where the central
nervous system becomes more responsive to pain signals, leading to an amplification of pain
(Woolf, 2011). In addition, inflammation is extensively connected to various dysregulated
stress response systems (Veldhuijzen et al., 2018), during which immune cells release pro-
inflammatory cytokines (such as IL-18, TNF-a, and IL-6), chemokines, and growth factors that
sensitize nociceptors (Ji et al., 2014), contributing to pain. Chronic stress also disrupt
cardiovascular and metabolic systems, potentially amplifying spinal nociception by weakening
the descending inhibition of spinal pain processing, which is closely related to heightened pain

perception (Rhudy et al., 2021).

HPA axis dysregulation and AL represent distinct but interrelated manifestations of the
chronic stress response, each carrying important implications for understanding and
managing CP. HPA axis dysregulation may serve as an early indicator of maladaptive stress
responses (Juster et al., 2010), highlighting potential targets for timely interventions before
long-term and widespread physiological damage occurs. By contrast, AL reflects the
cumulative and systemic impact of ongoing stressors, encompassing widespread alterations
across multiple biological systems. Investigating these two processes individually allows us to
identify both the initial signs of dysregulation and the subsequent, more entrenched
physiological consequences. From an epidemiological and public health perspective,
understanding HPA axis dysregulation can inform early prevention strategies, improve clinical
detection of populations at heightened risk, and guide the development of targeted
behavioral and pharmacological therapies. Similarly, recognizing the evolution of AL offers
insights into the mechanisms by which chronic stress contributes to downstream health

complications, including CP, thus underscoring the need for comprehensive, long-term
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interventions and policies aimed at reducing stress-related disease burden in the community.
In summary, biomarkers related to chronic stress may serve as an intermediary mechanism
linking distal risk factors to CP outcomes, offering a potential pathway to deepen the

understanding of CP etiology.

1.4 Theoretical framework on the association between socioeconomic status and

health

In recent years, the growing socioeconomic disparities in CP have garnered increasing
attention. Understanding the potential mediating mechanisms linking SES and CP can inform
the development of effective interventions to curb the prevalence of CP, with biological risk
factors associated with chronic stress dysregulation being possible mediators. The prevalence
of CP in the United States has followed a pattern where the most socioeconomically
disadvantaged individuals suffer from more severe CP, with the situation worsening as the
macroeconomic conditions deteriorate (Case and Deaton, 2022; King et al., 2022; Zajacova et
al., 2021b). The origins of sociological studies on health can be traced back to the work of
Emile Durkheim, whose research demonstrates that economic instability can lead to a state
of anomie, increasing rates of suicide and other social pathologies (Durkheim, 2002).
Following this perspective, socioeconomic instability may be related to an individual's health

status.

The concept of socioeconomic status (SES) originated from the works of social theorists Karl
Marx and Max Weber. Marx posited that an individual’s social class is determined by their
relationship to the means of production (Galobardes et al., 2007). Those who own the means

of production occupy higher social class positions (Krieger et al., 1997). In contrast, Weber
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expanded the definition to include not only economic status but also social status and political
power. Weber proposed that disparities in economic opportunities, knowledge, and skills lead
to differences in 'life chances,' resulting in unequal probabilities of individuals accessing
specific economic goods (Lynch and Kaplan, 2000; Weber, 2009). SES has long been viewed
as a fundamental cause of chronic disease inequalities (Phelan et al., 2010). In the field of
social epidemiology, the fundamental cause theory (FCT) plays a dominant role in explaining
the origins and disparities of chronic diseases. The FCT posits that individuals with higher SES
possess more flexible resources, including knowledge, money, power, prestige, and beneficial
social connections, enabling them to avoid health risks, thereby creating health disparities

among groups (Clouston and Link, 2021; Phelan et al., 2010).

With the advancement of social epidemiology, new supplements to the theory of
fundamental causes have emerged continuously. These new theoretical frameworks even
extend to explaining the social stratification of infectious diseases, with the social history
theory being a notable example. This theory encompasses explanations for the
socioeconomic disparities observed in both infectious and chronic diseases. The social history
theory, with its inflection point approach, proposes that temporal differences in the
availability of new knowledge or technologies rooted in the SES hierarchy contribute to health
inequalities (Clouston and Link, 2021). Specifically, diseases transition through four patterns
in prevalence or mortality. At the onset of a disease outbreak, all social groups face similarly
high levels of risk due to the limited availability of knowledge regarding its prevention and
treatment. As new knowledge or technology diffuses disproportionately and at different
paces between SES groups, the gaps in prevalence and prognosis will increase. Eventually, as

innovations spread more widely and deeply, the inequalities will decrease and ideally be
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eliminated (Clouston et al., 2016). For instance, greater access to colonoscopy screenings and
the ability of individuals with higher SES to shelter in place and practice social distancing
contribute to disparities in colorectal cancer mortality and COVID-19 prevalence, respectively,
particularly during the early stages of disease-related knowledge dissemination. With the
widespread adoption of colonoscopy, the deepening public awareness of social distancing,
and the broad distribution of vaccines, mortality rate disparities have gradually diminished
(Clouston et al.,, 2021, 2017). The social history theory seeks to elucidate the historical
patterns of disease emergence and decline as stratified by SES, serving as a complement to
the epidemiological transition theory. This perspective may shed light on the current phase
of widening inequality in the prevalence of CP, potentially linked to the uneven progress in
developing effective pain treatments and management strategies. However, the theory faces
limitations in explaining CP-related SES disparities at the individual level due to the inherent

risk of ecological fallacy.

The metamechanism theory is another extension to FCT, suggesting three metamechanisms—
spillovers, habitus, and institutional processing—to account for the disparities without
assuming agency lies exclusively with the individual, not with institutions (Freese and Lutfey,
2011). This theory complements to the theoretical narrative of purposive action with different
means (Freese and Lutfey, 2011). Specifically, this theory addresses the dilemma that arises
when health-promoting resources, such as health behaviors, are easily accessible and their
benefits are widely known, yet disparities endure. Spillovers refer to the phenomenon in
which individuals with higher SES experience better health outcomes than those with lower
SES, largely as a result of contextual advantages rather than individual agency. Habitus

emphasizes socialization and upbringing in different SES, leading to "habitual ways of acting
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when performing routine tasks" (Cockerham, 2005). The health practice is not intentional but
rather a result of unconscious inertia rooted in individuals' SES. Institutional processing
describes how social institutions, such as the family and the health care system, reproduce
health inequalities through differentiated treatment. For example, women who quit smoking
may suffer from second-hand smoke from spouses and extended family members.
Additionally, access to and practices by the healthcare system may vary based on patient

socio-demographic characteristics (Clouston and Link, 2021; Freese and Lutfey, 2011).

In the CP settings, spillovers suggest that individuals in higher SES benefit from healthier
environments (e.g., better healthcare, less stress) that reduce CP, even without active
management, while lower SES individuals lack these contextual advantages. Habitus points to
how socialization shapes habitual responses to pain, with lower SES individuals possibly
normalizing pain or using less effective coping strategies, deepening disparities. Institutional
processing highlights that healthcare systems often provide different levels of care based on
SES, leading to under-treatment of CP in disadvantaged populations. Moreover, people with
low SES are at higher risk for CP due to a compound effect of spillover, institutional handling,

and habitual patterns.

A competitive theory to the metamechanism theory is social stress theory of SES. Stress is
defined as "a state of arousal resulting either from the presence of socioenvironmental
demands that tax the ordinary adaptive capacity of the individual or from the absence of the
means to attain sought-after ends" (Aneshensel, 1992). Stressors are external challenges or
obstacles, while stress refers to the internal response they trigger. Chronic stress, therefore,

refers to stress that endures for a long time (Baum et al., 1999). Individuals facing unfavorable
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socioeconomic conditions suffer doubly: they experience demands and have limited access
to resources. Stressful situations like financial difficulties, family conflicts, bereavement,
substandard living conditions, crime, violence, and discrimination are linked to adverse
socioeconomic conditions. Secondly, these conditions restrict access to essential resources
such as money, education, power, prestige, and valuable social networks, which are necessary
to manage these demands. In addition to the severity of these stressors, characterized by the
imbalance between demands and resources, repeated exposure to these stressors increases
the likelihood of chronic stress (Crielaard et al., 2021). Both competing theories underscore
the external and structural plight, as well as the restricted responses of individuals. This thesis
adopts the social stress theory of SES as its theoretical foundation. The stress theory offers a
biosocial framework that links social disadvantage to health outcomes, allowing us to explore
mediating mechanisms beyond the classic health behavior approach. This provides more
nuanced insights for interventions aimed at improving CP management and reducing the
burden of pain across populations. Although recent systematic reviews have indicated an
association between SES and dysregulation related to chronic stress (Dowd et al., 2009;
Johnson et al., 2017), research on the biosocial mechanisms of CP remains limited. Moreover,
CP may represent a biological consequence of prolonged exposure to chronic stress, making
stress-related biological outcomes a critical mediator in the relationship between SES and CP.
In the following chapters, | will delve into the connections between chronic stress-related

biological responses and CP.

1.5 Association between SES indicators and CP

The study of SES and its relationship to health has a long history, but due to its complexity,

there has not yet been a consensus on a unified definition. Currently, social epidemiology
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suggest that the core of SES lies in the availability of flexible resources—such as knowledge,
money, power, prestige, and beneficial social networks—which may reduce or increase health
disparities (Clouston and Link, 2021). SES influences health outcomes because those with
greater access to these flexible resources are better able to protect and promote their health
(Phelan et al., 2010). For example, individuals with higher SES are often better equipped to
adopt healthier behaviors, secure timely medical interventions, or avoid environmental risks,
thus reducing their exposure to health hazards. In contrast, those with lower SES may lack
access to these resources, making them more vulnerable to adverse health outcomes due to
limited access to quality healthcare, nutritious food, safe living conditions, and social support

networks.

Given the broad scope of SES, various regions have operationalized SES differently. For
instance, in the U.S., social status is measured based on a series of questions regarding (a)
ownership of capital assets, (b) control of organizational assets, and (c) possession of skill or
credential assets. In Europe, particularly the U.K., social class measurement is based on long-
standing occupational class divisions (Krieger et al., 1997). Occupational status can influence
health inequalities through material resources, social networks, and lifestyle factors
(Galobardes et al., 2006a). Despite the marginal effects of occupation on CP in a recent meta-
analysis (Prego-Dominguez et al., 2021a), a substantially larger, more recent study using UK
Biobank data, and genome-wide association analysis has suggested that lower occupational
positions increase the risk of having CP (Farrell et al., 2023). Among a nationally
representative sample of older adults in the United States, people who were not working due
to disability had higher odds of having CP compared to those worked as a paid employee

(LaRowe et al., 2024). Also, a longitudinal study from Sweden found non-skilled workers at
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lower risk of moderate pain worsening compared with skilled and non-manual workers

(Prego-Dominguez et al., 2021b).

Additionally, there have been numerous alternative proxies for SES. Income-related measures
are often used to assess SES as income directly reflects an individual’s ability to acquire
material resources. This includes various components such as wages, dividends, interest, child
support, alimony, transfers, and pensions. Poverty is a key income-related indicator as well.
In the U.S., the poverty threshold is set at a basic level necessary for biological survival and is
adjusted for factors such as year, household size, and the age of the household head (Krieger
et al., 1997). Absolute deprivation, as measured by the poverty threshold, is just one lens for
examining poverty; relative deprivation, which compares household income to the national
poverty threshold, is also critical as it reflects the ability to meet survival needs (Diemer et al.,
2013). Empirical findings have provided evidence supporting the associations between
income measures and CP. For example, a recent internet-based cross-sectional study found
that people with lower household income had higher probability of reporting pain lasting six
months or more (Johannes et al., 2010). Similarly, more recent studies found people with
lower income were more likely to report high impact CP (Strath et al., 2024) or CP (LaRowe et

al., 2024).

Social epidemiology literature has long recognized the importance of relative deprivation for
health, which is related to the fulfillment of human needs. In some Global South countries,
the relationship between socioeconomic status and health is not driven by absolute
deprivation but by relative deprivation (Marmot, 2005). Individuals’ perception of their

economic circumstances are important since they reflect the stress of living in poverty or
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economic hardship and a subjective evaluation of one's actual economic resources. Studies
have shown that perceived economic hardship is linked to various health outcomes (Diemer
et al., 2013). A study using 30-day diaries suggested that daily financial worry and the
respondents' ability to afford basic necessities were associated with daily pain experiences

among women with a diagnosis of osteoarthritis, fibromyalgia, or both (Rios and Zautra, 2011).

Education is another commonly used SES indicator, typically measured by years of schooling
or the highest level of educational attainment. Education serves as a key marker of both
individual and family resources during the transition from childhood to adulthood and is a
strong predictor of future employment and income. Additionally, education as a form of
cultural capital reflects an individual’s capacity to access health knowledge and resources,
thereby influencing health outcomes (Galobardes et al., 2006b). Education has been
suggested as a risk factor for CP. A recent longitudinal study based on samples from four
medical clinics across Germany, using the Chronic Pain Grade questionnaire, found that
compared to people with tertiary education, people with upper secondary education had
higher levels of CP intensity and disability (Fliesser et al., 2018). A more recent study also
found an association between lower levels of education and higher risks or having high impact

CP (Strath et al., 2024).

In summary, SES is a multidimensional concept. While using a single SES indicator can provide
benefits, such as model simplicity or clarifying the mechanisms linking specific aspects of SES
to health outcomes, no single indicator can fully represent SES across all studies (Woo et al.,
2023), nor can it capture the complexity of SES as a unified construct (Galobardes et al.,

2006b). Research relying on single indicators often captures only one dimension of SES and
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overlooks how its various dimensions interact to form the broader SES structure. So far, very
few studies have used a multidimensional SES measure to examine the association of CP. A
longitudinal study from Germany found higher multidimensional SES index were associated

with lower CP disability and intensity (Fliesser et al., 2018).

1.6 Absence of life course studies on the association between SES and CP

Barker's hypothesis on fetal programming is widely recognized as a crucial foundation in the
early evolution of life course epidemiology (Wagner et al., 2024). It integrates insights from
both biomedical and social sciences, proposing that the origins of numerous chronic diseases
can be traced back to the 'programming' of biological processes during embryonic
development. These processes are significantly influenced by nutritional conditions during
pregnancy, or even before conception, which are themselves shaped by the mother's
developmental experiences in her own childhood or adolescence (Barker, 1997). After
decades of development, the life course theory has evolved into a dominant paradigm in
social epidemiology, with its specific components closely intertwined with the cumulative
concept of social stress theory (Ben-Shlomo et al., 2014). The theory hypothesizes that risk
factors at different life stages may influence health outcomes later in life in various

combinations.

Focusing on how life course SES translates into the unequal distribution of health risks in the
population is crucial for the prevention and intervention of chronic diseases at the population
level (Jones et al., 2019). Life course research on CP can help identify effective periods for
intervention, yet related studies remain inadequate (Khalatbari-Soltani and Blyth, 2022). In

general, there are four life course models: (a) the accumulation of risk with uncorrelated
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exposures, (b) the accumulation of risk with correlated exposures, (c) the chain of risk additive

model, and (d) the chain of risk trigger model (Ben-Shlomo et al., 2014).

The accumulation of risk with uncorrelated exposures (Figure 1 model a) suggests that various
risk factors contribute separately to the overall risk of developing a particular health outcome
and these factors are independent of each other. For instance, a person might carry a genetic
predisposition, experience the loss of a parent due to war, and face unemployment in
adulthood. These exposures are not related to each other. If each exposure increases risk,
even to varying extents, then those exposed to multiple factors will have a higher overall risk
compared to those exposed to fewer factors. In contrast, the accumulation of risk with
correlated exposures model (Figure 1 model b) assumes exposures are clustered to an
upstream factor, and like accumulation of risk with uncorrelated exposures, the exposures
collectively increase the overall risk of having a disease. For instance, residing in a
disadvantaged neighborhood might be linked to limited access to healthy food options, fewer
opportunities for physical activity, and stronger peer pressure to smoke. Each of these factors
could cumulatively elevate the risk of developing coronary heart disease (Ben-Shlomo et al.,

2014).

The chain of risk additive model (Figure 1 model c) indicates each exposure contributes to an
increasing level of risk, with one factor influencing the next in a sequence. For instance,
smoking might directly contribute to the development of subclinical atherosclerosis by
causing inflammation in the arteries. Additionally, smoking can lead to respiratory issues that
decrease physical activity, further lowering aerobic capacity and increasing the likelihood of

obesity. Obesity, in turn, is associated with insulin resistance syndrome, which is a significant
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risk factor for coronary heart disease. Addressing obesity could improve health outcomes, but
individuals who have followed this pathway are still at a higher risk compared to those who
were never obese, due to the cumulative effects of their life course exposures. Finally, the
chain of risk trigger model (Figure 1 model d) suggests that only the final event in a sequence

of risk exposures can ultimately lead to a significant health outcome (Ben-Shlomo et al., 2014).

In the case of SES, earlier SES strongly predicts future SES, and SES in different periods may
be collectively and directly associated with CP, thus, the chain of risk additive model should
be the most appropriate model (Ben-Shlomo et al., 2014). Models (a) and (b) disregard the
temporal correlation among SES variables, while model (d) overlooks the possible direct
association between SES and CP across different time periods. Furthermore, this theoretical
model is particularly relevant in cases where the same exposure, such as SES, occurs at
different time points, as its impact on later-life health outcomes may vary depending on the
timing of exposure (Green and Popham, 2017). Furthermore, the critical period model and
sensitive period model are embedded within the chain of risk additive model, offering a more
comprehensive framework to explain how the timing of the same exposure can variably affect
subsequent disease risk. The Critical Period Model suggests that exposure to certain factors
during a specific time window can lead to a specific disorder. This model assumes no increased
risk if exposure occurs outside this time window. In contrast, the Sensitive Period Model posits
that exposure during different time windows may result in varying degrees of risk (Ben-
Shlomo et al., 2014). Therefore, employing the chain of risk additive model in researching CP
can reveal the relationship between SES and CP over the life course, and provide evidence for

formulating scientific and targeted public health policies for CP.



Figure 1-2 Life course model (Ben-Shlomo et al., 2014, p. 1529)
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1.7 Research aims

Aim 1: To investigate the prospective association between multisystem dysregulation, as
indicated by AL, and CP. Evidence suggests a significant overlap between AL and CP symptoms.
Although clinical evidence indicates a relationship between AL and CP, few studies have
evaluated the cross-sectional association between AL and CP within general population
samples. The first chapter aims to establish the prospective association between AL and CP
using data from the Midlife in the United States (MIDUS) study, specifically the MIDUS 2

Biomarker Project and MIDUS 3, spanning from 2004 to 2014.

Aim 2: To examine the association between HPA axis function and CP. While clinical evidence
suggests that impaired HPA axis function is related to CP, epidemiological findings are mixed.
The second chapter focuses on exploring the prospective association between diurnal cortisol
patterns and CP, utilizing data from the MIDUS study (2004 to 2014), specifically the MIDUS

2 National Study of Daily Experiences (NSDE) and MIDUS 3.

Aims 3 & 4: To investigate the association between life-course SES and CP, and to separately
examine the potential mediating roles of AL and salivary cortisol. Currently, only a few studies
have explored the relationship between life course SES and CP, and it remains unclear
whether SES influences CP through stress-related biological mechanisms. Chapters three and
four utilize data from MIDUS waves 1 through 3 to examine the association between life-
course SES and CP, and to separately test the potential mediating roles of AL and salivary

cortisol.
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Overview of the MIDUS study

The Midlife in the United States (MIDUS) study is a comprehensive national longitudinal
investigation into the psychosocial, behavioral, and sociodemographic factors contributing to
healthy aging. The baseline survey (MIDUS 1) took place between 1995 and 1996, targeting
non-institutionalized, English-speaking adults aged 25-74 years across the United States. Data
collection involved detailed phone interviews and self-administered questionnaires (SAQs).
This initial phase included a nationally representative probability sample of 3,487 individuals,
supplemented by oversamples from specific metropolitan areas (757 individuals), a sample
of 950 siblings of the main respondents, and a national sample of 1,914 twin pairs, bringing
the total baseline sample to 7,108 U.S. adults. About 9 years later, the second phase (MIDUS
2) followed up with the original participants from 2004 to 2006, using similar methods of
phone interviews and SAQs to replicate much of the baseline data collection. The third wave
(MIDUS 3), conducted from 2013 to 2014, continued the longitudinal follow-up with the
MIDUS 2 participants. This phase also employed phone interviews and SAQs, maintaining

consistency with the baseline assessments.

This study utilizes MIDUS as the primary database because it is one of the few public datasets
that directly inquires about chronic pain rather than other pain conditions, even though its
definition of chronic pain may not be the most up-to-date due to the time of its inception.
Other reputable secondary datasets, such as the Health and Retirement Study and the English
Longitudinal Study of Ageing, collect data on pain of unspecified duration, while
Understanding Society records pain interference over the past month. Additionally, MIDUS
boasts a robust collection of biomarkers, including comprehensive AL data and more optimal

HPA axis function measurements. Furthermore, compared to the National Child Development
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Study, which gathers chronic pain and biomarker data in the same wave, MIDUS offers the

added advantage of enabling prospective mediation analyses.

The Biomarker Project of MIDUS 2 contains data from the main survey sample (n = 1,054) and
integrates biological, behavioral, and psychosocial factors. It aimed to identify
biopsychosocial pathways affecting health outcomes and to explore how behavioral and
psychosocial factors protect against or aid recovery from health challenges. The biomarker
collection, relevant across multiple health endpoints, was conducted at University of
California, Los Angeles (UCLA), the University of Wisconsin, and Georgetown University.
Biomarkers assessed the hypothalamic-pituitary-adrenal axis, autonomic nervous system,
immune system, cardiovascular system, musculoskeletal system, antioxidants, and
metabolism. Specimens included fasting blood, 12-hour urine, and saliva. The protocol
involved clinician assessments of vital signs, morphology, functional capacities, bone density,

medication use, and physical exams.

Independent of the Biomarker Project of MIDUS 2, the Daily Diary Project (National Study of
Daily Experiences, NSDE) of MIDUS 2 includes longitudinal survey samples from 1,842
participants, aiming to study how sociodemographic factors, health status, personality traits,
and genetics influence daily stress exposure and reactivity. This project collects four saliva
samples per day for cortisol assessment over four consecutive days, starting from day 2 of the
diary study, which allows this research to measure the functioning of HPA axis. Before the
first NSDE telephone interview, participants received an in-home saliva collection kit with
instructions and 16 numbered, color-coded salivettes. Interviewers explained the collection

process during the initial interview, and participants began saliva collection the next day.
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Saliva samples were collected upon waking, 30 minutes after getting up, before lunch, and at
bedtime. Exact times were recorded via nightly phone interviews and a paper log. Some
participants used a "Smart Box" to store salivettes, which recorded opening and closing times.
Correlations between self-reported and Smart Box times ranged from 0.75 to 0.95. Salivettes
were frozen for storage and shipping, and cortisol levels were measured using a luminescence
immunoassay (IBL, Hamburg, Germany). A detailed description of the study can be found on
the MIDUS website (https://midus.wisc.edu/). Also, details of sample attrition are shown in

the Data section in the following chapters.
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2 Allostatic Load and Chronic Pain: A Prospective Finding from the

National Survey of Midlife Development in the United States, 2004-2014

2.1 Background

Chronic pain (CP) is pain that lasts or recurs for more than 3 months (Treede et al., 2019). CP
is becoming a major health issue worldwide. In the US, an estimated 20.5% of adults suffer
from CP each year, causing significant burden to the healthcare system and costing over $296
billion in lost productivity (Yong et al., 2022). The pathological progression of CP has been
linked to chronic stress-related physiological dysregulation across multiple systems (Borsook
et al., 2012; Rabey and Moloney, 2022; Woda et al., 2016). Such dysregulation has been well
described by the framework of allostatic load (AL). AL is defined as the physiological ‘wear
and tear’ resulting from repeated adaptations to chronic stressors (McEwen and Stellar, 1993).
Long-term response to chronic stress leads to prolonged activation of the hypothalamus-
pituitary-adrenal (HPA) axis and sympathetic nervous system, resulting in elevated levels of
glucocorticoids and catecholamines (Juster et al., 2010; McEwen, 1998). Over time, over-
accumulation of these substances can have downstream consequences and contribute to

subclinical conditions across cardiovascular, metabolic, and immune systems.

The history of the term "Allostatic load" dates back to the early 20th century, initially used to
describe the new equilibrium that organisms achieve when adapting to environmental
changes (Carbone et al., 2022). When these changes are extreme, organisms may develop
maladaptive responses. It wasn't until 1988 that Sterling and Eyer published a groundbreaking
work introducing the concept of allostasis (Sterling and Eyer, 1988). McEwen and Seeman

were among the first scholars to operationalize AL, utilizing biomarkers such as DHEA-S,
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urinary cortisol, norepinephrine, epinephrine, systolic and diastolic blood pressure, waist-to-
hip ratio, serum HDL cholesterol, total cholesterol-to-HDL cholesterol ratio, and HbAlc
(McEwen and Seeman, 1999). Although there is still no strong consensus on the specific
biomarkers that must be included in the operationalization of AL, it is suggested that to reflect
the dysregulation of chronic stress responses, primary mediators—biomarkers of the
neuroendocrine system—and secondary outcomes, including immune, metabolic, and

cardiovascular biomarkers, should be incorporated (Juster et al., 2010).

AL index is operationalized by summing the number of biomarkers that fall within high-risk
qguartiles, which represent physiological dysregulation across multiple systems. Although
several methods exist for determining sample distribution cutoffs, the most commonly used
is the high-risk quartile approach. In this method, participants in the top quartile of the risk
distribution are categorized as dysregulated, while all others are classified as having normal
values. Depending on the biomarker's clinical relevance, either the highest or lowest 25% of
the sample is considered high risk. The AL index is then computed by summing the values of
biomarkers deemed at risk. Sample-based cutoffs are often preferred over clinical cutoffs in
AL research because clinical thresholds typically identify disease states, whereas AL theory in
general focuses on subclinical markers that reflect the physiological wear and tear resulting
from chronic stress (Carbone et al., 2022). Also, we selected the high-risk quartile index (based
on sample 25th/75th percentiles) given its strong predictive utility for CP in population-based
studies and clearer interpretability. Other formulations such as the z-score method or
extreme decile-based index were not used due to their lower explanatory power and limited
clinical interpretability, as highlighted in prior research (Sibille et al., 2017). However, this

approach is not without limitations. As the quantile cutoffs were derived from the sample
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distribution, the resulting index is sample-dependent and may limit comparability across
studies. Additionally, dichotomizing continuous biomarkers can lead to information loss and

may reduce the sensitivity to detect more subtle dose-response relationships.

In the past few decades, there has been substantial evidence indicating the association
between AL and various chronic diseases and symptoms (Guidi et al., 2021), however, the
examination of the association between AL and CP is still in its preliminary stage. Evidence
supporting a role for AL in the etiology of CP mainly comes from studies based on clinical
samples. Notably, dysregulations in the HPA axis, autonomic nervous system, steroids and
immune system have been reported in patients with CP (Abdallah and Geha, 2017; Woda et
al., 2016), which are also manifestations of people with AL. Furthermore, patients with CP
often undergo a range of maladaptive stress responses related to AL, including an inability to
habituate to repeated similar stressors, a failure to turn off stress responses, and altered or
inefficient responses to stress (Borsook et al., 2012; Juster et al., 2010). These processes may
represent adaptive responses of the brain and body systems to the chronicity of pain. The
resulting multisystem biological wear and tear could play a significant role in the pathology of

CP (Borsook et al., 2012).

Recent studies based on clinical samples found mixed results regarding the association
between AL and CP. Research indicates that pediatric patients with pain exhibit a greater risk
of experiencing AL, and AL is associated with pain-related functional impairments (Nelson et
al.,, 2021). A prospective association between AL and CP has been suggested. A one-year
longitudinal study reported a mild correlation between the AL index and pain severity among

chronic low back pain patients (Wippert et al., 2022). Meanwhile, this study has found that a
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combination of seven psychological factors and a set of five biomarkers, including
norepinephrine, interleukin-6, triglycerides, waist-to-hip ratio, and resting pulse, has yielded
good predictions of pain intensity and pain disability. However, another 6-year longitudinal
study reported no longitudinal association between stress response systems, including HPA
axis, immune system, and autonomic nervous system, and chronic widespread pain (CWP)
(Generaal et al.,, 2016). While the use of validated CP assessments helped to control
measurement errors, the inconsistent results may be due to inconsistencies in
operationalizing chronic stress response dysregulation and in measuring CP outcomes.

Additionally, the clinical samples limit the generalizability of these findings.

Several population-based studies have consistently demonstrated a positive association
between AL and CP in cross-sectional analyses. For example, higher levels of AL are associated
with an increased likelihood of reporting CP, especially widespread bodily pain, among adults
in the U.S. (Slade et al., 2012). However, this study only computed AL based on metabolic,
inflammatory, and cardiovascular biomarkers, disregarding primary mediators such as
biomarkers in the HPA axis and in sympathetic nervous system (Juster et al., 2010). Among a
sample of adults over the age of 50 in England, severe CP has been associated with a high
level of AL, which encompassed HPA axis biomarkers, after adjusting for sociodemographic
factors, health behaviors, and chronic conditions (Sibille et al., 2017). However, the
measurement of CP duration was vague, using the term 'often' without specific time frames.
Furthermore, the cross-sectional nature limits the ability to establish causal direction
between AL and CP or to account for baseline confounders that might influence CP.

Additionally, the AL index in previous research primarily relied on a summative score. This
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computation lacks the ability to discern AL differences within each biological system or across

systems (Carbone et al., 2022).

Employing a summative score for AL presents certain limitations. It combines several
biomarkers into one index, which can oversimplify the complexity of physiological responses
and obscure significant variations (Carbone et al., 2022). For example, this method assumes
that each biomarker contributes equally to the total score, overlooking the possibility of
unique patterns or combinations of biomarkers that could reflect distinct health profiles. In
contrast, LCA identifies and characterizes latent subgroups by accounting for the covariances
between biomarkers, adding information on the association between the specific risk profiles

of AL and CP.

Our study aimed to investigate the prospective relationship between AL and CP using a
community-dwelling sample. The research question is whether AL is prospectively associated
with CP. We utilized latent class analysis (LCA) to capture the nuances of AL phenotypes
(Carbone, 2021; Forrester et al., 2019). Additionally, we used CP measures that adheres to
the definition of CP in terms of pain duration (Bonica and Hoffman, 1954), thereby enhancing
the validity of our pain assessments. Our examination was also adjusted for a range of factors
including sociodemographic characteristics, health-related behaviors, multiple chronic
conditions, and detailed medication information. We hypothesized that AL phenotypes would
be prospectively associated with increased risk of experiencing CP, increased number of pain

locations, and greater pain interference after seven years.
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2.2 Methods

2.2.1 Data

This study used the Midlife in the United States (MIDUS) from 2004 to 2014, including two
main survey waves (MIDUS 2 and MIDUS 3) and a Biomarker Project of MIDUS 2. MIDUS is a
national, longitudinal study focusing on individual social status, psychological profiles, and
biological processes of aging, initiated between 1995-1996 and followed 7,108 non-
institutionalized Americans aged 25 to 74 in the contiguous United States. The main survey
collected data by phone interviews and self-administered questionnaires. The MIDUS is
publicly accessible secondary data. More details of the study are available on the MIDUS

website (Available at: http://midus.wisc.edu/).

Of the participants, 1,255 were involved in the Biomarker Project of MIDUS 2, conducted from
2004 to 2009. Samples meeting the following criteria were incorporated into the analyses
(See figure 2-1): 1) samples that participated in the biomarker program and the MIDUS 3
follow-up survey, 2) samples that provided complete information on the major variables (AL

and CP).
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Figure 2-1 Flow diagram for the study cohort
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2.2.2 Measures

2221 AL

AL biomarkers were collected from the Biomarker Project of MIDUS 2. The project collected
12-hour urine samples, fasting blood samples, as well as nervous system function data from
respondents during a one-day stay at a General Clinical Research Center (GCRC) of either
UCLA, University of Wisconsin, or Georgetown University, depending on the residence of

respondents (Ryff et al., 2022).

For urine collection, two 2-liter containers were prepared: one acidified with 25 ml of 50%
acetic acid for catecholamine (CATS) tests (red-labeled) and one without acid for cortisol
(CORT) analysis (white-labeled). Participants began a 12-hour collection at 7:00 PM, voiding
and discarding the initial sample. Subsequent voids were divided equally between the
containers, refrigerated during the collection period, and concluded with a final void at 7:00
AM. Missed or incomplete samples were documented. Collected urine was processed by
measuring and recording the volume of each container. From the CORT container, aliquots of
11 ml were transferred into two 13-ml tubes and 4 ml into two 5-ml vials. For the CATS
container, the pH was adjusted below 5 with acetic acid, followed by the same aliquoting

process.

For blood collection, three 10-ml serum-separating tubes (SST), two 4-ml lavender
Ethylenediaminetetraacetic acid (EDTA) tubes (one foil-wrapped), and one 4-ml or 2.7-ml blue

sodium citrate tube were labeled. Fasting blood was drawn between 6:30 and 7:00 AM,
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starting with the SST tubes, followed by the lavender tubes and then the blue tube. Tubes
were gently inverted after collection, and forms were completed. The non-foil lavender tube

was refrigerated, and the foil-wrapped tube is placed in an ice bath.

Blood processing involved centrifuging the blue citrate tube at 4°C for 15 minutes, aliquoting
1 ml plasma into two vials, and freezing. SST tubes stand for 15-30 minutes before
centrifugation at 4°C for 20 minutes. Sera were aliquoted into red, white, green, and orange-
labeled vials. The foil-wrapped lavender tube was processed under dim lighting, centrifuged
at 4°C for 15 minutes, and plasma was aliquoted into two yellow-labeled vials. All samples
were stored in the -60°C to -80°C freezer for staff pickup (Ryff et al., 2022). The assay details

are shown in the Assay descriptions in the MIDUS Biomarker Project (Ryff et al., 2022).

Following previous studies (Carbone et al., 2023, 2022; Juster et al., 2010), AL was constructed
into seven physiological systems from 27 biomarkers (shown in Table 1-1). A high-risk quartile
of biomarkers were used (McEwen and Seeman, 1999). Dehydroepiandrosterone sulfate
(DHEA-S) and cortisol in the upper or lower 25 quartile were regarded as at high risk. When
high-frequency heart rate variability (HFHRV), low-frequency heart rate variability (LFHRV),
root mean square of successive differences (RMSSD), standard deviation of heart beat to
heart beat intervals (SDRR), and high-density lipoprotein (HDL) cholesterol strength fell within
their lower 25" quartile ranges, individuals were classified as high risk. Other biomarkers
falling into their upper 25t quartile were assigned to the high-risk range. Then, biomarkers in
their high-risk quartile were coded as 1; otherwise, 0. The high-risk thresholds are detailed in

Table 2-1.
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Then, LCA was used to capture the phenotypes of AL (package “poLCA” in R). The binary
biomarkers were fitted into 1-7 clusters, and the selection of the optimum number of cluster
was based on log-likelihood, Akaike Information Criterion (AIC), Bayesian Information
Criterion (BIC), entropy, and interpretability of classification. Regarding entropy, an ideal
value is close to 1, and above 0.8 is acceptable (Weller et al., 2020). As for AIC and BIC, lower
values indicate a better fit (Sinha et al., 2021). However, BIC tends to favor simpler models in
larger samples due to its complexity penalty, while AIC may lean towards more complex
models. Given these considerations, seeking points of inflection or plateauing for BIC and AIC
can balance model complexity against the risk of overfitting (Sinha et al., 2021). Also, the
classification should be meaningful from a clinical or a biological perspective (Sinha et al.,
2021). Additionally, each cluster should have at least 10% of the sample (Sinha et al., 2021;
Weller et al., 2020). 5000 iterations were set to generate convergent estimation for each LCA

model.

Table 2-1 Values for high-risk quartiles

Biomarkers Simple High Risk Quartile

Hypothalamic Pituitary Adrenal Axis
DHEA-s (ug/dL) <51 or>141
Urine cortisol (ug/g) <6.7 or 219

Sympathetic Nervous System

Urine epinephrine (ug/g) >2.464
Urine norepinephrine (ug/g) >32.964
Urine Dopamine (ug/g) >182.964

Parasympathetic Nervous System



HFHRV

LFHRV

RMSSD

SDRR (ms)

Cardiovascular

Resting heart rate (bpm)

Resting systolic blood pressure (SBP) (mmHg)
Resting diastolic blood pressure (mmHg)
Metabolic-glucose

Fasting glucose

Hemoglobin Alc (HbAlc) (%)

Homeostasis model of insulin resistance (HOMA-IR)
Metabolic-lipids

Triglycerides (mg/dL)

Waist-to-hip ratio (WHR)

Body mass index (BMI) (kg/m?)

Low-density lipoprotein (LDL) cholesterol (mg/dL)
High-density lipoprotein (HDL) cholesterol (mg/dL)
Inflammation

C-reactive protein (CRP) (mg/L)

Interleukin-6 (IL6) (pg/mL)

Tumor necrosis factor-a (TNF-a) (pg/mL)

Fibrinogen (mg/dL)

Soluble endothelial leukocyte adhesion molecule-1

Selectin) (ng/mL)

Soluble intercellular adhesion molecule-1 (ICAM-1) (ng/mL)

Blood fasting insulin-like growth factor 1 (IGF1) (ng/mL)

<55.9

<103.4

<12.02

<23.27

279.8

2144

2105

26.242

24.36

>156

20.965

>33.028

2127

<43

>3.655

>1.23

22.51

2399

>51.88

2335.185

2157

42
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2.2.2.2 Outcome: CP

The presence of CP, CP interference and the number of CP sites from MIDUS 3 were utilized.
Respondents were first asked “Do you have CP, that is do you have pain that persists beyond
the time of normal healing and has lasted from anywhere from a few months to many years?”,
if so, they were then asked about CP interference. A pain interference index was generated
by calculating a mean score of how much pain interfered with respondents’ activity, mood,
relations, sleep, and enjoyment, ranging from 0 to 10 (Jensen, 2011; Li et al., 2021a). Then,
the pain interference index was further categorized into no pain, low interference pain (<4),
and high interference pain (>4) as categorical variable (Jensen, 2011). In addition, if
respondents reported having CP, they were asked about the location of the pain, including
head, neck, back, arms, legs, shoulders, hips, knees, and other sites. We summed up the pain
sites into an index and then categorized it into no pain, 1-2 sites, or 3 or more sites as a

categorical variable (Li et al., 20213, 2021b).

The categorization is based on the consistency with previous practices (Li et al., 2021a, 2021b),
as well as the distributions of both CP interference and the number of pain locations, which
are highly skewed toward the lower end. This skewness presents challenges for linear
modeling techniques, which assume normality of residuals. While negative binomial
regression is a potential approach to address the count nature of our pain location data, it
may not adequately account for the observed high skewness in the distribution. In addition,
the sample sizes in our study are unevenly distributed across the potential range of these
variables, with a significant drop-off in frequency as the number of pain locations increases.

This sparsity in the upper range can undermine the reliability of regression estimates, as the
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models would be driven by a small subset of the sample with higher pain counts. Therefore,

categorization helps to stabilize the variance across groups.

2.2.2.3 Covariates

Covariates were selected by current knowledge about the association between AL and CP
(Mills et al., 2019; Sibille et al., 2017; Slade et al., 2012). Sociodemographic covariates were
obtained from the MIDUS 2 main survey and were coded as categorical variables except for
the age variable, which was treated as continuous. Sociodemographic covariates included
gender (ref: male; comparison: female), age, ethnicity (ref: White; comparison: non-White),
educational attainment (i.e., the highest educational certificate a respondent had obtained,
ref: high school or less; comparison: bachelor's degree, or master's degree and above), marital
status (ref: married; comparison: divorced/separated/never married/widowed), and the
income-to-needs ratio (INR, ref: affluent; comparison: adequate-income, or low-income or
below) (Diemer et al., 2013) which was computed by dividing total household income by
Federal Poverty Threshold (United States Census Bureau, 2022). Additionally, behavior factors
from the MIDUS 2 Biomarker Project were considered. They were alcohol intake status (ref:
moderate or more drinker; comparison: light drinker, or non-drinker or rarely drinker),
smoking status (ref: current smoker; comparison: ex-smoker, or non-smoker), and categories
of the metabolic equivalent of task (MET, ref: between 500-1000 minutes per week;
comparison: greater than 1000, or less than 500) minutes per week (Li et al., 2021a; Office of
Disease Prevention and Health Promotion, 2008). Also, the time gap between the two data
collections was controlled for. Finally, adverse childhood experiences (ACEs) also possibly

confound the relationship between AL and CP (Graves and Nowakowski, 2017; Misiak et al.,
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2022). In this case, we considered emotional abuse and physical abuse from parents. The ACE

data were retrospectively collected in the MIDUS 1 and were treated as ordinal variables.

Multimorbidity was also adjusted for (Diederichs et al., 2011; Mills et al., 2019). The chronic
condition index summed up a count of “Yes” responses to the chronic conditions-related
questions (Ryff et al., 2022). Then, the index was coded as a binary variable (ref: <2;
comparison: >2) and the index more than 2 was regarded as multimorbidity. Since mental
health conditions were already incorporated in this variable, there were no extra adjustments

for depression and anxiety.

MIDUS 2 Biomarker Project enhanced medication reports by linking medication names and
IDs to Generic Names and Lexi-Data database and asking respondents for their reasons for
taking medications (Ryff et al., 2022). A binary variable was created (ref: no; comparison: yes)
to represent whether a participant had taken any medication from a selection of
antihyperlipidemic agents, beta adrenergic blocking agents, antihypertensive combinations,
anxiolytics sedatives and hypnotics, antidiabetic agents, sex hormones, thyroid hormones,

antidepressants, and analgesics, including opioids and non-opioids.

To clarify the hypothesized relationships in our analysis, a Directed Acyclic Graph (DAG, Figure
2-2) was constructed to model the association between AL at MIDUS 2 (M2 AL) and CP at
MIDUS 3 (M3 CP), while accounting for a comprehensive set of covariates. The DAG identifies
potential confounding and mediating pathways based on existing literature and theoretical
frameworks. Covariates include demographic factors (age, gender, race/ethnicity),

psychosocial exposures (parental abuse), socioeconomic indicators (INR, education), health
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behaviors (smoking, drinking, MET, medication use), health status (multimorbidity), and time
between biomarker collection and pain assessment (year gap). These variables were included

in the adjusted models to account for confounding effects.



Figure 2-2 DAG of the association between AL and CP with covariate adjustment

Parental abuse

Z RN <3

Year gap

Medication

Abbreviations: AL, allostatic load; CP, chronic pain; INR, income-to-needs ratio; MET, the the
metabolic equivalent of task
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2.2.3 Statistical Methods

Regression models were chosen according to types of CP variables. For a binary CP variable,
logistic regressions were used. The number of pain location and pain interference were
categorical variables, therefore, multinomial regressions were utilized. All main analyses
presented were fully adjusted for relevant confounders to reduce spurious associations and

were generated from the complete cases.

Three sensitivity analyses were applied. Firstly, data missingness can lead to biased estimation
(He, 2010; Sterne et al., 2009). Although Little’s MCAR test indicated that the data were
consistent with missing completely at random (x? = 124.05, df = 125, p = 0.507), there were
more than 5% missing data (10.37%). Within this analytic dataset, variable-level missingness
was generally low (mostly <5%, none >11%). To minimize potential bias and preserve
statistical power, multiple imputation (MI) using the R package "MICE" (Buuren and
Groothuis-Oudshoorn, 2011) was employed to address item nonresponse, based on the
assumption of missing at random (MAR). Missing covariates were imputed in accordance with
the specific distribution of each item, as recommended (Sterne et al., 2009). Twenty imputed
datasets were generated, and the coefficients from all statistical models were combined using
Rubin's rules. ANOVA tests and chi-squared tests were performed respectively for continuous
variables and categorical variables to check the similarity of imputed datasets and the
observed dataset. Secondly, bootstrapping method was used to estimate the variability and
robustness of coefficients (Carpenter and Bithell, 2000). Bootstrap methods allow for the
estimation of the standard errors and confidence intervals for various statistics without

relying on strong parametric assumptions. This is particularly useful in small sample sizes or
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when the sampling distribution of the statistic is complex or unknown. A total of 5000
bootstrap samples were generated with replacement, each with the same sample size as the
original dataset. The bootstrapping process was conducted by R. Thirdly, CP status at MIDUS
2 was incorporated into the model and the binary measure of medication intake at MIDUS 2

was substituted with specific individual medications.

23 Results

2.3.1 Descriptive Statistics

Table 2-2 displays the descriptive statistics of the analytic sample (N=781). Of the participants,
62.7% reported no CP, 24.6% had low interference pain, and 12.7% had high interference pain.
In terms of the number of pain locations, 23.8% of participants reported 1-2 pain sites and
13.4% of participants reported 3 or more pain sites. The back is the most common pain site
among the participants. Additionally, participants with higher pain interference at follow-up
were more likely to overlap with those experiencing more pain regions, regardless of baseline
pain status (participants with baseline CP: x2=828, P<0.001; participants without baseline CP:
Xx2=400, P<0.001). Among participants with 3 or more pain regions, about half of them
reported low interference pain and the other half reported high interference pain; Among
participants with one to two pain regions, about 75% reported low interference pain and 25%
reported high interference pain. The majority of respondents were females, non-Hispanic
Whites, affluent, and married, with over 48% of respondents being highly educated (above
high school degree). Additionally, there were no significant differences between observed

dataset and imputed datasets, supporting the validity of the imputation process.
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Observed dataset

Imputed dataset

Variable Mean/N SD/ Proportion Available value % SD / Proportion Test
Presence of CP 781 1.000 X2=0
No pain 490 62.70% 62.70%
cp 291 37.20% 37.20%
Pain interference at MIDUS 3 781 1.000 X2=0
No pain 490 62.70% 62.70%
Low interference pain 192 24.60% 24.60%
High interference pain 99 12.70% 12.70%
Number of pain sites at MIDUS 3 781 1.000 X?=0
No pain 490 62.70% 62.70%
1-2 186 23.80% 23.80%
3+ 105 13.40% 13.40%



AL phenotypes

Baseline

Parasympathetic dysregulation

Metabolic dysregulation
Sociodemographic
Education

high school or less

bachelor's degree

Master's degree and above
Gender

Male

Female
Age
Race/ethnicity

White

781

403

189

189

780

397

233

150

781

351

430

54

780

723

51.60%

24.20%

24.20%

50.90%

29.90%

19.20%

44.90%

55.10%

10.907

92.70%

54

1.000

0.999

1.000

1.000

0.999

54

51.60%

24.20%

24.20%

50.90%

29.90%

19.20%

44.90%

55.10%

10.9

92.70%

54

51

X2=0

F=0

X?2=0
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Non-White 57 7.30% 7.30%
Marital Status 780 0.999 X2=0
Married 570 73.10% 73.10%
Divorced & Separated 113 14.50% 14.50%
Never married & Widowed 97 12.40% 12.40%
Income-to-needs ratio 767 0.982 X?2=0.008
Affluent 437 57% 57%
Adequate-income 211 27.50% 27.50%
Low-income or below 119 15.50% 15.50%

Year gap between data
collections
MIDUS 2 Biomarker Project to
6.7 1.249 6.833 1.000 6.7 1.249 6.833 F=0
MIDUS 3

Childhood adversity



Childhood parent emotional
abuse
1 (Never)

1.5

2.5
3 (Most frequent)

Childhood parent physical abuse
1 (Never)

1.5

2.5
3 (Most frequent)

Health behavior

724

225

111

200

101

87

732

309

116

184

71

52

31.10%

15.30%

27.60%

14%

12%

42.20%

15.80%

25.10%

9.70%

7.10%

0.927

0.937

30.70%

15.40%

27.40%

14.20%

12.20%

41.90%

16.20%

24.90%

10%

7.10%

53

X?=0.1

X?=0.147



Total number of Metabolic
Equivalent of Task (MET) minutes
per week

500-1000

Greater than 1000

Less than 500
Smoking behavior

Current Smoker

Ex-Smoker

non-Smoker
Drinking behavior

Moderate + drinker

Light drinker

Non-drinker or rarely drink

Health conditions

776

151

319

306

780

87

247

446

781

308

228

245

19.50%

41.10%

39.40%

11.20%

31.70%

57.20%

39.40%

29.20%

31.40%

0.994

0.999

1.000

19.50%

41.10%

39.40%

11.10%

31.70%

57.20%

39.40%

29.20%

31.40%

54

X?=0.001

X?2=0

X2=0
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Multimorbidity 781 1.000 X?=0
<2 168 21.50% 21.50%
2+ 613 78.50% 78.50%

Medication

Medication intake 781 1.000 X2=0
Yes 204 26.10% 26.10%
No 577 73.90% 73.90%

For continuous variables, values are reported as Mean, Standard Deviation (SD), and Median. For categorical variables, values are reported as Number (N) and
Proportion. “Available value %” refers to the percentage of non-missing data for each variable. The “Test” column indicates the statistical test used to compare

groups (e.g., ANOAV test and chi-square test), depending on variable type and distribution.
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Supplementary Table 1-1 presents the fit statistics for latent class model with 1-7 clusters, the
3-cluster model was considered the optimal clustering. Despite the continuous reduction in
AIC and BIC, along with the progressive improvement in log-likelihood, the enhancement in
the fitness of the model with 4 and 5 clusters was rather moderate. On the other hand, the
3-cluster model exhibited the best entropy, suggesting a good classification. Additionally, the
3-cluster model had an ample number of observations within each cluster and presented

meaningful separation. Therefore, the 3-cluster model was adopted.

According to Supplementary Table 1-2, class 1 is designated as 'Baseline' due to its association
with a low risk across most biomarkers. Class 2, termed 'Parasympathetic Dysregulation,' is
distinguished by significantly lower values in HFHRV, LFHRV, RMSSD, and SDRR, suggesting
potential impairments in parasympathetic system functioning. Class 3 is characterized by
marked increases in fasting glucose, HbAlc, HOMA-IR, triglycerides, WHR, and BMI, coupled
with a notable decrease in HDL concentrations. These characteristics are consistent with the
physiological patterns commonly observed in metabolic dysregulation. Figure 2-3 shows the
phenotypes of AL. 51.6% of the participants were classified as low AL risk group, 24.2% of
participants were in the phenotype of parasympathetic dysregulation, and an additional 24.2%

demonstrated signs of metabolic dysregulation.



Figure 2-3 Identified phenotypes of AL.
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Biomarkers are grouped by physiological systems: HPA-axis, sympathetic nervous system, parasympathetic nervous system, immune,
cardiovascular, metabolic-glucose, and metabolic-lipids. Shaded backgrounds indicate system groupings.
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2.3.2 Model Results

Table 2-3 presents regression results. In the fully adjusted binary logistic regression models,
there was no statistically significant association between any AL dysregulation phenotype and
CP status compared to the low AL risk phenotype. In addition, compared to those with higher
incomes, individuals with low or very low incomes had 130% higher odds of having CP at
MIDUS 3. Those who engaged in more than 1,000 minutes per week of MET had 64% higher
odds of having CP at MIDUS 3, compared to individuals with 500-1,000 minutes per week of
MET. Additionally, people taking medication had 110% higher odds of having CP at MIDUS 3

(Please refer to Supplementary Table 1-2).
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Table 2-3 Results from the logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP status at MIDUS

3

No CP vs reporting CP in MIDUS 3

AL phenotypes Odds ratios (95% Cl)

Baseline Ref
Parasympathetic dysregulation
Main analysis 0.97 (0.64, 1.48)
Sensitivity analysis
Multiple Imputation 1.04 (0.70, 1.55)
Bootstrapping Method (5000 iterations) 0.85(0.51, 1.43)
Adjustment for CP at MIDUS 2 and individual medicationst 1.01 (0.64, 1.60)
Metabolic dysregulation
Main analysis 1.18 (0.76, 1.81)

Sensitivity analysis



Multiple Imputation 1.14 (0.77,1.7)
Bootstrapping Method (5000 iterations) 1.40 (0.80, 2.45)

Adjustment for CP at MIDUS 2 and individual medicationst 1.18 (0.74, 1.89)

t Adjusted for gender, age at MIDUS 2, race/ethnicity, marital status at MIDUS 2, INR at MIDUS 2,
emotional/physical abuse from parents, multimorbidity at MIDUS 2 Biomarker Project, MET, drinking behavior,
smoking behavior, medication intake (yes/no) and year gap between MIDUS 2 Biomarker Project and MIDUS 3
main surveys

¥ Medications included antihyperlipidemic agents, beta adrenergic blocking agents, antihypertensive
combinations, analgesics, anxiolytics sedatives and hypnotics, sex hormones, thyroid hormones, antihistamines,
antidepressants, analgesic (both opioids and non-opioids).

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001

The bold values denote statistically significant results; Cl denotes confidence interval.
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In the multinomial regression models (Table 2-4), the prospective association between the
metabolic dysregulation phenotype and high interference CP was significant (RRR=2.00, 95%
Cl: 1.06, 3.79, P<0.05), compared to the baseline phenotype. In the prospective association
between the number of pain sites and biological dysregulation phenotypes, metabolic
dysregulation was significantly associated with 3 or more CP sites (RRR=2.03, 95% ClI: 1.08,
3.83, P<0.05). There were no other significant associations between the parasympathetic
phenotype of AL and CP outcomes found. People who were never married or widowed and
experienced moderate emotional abuse had lower odds of having high interference pain.
Non-smokers were less likely to report high interference pain and more pain regions, while
women were more likely to report these pain outcomes. Ethnically minoritized people and
people with low incomes were more likely to have more pain sites (Please refer to

Supplementary Tables 1-3 to 1-4).

In the sequent sensitivity analyses, the results remained similar. The similar results generated
from the imputed datasets indicated that data missingness did not significantly biased the
estimates. Also, the results generated from the bootstrapping samples were similar to the
main analyses, indicating that the association was expected to persist even when accounting
for potential uncertainties. Additionally, after extra adjusting for medication intakes as

separate factors and CP status at MIDUS 2, the results remained stable.
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Table 2-4 Results from the multinomial logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP

interference and the number of CP sites at MIDUS 3

No pain vs low interference pain No pain vs high interference pain
AL phenotypes Relative risk ratios (95% Cl) Relative risk ratios (95% Cl)
Baseline Ref Ref
Parasympathetic dysregulation
Main analysis 0.87 (0.54, 1.39) 1.24 (0.65, 2.39)
Sensitivity analysis
Multiple Imputation 0.96 (0.61, 1.49) 1.22 (0.66, 2.26)
Bootstrapping Method (5000 iterations) 0.82 (0.49, 1.38) 0.99 (0.41, 2.38)
Adjustment for CP at MIDUS 2 and individual medicationst¥ 0.93 (0.56, 1.53) 1.23 (0.60, 2.55)
Metabolic dysregulation
Main analysis 0.92 (0.56, 1.52) 2.00 (1.06, 3.79)*

Sensitivity analysis



Multiple Imputation
Bootstrapping Method (5000 iterations)

Adjustment for CP at MIDUS 2 and individual medicationst

0.92 (0.58, 1.46)
1.08 (0.58, 2.02)

0.94 (0.55, 1.59)
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1.82 (1.01, 3.28)*
2.46 (1.10, 5.47)*

2.03 (1.01, 4.11)*

No pain vs 1-2 pain locations

No pain vs 3+ pain locations

AL phenotypes
Baseline
Parasympathetic dysregulation
Main analysis
Sensitivity analysis
Multiple Imputation
Bootstrapping Method (5000 iterations)
Adjustment for CP at MIDUS 2 and individual medications*
Metabolic dysregulation

Main analysis

Relative risk ratios (95% Cl)

Relative risk ratios (95% Cl)

Ref

0.84 (0.51, 1.36)

0.91 (0.58, 1.45)

0.85 (0.50, 1.46)

0.90 (0.54, 1.51)

0.89 (0.54, 1.47)

Ref

1.30 (0.69, 2.44)

1.33(0.73, 2.39)

0.83 (0.27, 2.62)

1.22 (0.61, 2.42)

2.03 (1.08, 3.83)*
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Sensitivity analysis

Multiple Imputation 0.91 (0.57, 1.44) 1.85(1.03, 3.34)*
Bootstrapping Method (5000 iterations) 1.00 (0.55, 1.81) 2.57 (1.15, 5.76)*
Adjustment for CP at MIDUS 2 and individual medications¥ 0.89 (0.52, 1.52) 2.09 (1.06, 4.11)*

t Adjusted for gender, age at MIDUS 2, race/ethnicity, marital status at MIDUS 2, INR at MIDUS 2, emotional/physical abuse from parents, multimorbidity
at MIDUS 2 Biomarker Project, MET, drinking behavior, smoking behavior, medication intake (yes/no) and year gap between MIDUS 2 Biomarker Project
and MIDUS 3 main surveys

¥ Medications included antihyperlipidemic agents, beta adrenergic blocking agents, antihypertensive combinations, analgesics, anxiolytics sedatives and
hypnotics, sex hormones, thyroid hormones, antihistamines, antidepressants, analgesic (both opioids and non-opioids).

The proportional odds assumption for ordinal logistic regression was violated. Therefore, multinomial logistic regression was opted for.

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001; the bold values denote statistically significant results; Cl denotes confidence interval.
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2.3.3 Predicted Probabilities for CP outcomes by AL phenotypes

Table 2-5 presents the adjusted prevalence for CP outcomes grouped by AL phenotypes. Using
the average adjusted predicted probabilities from the models, we calculated the probability
of CP outcomes by AL phenotypes. The metabolic dysregulation phenotype was significantly
associated with high interference pain and 3 or more CP sites as shown in Table 2-4.
Respondents with the metabolic dysregulation phenotype were more likely to experience a
higher degree of CP conditions than those with a low AL risk profile. Specifically, those with
metabolic dysregulation driven AL had a 4.88% adjusted probability of reporting high pain
interference and had a 4.58% adjusted probability of reporting more than 3 pain locations. In
contrast, these probabilities were lower, at 2.48% and 2.29% respectively, among

respondents with a baseline AL profile.

To interpret the clinical relevance of our findings, we prespecified thresholds of an absolute
risk difference (ARD) > 2 percentage points and a relative risk (RR) > 1.5 (VanderWeele and
Ding, 2017). A 2% absolute increase corresponds approximately to a number-needed-to-treat
(NNT) of 50, which is commonly regarded as a moderate and meaningful effect size in long-
term health outcomes (Cook and Sackett, 1995). We found that the metabolic dysregulation
phenotype significantly increased the probability of high interference pain (4.88% vs. 2.48%)
and pain with 3 or more pain locations (4.58% vs. 2.29%,), surpassing the predefined

threshold.
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Table 2-5 Adjusted prevalence for CP outcomes grouped by AL phenotypes

CP status No pain Reporting CP

AL phenotypes Average adjusted predicted probabilities

Baseline 89.02% 10.98%

Parasympathetic dysregulation 89.31% 10.69%

Metabolic dysregulation 87.34% 12.66%

CP interference No pain Low interference pain High interference pain
AL phenotypes Average adjusted predicted probabilities

Baseline 89.74% 7.77% 2.48%
Parasympathetic dysregulation 90.14% 6.76% 3.10%
Metabolic dysregulation 88.11% 7.02% 4.88%
The number of CP locations No pain 1-2 3+

AL phenotypes Average adjusted predicted probabilities

Baseline 90.17% 7.54% 2.29%
Parasympathetic dysregulation 90.66% 6.35% 3.00%
Metabolic dysregulation 88.80% 6.62% 4.58%

Note: Findings in bold are statistically significant at p <0.05 based on binary/multinomial logistic

regression results.
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2.4 Discussion

The present study identified three phenotypes of AL through LCA, encompassing low levels of
biological dysregulation, AL driven by parasympathetic dysregulation, and AL driven by
metabolic dysregulation. Also, consistent with previous research (Loevinger et al., 2007;
Sibille et al., 2017, 2016; Slade et al., 2012), we found that AL driven by metabolic
dysregulation is associated with more severe CP interference and a greater number of CP sites.
For instance, a cross-sectional study based on a sample of population aged over 50 in the UK
revealed that, after controlling for sociodemographic factors and comorbid conditions, high-
risk biomarker, defined by the upper quartile and including HDL, HBA1c, and WHR, are related
to increased severity of CP (Sibille et al., 2017). Similarly, in American adults, higher BMI and
triglyceride levels are associated with a higher prevalence of widespread bodily pain (Slade et

al., 2012).

Compared to previous studies, our research offers several advantages. Firstly, we employed
a more comprehensive set of biomarkers, including those from the HPA axis, and the
sympathetic and parasympathetic nervous systems, to construct a more valid AL
measurement (Juster et al.,, 2010). Moreover, our use of LCA to identify AL phenotypes
captures the common variability of biomarkers, while previous studies that used single
biomarkers for regression with CP overlooked the interrelationships among biomarkers
within the AL framework (Sibille et al., 2017; Slade et al., 2012). On the other hand, prior
operationalizations of AL, based on summative computation that assigns equal weight to each
biomarker, may obscure the specific impacts of different AL components on CP. In summary,

LCA offers a nuanced method for exploring the specific components of AL that drive CP.
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Furthermore, this study's strengths include its prospective design, community-dwelling
sample, adjustments for early confounders, and the substantial avoidance of trivial and recent
pain in measurement by adhering to the definition of CP in terms of pain duration. Thus far,
this research may be the first community-dwelling study to examine the prospective

association between AL and CP.

However, this study also has limitations. Firstly, the measurement of pain is self-reported.
Even when controlling for potential reporting biases from relevant sociodemographic factors,
unobserved factors can still introduce biases in pain assessment. Furthermore, the variability
in CP measures across various surveys partly limits the comparability of findings. For instance,
the MIDUS survey assesses pain interference, which differs from the pain severity
measurements used in other studies. While pain interference is associated with pain severity,
their association is affected by patients' beliefs about pain, their tendency towards
catastrophizing, and their pain coping strategies (Jensen et al., 2017). Stress biomarkers may
be particularly relevant predictors of the broader impact or severity of pain, such as pain
interference with daily activities or functional impairment, rather than simply the presence
or absence of CP itself. Thus, it is plausible that stress biomarkers predominantly reflect how
individuals experience and manage pain, rather than directly determining whether they
experience pain at all. Therefore, there is a need for further prospective research to explore

the link between AL and CP severity in more depth.

Additionally, the available data on AL was only collected in MIDUS 2, however, the new
biomarker data present opportunities for future research on the association between AL

trajectories and the development of CP. Also, the sample composition is predominantly White,
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and future studies including larger samples of ethnic minorities are encouraged. Moreover,
our findings from U.S. data may not generalize to other countries. For instance, variations in
access to healthcare, such as universal versus privatized systems, can influence the extent to
which socioeconomic status affects CP through differential access to effective pain
treatments. This could modify the impact of AL on pain progression or chronicity.
Furthermore, sociocultural differences in pain expression, perceptions of pain severity, and
medicalization practices could impact self-reporting patterns, thus affecting observed
associations between socioeconomic status, physiological stress markers, and CP prevalence
(Grol-Prokopczyk, 2017). Thus, cross-national variation in these factors might lead to differing

associations between AL and CP.

Lastly, this study only examined the prospective association in one direction and future
research on the reverse association may be beneficial elucidate the causal direction.
Distinguishing causal relationships from mere associations remains challenging in
observational designs. Although our prospective approach strengthened temporal inferences,
causality cannot be definitively established without quasi-experimental or intervention

studies. Future studies employing causal inference techniques may help disentangle causality.

While the underlying mechanism remains undetermined, several potential explanations could
account for the prospective positive association between the metabolic dysregulation
phenotype of AL and both high interference pain as well as an increased number of pain sites.
The AL model proposes, when undergoing repeated stress adaptation, the prolonged
secretion of stress hormones and inflammatory cytokines can disrupt the normal regulation

of downstream physiological systems, such as the metabolic system (Juster et al., 2010).
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Dyslipidemia and high BMI may be associated with upregulation of cytokines, leading to low-
grade inflammation, a condition frequently observed in patients with fibromyalgia (Ghafouri
et al., 2022). Additionally, a high waist-to-hip ratio may be related to structural changes in
intervertebral discs and being consistently subjected to high biomechanical loads (Hussain et
al., 2017). This highlights the significant role that metabolic dysregulation related to adiposity
may play in low back pain. Meanwhile, elevated blood glucose is associated with peripheral
neuropathy or synergistically interacts with high BMI and the sequential inflammation,
thereby potentially increasing the likelihood of experiencing daily pain (Méantyselka et al.,
2008). Also, metabolic dysregulation could potentially reduce the pain activation threshold
via its interplay with inflammatory mechanisms. This interaction may intensify pain response
by increasing synaptic strength and reducing inhibition, allowing even low-threshold stimuli

to activate pain pathways (Veldhuijzen et al., 2018; Woolf, 2011).

Therefore, broadly collecting a range of biomarkers related to chronic stress responses,
including primary biomarkers and secondary outcomes, and identifying metabolic
dysregulation phenotypes, could help establish a baseline for high-risk biomarkers. Detecting
distinct metabolic dysregulation phenotypes could serve as an early indicator of vulnerability
to CP. In clinical practice, such biomarker screening could be integrated into routine
assessments by primary care providers or occupational health professionals, especially among
middle-aged adults. This approach could support early identification of individuals at elevated
risk for having high interference or multisite CP, enabling more targeted prevention and

intervention strategies.
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Nevertheless, we did not find any prospective associations between AL driven by the
parasympathetic nervous system and CP. Low parasympathetic nervous system activity may
represent low capacity to respond to chronic stress. A meta-analysis, which thoughtfully
sieved through 26 moderate-high-quality studies from a pool of 17,350 publications,
uncovered that biomarkers relating to the parasympathetic nervous system (LFHRV, HFHRYV,
RMSSD, R-Rinterval, and SDRR) exhibited an association with CP (Tracy et al., 2016). However,
the association appears to be predominantly influenced fibromyalgia and its significance may
vary across CP conditions (Woda et al., 2016). CP may also maladapt parasympathetic nervous
system directly. Therefore, future research is encouraged to focus on exploring the potential
links between the parasympathetic nervous system and different subtypes of CP to clarify
these relationships. Datasets with larger sample sizes will facilitate the examinations for the

associations between parasympathetic dysregulation of AL and pain at different sites.

2.5 Conclusion

In conclusion, our findings indicate that metabolic dysregulation as a phenotype of AL is
prospectively associated with high interference CP and 3 or more CP sites. Differentiating
nuances of biological dysregulation of AL could facilitate the development of clinical
interventions aimed at specific biological mechanisms, which may alleviate the impacts of AL

on the conditions of CP.
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3 Association of Diurnal Cortisol Rhythm with Chronic Pain: Evidence from

a Prospective Cohort Study in Community-Dwelling Adults

3.1 Introduction

Chronic pain (CP), defined as pain persisting or recurring for over three months (Treede et al.,
2019), is highly prevalent and associated with significant societal and economic impacts, poor
prognosis, and limited options for monitoring and prevention (Interagency Pain Research
Coordinating Committee, 2022). The interference caused by CP, along with its widespread
occurrence throughout the body, contributes to adverse outcome including poor health
(Ezzati et al., 2019; Glei and Weinstein, 2023; Kamaleri et al., 2008), reduced quality of life
(Hider et al., 2015; Jensen et al., 2007), negative effects on employment status (Gerdle et al.,
2008; Pooleri et al., 2023), and increased medical costs (Mose et al., 2021; Stockbridge et al.,
2015). These challenges highlight the need to investigate its mechanisms. One appealing

biological factor is the hypothalamic-pituitary-adrenal (HPA) axis (Woda et al., 2016).

The HPA axis plays a crucial role in the body’s stress response, operating through a regulatory
circuit involving the hypothalamus, pituitary gland, and adrenal cortex. During stress, the
hypothalamus releases corticotropin-releasing hormone (CRH), which stimulates the anterior
pituitary to secrete adrenocorticotropic hormone (ACTH). This, in turn, prompts the adrenal
cortex to produce cortisol, a stress hormone with widespread effects. Typically, HPA axis
function is assessed by measuring cortisol levels in blood, saliva, or urine samples. While
established methods, these short-term measures reflect either acute circulating cortisol
levels (in plasma or saliva) or cumulative secretion over a collection period typically not

exceeding 24 hours (in urine) (Stalder and Kirschbaum, 2012). They may not accurately reflect
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the long-term changes in the function of the HPA axis. Also, the 24-hour urine cortisol
measurement method has certain limitations, as it does not account for fluctuations in
cortisol levels throughout the day or the peaks and troughs that occur after medication
administration (Jung et al., 2014). Different patterns of cortisol secretion throughout the day
may indicate varying functions of the HPA axis, therefore, using single-point measurements

make it challenging to discern potential differences in the underlying pathogenic mechanisms.

The dexamethasone suppression test is another method used to assess HPA axis function.
This test involves administering the synthetic steroid dexamethasone to suppress cortisol
production, thereby evaluating the feedback regulation of the HPA axis (Findling et al., 2004).
However, the dexamethasone suppression test is limited in that it primarily assesses short-
term feedback regulation and hypercortisolism, rather than providing a comprehensive view
of the natural fluctuations of cortisol throughout the day. Hair cortisol measurement, a novel
technique, provides an indicator of long-term cortisol exposure (Stalder and Kirschbaum,
2012). Although hair cortisol is considered a better tool for measuring the cumulative
consequences of chronic stress responses, its levels may be highly correlated with overall
cortisol secretion, reflecting only one aspect of HPA axis function (Short et al., 2016). This high
correlation limits the opportunity for a comprehensive examination of the relationship

between the HPA axis and CP.

Collecting salivary cortisol samples multiple times over several days provides an opportunity
to assess HPA axis function rather than short-term stress responses. Salivary cortisol is one of
the end products of the HPA axis, and its natural daily cycle—peaking in the morning and

declining throughout the day—characterizes the diurnal cortisol rhythm, reflective of the HPA
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axis functioning (Adam and Kumari, 2009; Wesarg-Menzel et al., 2024). The cortisol
awakening response (CAR), the rapid increase in cortisol levels within 30-45 minutes after
waking, is activated by a central control network originating in the hypothalamus (Stalder et
al., 2024). A reduced CAR disrupts circadian alignment, energy metabolism, immune
regulation, and neurocognitive and emotional processes (Stalder et al., 2024) - mechanisms
that are involved in CP pathology (Apkarian et al., 2011; Bumgarner et al., 2021; Bunk et al.,
2021; Held et al., 2019; Koechlin et al., 2018; van Tilburg et al., 2020). The surge then triggers
negative feedback primarily involving the suprachiasmatic nucleus (SCN), mediated by
glucocorticoid and mineralocorticoid receptors (GRs and MRs) (Lightman et al.,, 2020;
Papadopoulos and Cleare, 2012). GRs restrain cortisol secretion when levels exceed basal
values, while MRs maintain inhibitory control during the diurnal nadir due to their high
cortisol affinity (Oster et al., 2017; Young et al., 1998). This regulation is captured by the
diurnal cortisol slope (DCS), which measures the rate of cortisol decline from its peak
throughout the day. A blunted DCS, commonly indicative of GR down-regulation and
increased MR affinity (Jarcho et al., 2013), is associated with various diseases (Adam et al.,
2017), including CP (Hannibal and Bishop, 2014). The area under the curve (AUC) reflects total
daily cortisol secretion, while cortisol dynamic range (CDR) measures the peak-to-nadir
difference. Both parameters share the mechanisms regulating CAR and DCS while providing
additional information: a lower AUC may indicate long-term epigenetic changes (Abelson et
al., 2023), while a narrower CDR may capture biological aging (Karlamangla et al., 2022; Oster
et al., 2017), linking AUC and CDR to mechanisms associated with CP (Aroke et al., 2024;

Descalzi et al., 2015).
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A recent meta-analysis (Beiner et al., 2023) and a cross-sectional study (Generaal et al., 2014)
have suggested lower HPA axis activity, reflected in lower cortisol levels, in patients with
fibromyalgia and chronic multisite pain. The recent meta-analysis found no difference in
blood and urine cortisol levels between fibromyalgia patients and control groups. However,
cortisol levels measured using saliva samples showed a decreasing trend in people with
fiboromyalgia (Beiner et al.,, 2023). The cross-sectional study found that various cortisol
measurements—such as waking cortisol levels, the AUC relative to ground (AUCg), the AUC
relative to increase (AUCI), evening cortisol levels, the diurnal slope, and cortisol suppression
rate—were not associated with the intensity of CP. However, in individuals without
depression or anxiety, lower waking cortisol levels, lower AUCg, and flatter diurnal slopes
were significantly associated with a higher likelihood of experiencing chronic widespread
musculoskeletal pain (Generaal et al., 2014). Another study found that the presence of
chronic widespread pain was associated with lower salivary cortisol levels and higher post-
stressor serum cortisol levels. Additionally, failure to suppress cortisol in the dexamethasone

suppression test were linked to chronic widespread pain (McBeth et al., 2005).

However, prospective epidemiological findings have been mixed (Generaal et al., 2017, 2016;
McBeth et al., 2007; Paananen et al., 2015). Two studies using the same database have shown
that dysfunction of the HPA axis is not associated with either the onset or persistence of pain
(Generaal et al.,, 2017, 2016). However, another research has found that high post-
dexamethasone cortisol levels, low morning salivary cortisol levels, and high evening salivary
cortisol levels are associated with chronic widespread pain (McBeth et al., 2007). Compared
to women with normal HPA axis function, women with low HPA axis reactivity who have a

cold pain threshold above the median are more likely to experience musculoskeletal pain, and
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this pain is more severe. Additionally, women with low HPA axis reactivity who have a cold
pain threshold below the median are more likely to suffer from more severe musculoskeletal

pain (Paananen et al., 2015).

Inadequate sample sizes (Beiner et al., 2023), blood measurements sensitive to acute
stressors (Paananen et al., 2015), a high proportion of participants with depression and/or
anxiety (Generaal et al., 2017, 2016), and short-duration salivary assessments (Generaal et al.,
2016, 2014; McBeth et al., 2007, 2005), which may not capture long-term cortisol rhythms
due to situational stress (Hellhammer et al., 2007; Hruschka et al., 2005), may contribute to
the discrepancy. Furthermore, the role of different cortisol parameters in pain pathology is

unclear.

Given the uncertainty, a population-based sample with a more ideal cortisol measurement
protocol is needed to clarify the prospective association between HPA axis dysfunction and
CP, which could inform the prevention of CP among at-risk individuals. Additionally, the
extent of pain interference in daily life and its presence in one or multiple body locations are
important due to their broad implications, including but not limited to various health
outcomes (Ezzati et al., 2019; Glei and Weinstein, 2023; Kamaleri et al., 2008), poorer quality
of life (Hider et al., 2015; Jensen et al., 2007), negative effects on employment status (Gerdle
et al., 2008; Pooleri et al., 2023), and increased medical costs (Mose et al., 2021; Stockbridge
et al., 2015). Thus, examining the relationship between HPA axis dysfunction and CP

conditions could enhance pain management and mitigate broader disadvantages.
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Using the Midlife in the United States (MIDUS) study and its sub-project, the National Study
of Daily Experiences (NSDE), we examined the prospective association between different
parameters of diurnal cortisol rhythm and CP outcomes over an average follow-up period of
seven years. Moreover, we explored the associations between cortisol diurnal rhythm and CP
separately in those with and without CP at baseline, given that the relationship may depend

on pain chronicity (Reyes del Paso et al., 2024).

3.2 Method

3.2.1 Data

MIDUS is a longitudinal study, focusing on the impact of social, psychological, and
physiological factors on health as people age from early adulthood to later life. The baseline
survey (MIDUS 1) recruited non-institutionalized, English-speaking adults aged 25 to 74 from
various locations across the United States in 1995-1996. The study included a national
probability sample, with over-sampling from selected metropolitan areas, a sample of siblings
of the main respondents, and a national sample of twin pairs. MIDUS 2 was conducted in
2004-2006 as a follow-up to MIDUS 1 and MIDUS 3 is a follow-up to MIDUS 2 conducted in
2013-2014. The study gathered comprehensive data via telephone interviews and self-
administered questionnaires (Brim et al., 2020). To examine the day-to-day lives, information
on daily experiences over a span of consecutive eight days was collected through NSDE
between 2004 and 2009 as a part of MIDUS 2. In the NSDE, participants completed brief daily
phone interviews for eight days and answered questions about their past week on the last
interview day. Participants were also asked to provide four saliva samples each day from days

two to five.
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Our study examined diurnal cortisol rhythm measured during NSDE at MIDUS 2, in association
with CP outcomes measured at MIDUS 3. We excluded participants who did not provide at
least one valid cortisol sample within the sampling time, had anomalous sleep patterns,
experienced cortisol measurement errors, or dropped out at MIDUS 3 (Dmitrieva et al., 2013;
Karlamangla et al., 2013). Anomalous sleep patterns and cortisol measurement errors may
significantly affect cortisol levels, and extreme values can also impact model estimation. A

flow diagram for the study cohort is illustrated in Figure 3-1.
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Figure 3-1 Flow diagram for the study cohort

Respondents at MIDUS 2 main
survey
(N=4963)

A
NSDE
(N=1842)

A4

A 4

Excluded at NSDE (n=374):

Only one valid cortisol sample with sampling time (n=237)
Participants awoke before 4 am (n=10)

The pre-lunch cortisol sample was 10 nmol/L or more higher
than the morning-peak sample (n=7)

Respondents woke after 11 am (n=6)

Respondents who were awake more than 20 hours on a given
day (n=5)

The 30-min post-waking sample collected earlier than 15 or
later than 45 mins after his or her waking sample (n=83)
Cortisol values greater than 60nmol/L (n=26)

Respondents at MIDUS 2 main survey also at

NSDE
(N=1468)

Excluded (n=222):

Deceased (n=69)
Physically or mentally unable (n=18)

A 4

Respondents at MIDUS 3 main survey
(N=1246)

Consistently unable to interview (n=30)
Non-working number (n=22)

Global refusal or out of sample (n=2)
Not fielded at MIDUS 3 (n=45)
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3.2.2 Measures

3.2.2.1 Salivary cortisol sample collection information and calculation of diurnal cortisol
rhythm parameters

Saliva samples were collected immediately upon awakening, 30 minutes after awakening,

prior to lunch, and at bedtime (Ryff and Almeida, 2009). Participants were advised to gather

samples prior to consuming food or beverages or brushing their teeth. Furthermore, they

were requested to avoid any caffeinated items such as coffee, tea, soda, or chocolate before

sample collection (Ryff and Almeida, 2009).

Data on the precise timing of each saliva sample collection provided by respondents were
collected through nightly phone interviews and a paper log included with the collection kit,
which included an instruction sheet and sixteen numbered, color-coded salivettes.
Additionally, a subset of respondents were given a "Smart Box" to store their salivettes. These
boxes were equipped with a computer chip that tracks when the box was opened and closed
(Karlamangla et al., 2013; Ryff and Almeida, 2009). The correlations between self-reported
times (from both paper-pencil logs and nightly phone interviews) exceeded 0.9 at each of the
four sampling points. The correlations between self-reported times and those recorded by
the "smart box" ranged between 0.75 and 0.95 (Karlamangla et al., 2013). Participants sent
all 16 salivettes using a pre-addressed, prepaid courier package. The salivettes were shipped
to the MIDUS Biological Core at the University of Wisconsin and stored at -60°C. Cortisol
concentrations were measured using a luminescence immunoassay (IBL, Hamburg, Germany),

with intra- and inter-assay variation below 5% (Ryff and Almeida, 2009).
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3.2.2.2 Calculation of diurnal cortisol rhythm parameters

The parameters of diurnal cortisol rhythm were operationalized as CAR, DCSs, the AUC with
respect to ground, and CDR. Specifically, linear spline multilevel modeling was utilized with
fixed knots to model the diurnal cortisol trajectory with natural log-transformation, setting
the fixed knots at 0.5 hours, 4.5 hours, and 15 hours after awakening, consistent with prior

practices (Adam et al., 2006; Charles et al., 2020; Karlamangla et al., 2013).

Data from the NSDE were used to compute the diurnal cortisol rhythm (see Supplementary
Table 2-1). To capture the nonlinearity of the diurnal cortisol rhythm, linear spline multilevel
modeling was utilized. Linear spline model has shown a better fit for the rhythm compared to
linear-cubic and quadratic spline models (Karlamangla et al., 2013). This model divides the
data into distinct segments at specified knots and fits a separate regression for each segment.
Knots are typically placed based on domain knowledge or data-driven methods; however, the
latter can be unsatisfying due to a lack of robust and efficient statistical approaches.
Therefore, we set the knots at 0.5 hours, 4.5 hours, and 15 hours after awakening, aligned
with previous practice that has demonstrated good model fit (Yang et al., 2023). Additionally,
based on a visual examination of Supplementary Figure 2-1, the knots are reasonable for

capturing changes in the linear slopes.

Although linear spline models offer intuitive interpretability and flexibility in modeling
piecewise linear relationships, there are several limitations associated with their use. In this
study, the knots were determined based on previous literature and visual inspection of the
data. While this pragmatic approach is common in applied work, it is inherently subjective

and may introduce bias or omit important change-points not readily apparent. Furthermore,
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the estimation of knots is challenging due to nondifferentiability of the spline basis functions
at the knots. Although recent advances, such as the semismooth estimating equation
approach, address some of these computational challenges, their methods are still complex

and may require careful implementation (Yang et al., 2023).

In the linear spline model, the growth curve was adjusted for the following covariates:
average wake time length (at the individual level), wake time (at the daily level), and the
status of weekends versus weekdays (at the daily level) (Charles et al., 2020). Additionally, all
growth curves accounted for random effects in cortisol measurements by incorporating
random intercepts at the family level, random slopes for all growth curve parameters at the
individual level, and random intercepts as well as random slopes for the early post-wake

decline (from 0.5 hours to 4.5 hours after waking) at the daily level (Karlamangla et al., 2013).

The regression results of the linear spline model were shown in Supplementary Table 2-2. For
each one-unit increase in time within the interval between 0 to 30 minutes after awakening,
the log-transformed cortisol level increases by 0.50. In the intervals between 30 minutes to
4.5 hours, and after 15 hours post-awakening, the log-transformed cortisol level decreases by
0.13. In the interval between 4.5 to 15 hours after awakening, the log-transformed cortisol
level decreases by 0.16. Model-based cortisol diurnal pattern was shown in the

Supplementary Figure 2-2.

Fixed-effects estimates were combined with corresponding random effects at both familial
and individual levels to obtain individual-specific estimates of growth curve parameters

(Charles et al., 2020). The slope in the linear splines was used to compute the cortisol slopes.
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The first linear spline (from awakening to 0.5 hours) represents the CAR, the second linear
spline delineates the early post-wake DCS occurring from 0.5 to 4.5 hours post-awakening,
and the third linear spline characterizes the mid post-wake DCS spanning 4.5 to 15 hours post-
awakening. The fourth linear spline represents the late post-wake DCS, extending beyond 15
hours post-awakening, with a maximum duration of 20 hours; 95% of observed days conclude
by 18 hours post-awakening. Then, cortisol estimates at specific individual timings (relative to
awakening) were computed, and the logarithmic AUC was calculated using the trapezoidal
formula (Pruessner et al., 2003), by first adding the areas of each trapezoid from awakening
time to 30 minutes post-awakening, from 30 minutes post-awakening to lunchtime, and from
lunchtime to bedtime. For individuals whose bedtime occurred less than 15 hours after
awakening, the area from 4.5 hours post-awakening to bedtime was directly added. For
individuals whose bedtime occurred more than 15 hours after awakening, the areas from 4.5
to 15 hours post-awakening and from 15 hours post-awakening to bedtime were calculated
separately and then summed. The CDR was calculated as the logarithmic peak cortisol minus
the logarithmic nadir cortisol (Charles et al.,, 2020; Karlamangla et al., 2013). We then
conducted Principal Component Analysis (PCA) to identify underlying structures. The PCA
revealed that two significant factors sufficiently explained the variance in the data (see
Supplementary Table 3). DCSs predominantly loaded onto Factor 1, while CAR, CDR, and AUC
loaded onto Factor 2. Cortisol parameters were standardized at the between-individual level
to facilitate comparison of the predictive utility of the different parameterizations in the
regressions (Charles et al., 2020; Kumari et al., 2011).

3.2.2.3 Measurement of CP at follow-up

The presence of CP, CP interference and the number of CP sites were measured in both MIDUS

2 and MIDUS 3. Respondents were asked “Do you have CP, that is do you have pain that
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persists beyond the time of normal healing and has lasted from anywhere from a few months
to many years?”, if they answered positively, they would be then asked about CP interference.
A pain interference index was generated by calculating a mean score of how much pain
interfered with respondents’ activity, mood, relations, sleep, and enjoyment, ranging from 0
to 10 (Jensen, 2011; Li et al., 2021a). The pain interference index was further categorized into
no pain, low interference pain (<4), and high interference pain (>4) as categorical variable,
based on the recommended threshold for the Pain Interference Subscale (Jensen, 2011). In
addition, if respondents reported having CP, they were asked about the location of the pain,
including head, neck, back, arms, legs, shoulders, hips, knees, and other sites. The pain sites
were summed up into an index and then categorized it into no pain, pain at 1-2 regions, or
pain at 3 or more regions as a categorical variable (Hoftun et al., 2012; Li et al., 2021b).
3.2.2.4 Covariates

The MIDUS 2 individual level covariates were chosen based on their known influences on both
cortisol patterns and CP outcomes. These variables included income-to-needs ratio,
education, age, sex assigned at birth (ref: male; comparison: female), race (ref: White;
comparison: Black, Indigenous and People of Color (BIPOC)), marital status (ref:
divorced/separated/widowed/never married; comparison: married), physical activity,
smoking (ref: current smoker; comparison: ex-smoker or non-smoker) and drinking status (ref:
moderate; comparison: more drinker, light drinker, or non-drinker or rarely drink), parental
abuse (1: never-3: most frequent), body mass index (BMI), multimorbidity (ref: no;
comparison: yes), and CP at MIDUS 2 (ref: no; comparison:yes) (Adam et al., 2017; Bernard et
al.,, 2017; Karlamangla et al., 2013; Mills et al., 2019). Furthermore, the present study
controlled for the use of steroid inhalers, oral steroids (Jevtovic-Todorovic et al., 2009; Woods

et al., 2015), antidepressants or anti-anxiety medications (Manthey et al., 2011; Verdu et al.,
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2008), birth control pills (Jensen et al., 2018; Kirschbaum et al., 1999), and other hormonal

medications (ref: no or yes).

The income-to-needs ratio and education levels were coded on a scale ranging from 0 to 2
(Gruenewald et al., 2012). Using the Poverty Thresholds by Size of Family and Number of
Children from the United States Census Bureau (https://www.census.gov/data/tables/time-
series/demo/income-poverty/historical-poverty-thresholds.html), we calculated the ratio
between household income and poverty thresholds. A ratio below 1 indicates poverty, 1 to 2
indicates low income, and above 2 indicates adequate or affluent income, following
established classification practices. These categories were then scaled from 2 to 0, where 2
represents high socioeconomic disadvantage and 0 represents low socioeconomic
disadvantage. Similarly, educational attainment was scaled into three levels: possessing a
bachelor's degree or higher, completion of high school/GED or some college, and less than a
high school education. Age and BMI were coded as continuous variables. Race and ethnicity
were self-reported and categorized into White and BIPOC because of the limited number of
participants from minoritized groups. The summary score for physical activity was calculated
using three questions that inquired about the frequency of engagement in light, moderate,
and vigorous activities, rated on a 6-point scale (1-never to 6-several times a week). To
emphasize the importance of more vigorous activities, weights of 1, 3, and 5 were assigned
to light, moderate, and vigorous activities respectively. The summary score was determined
by taking the weighted average of the responses, ranging from 9 to 54 (Gruenewald et al.,
2012). Smoking status was categorized into three groups, current smoker, ex-smoker, and
non-smoker. Acohol consumption patterns were defined in terms of moderate or severe

drinker, light drinker, and non-drinker or rarely drink. Parental abuse was categorized into
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two ordinal variables: emotional and physical abuse (Li et al., 2021b). These were derived
from averaging the reported abuse from both parents. The scale ranges from 1 to 3, with 1
indicating no abuse and 3 indicating severe abuse. The scale increases in increments of 0.5.
Chronic condition index (Ryff et al., 2007) was coded as binary variable (<2; comparison: >2)

to indicate multimorbidity (Dominick et al., 2012). Medication uses were coded as yes vs no.

3.2.3 Statistical methods

We compared characteristics between participants without CP at baseline and those with CP
at baseline. For continuous variables that followed a normal distribution, analysis of variance
(ANOVA) was applied. The Kruskal-Wallis tests were used for continuous variables that did
not meet normality assumptions. Categorical variables were compared using the Chi-Square
tests. The comparisons were further examined with effect size measures (Cohen's
d/Phi/Cramér’s V) and their confidence intervals. Cohen's d measures the standardized
difference between two means in continuous data, Phi assesses the association between
binary variables, and Cramér's V evaluates the strength of association in categorical variables

with more than two categories.

Subsequently, mixed-effects logistic regressions were used to examine the prospective
associations between each specific cortisol parameter and CP outcomes at follow-up, with
each cortisol parameter analyzed in separate models. Family-level random intercepts were
included to account for correlations between individuals from the same family (Karlamangla
et al., 2022). Pooled analyses were performed to estimate the overall effect while adjusting
for baseline CP and other covariates. To examine the role of diurnal cortisol rhythm in the

development or persistence of CP, we conducted analyses stratified by baseline CP status,
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adjusting for all covariates except baseline CP. The subgroup analyses would highlight

important nuances related to pain chronicity.

The present study also conducted a set of robustness checks, including multiple imputation,
inverse probability of attrition weighting, exclusion of respondents with depression or anxiety,
exclusion of respondents who used steroid inhalers, oral steroids, other hormonal treatments,
antidepressants, anti-anxiety medications, and birth control, additional adjustment for daily
stressor severity, using Bonferroni correction, and moderation analysis to reduce the risk of

false negatives in subgroup analysis.

Firstly, we adjusted the associations using the inverse probability of attrition weighting (IPAW)
(Metten et al., 2022) to reduce the attrition bias. A multinomial logistic regression was used
to examine participation outcomes in the MIDUS 3 among the eligible sample with income-
to-needs ratio, education, age, sex assigned at birth, marital status, physical activity, smoking
and drinking status, parental abuse, BMI, multimorbidity, and baseline CP as predictors. These
participation outcomes included participation, death, being physically or mentally unable,
refusal, being unreachable for interviews, non-functional phone numbers, being outside the
U.S., and not being fielded for various reasons. Then, we calculated the probability of a
respondent being present at the follow-up and determined attrition weights by taking the
inverse of this probability (See Supplementary Table 2-3). Secondly, to address the potential
bias arising from item missingness in our main analysis, we made an assumption that the data
was missing at random and then used multivariate imputation by chained equations (MICE),
employing 10 imputations. Random forest imputation was used to accommodate

nonlinearities and interactions and it does not require a particular regression model to be
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specified (Shah et al., 2014). Thirdly, to further account for the confounding effects of
depression and anxiety, we excluded respondents with these conditions in our analysis. We
then examined the impact of medication use by excluding those with steroid inhalers, oral
steroids, other hormonal treatments, antidepressants, anti-anxiety medications, and birth
control uses from the sample. Also, we controlled for daily stressor severity to further reduce
the influence of acute stress. In addition, the Bonferroni correction was used to reduce the
likelihood of Type | errors when conducting multiple statistical tests, thereby enhancing the
overall power of the study (Sedgwick, 2012). Finally, we performed a moderation analysis on

the full sample to reduce the risk of false negatives inherent in subgroup analysis.

33 Results

3.3.1 Sample description

Table 3-1 compares the characteristics of participants without CP (n=762) to those reporting
CP (n=429), over a median follow-up of 7.6 years (IQR 6.3-8.3). Compared to those without
CP at baseline, participants with CP at baseline reported higher degrees of pain interference
and pain widespreadness at follow-up. Additionally, participants with higher pain
interference at follow-up were more likely to overlap with those experiencing more pain
regions, regardless of baseline pain status (participants with baseline CP: x2=761, P<0.001;

participants without baseline CP: x*=400, P<0.001).

As shown in Table 3-1, participants with CP at baseline exhibited a flatter CAR and late post-
wake DCS, and a narrower CDR, compared to those without CP. However, the effect sizes of
these differences were small. Compared to participants without CP, those reporting CP at

baseline were more likely to be taking birth control pills, to have more socioeconomic
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disadvantages in terms of their income-to-needs ratio and education, to be older, more likely
to be assigned female at birth, to report multimorbidity, and to have a higher BMI. The effect
size measures indicated that differences in pain outcomes at follow-up, as well as in education,

multimorbidity, and BMI, were significant.
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Table 3-1 Baseline characteristics of study participants with non-standardized cortisol parameters stratified by the presence of

baseline CP

Pain status at baseline (MIDUS 2)

No CP (N=762)

Reporting CP (N=429)

Cohen's d/phi/
Variables N Mean (SD) / N (%) Mean (SD) / N (%) P-value
Cramér’s V (95% CI)?

Pain outcomes at follow-up (MIDUS 3)2
Presence of CP 1124 <0.001 0.36 (0.31, 1.00)**

No 525 (72.8%) 147 (36.5%)

Yes 196 (27.2%) 256 (63.5%)
Pain interference 1092 <0.001 0.36 (0.31, 1.00)**

No pain 525 (73.7%) 147 (38.7%)

Low interference CP 137 (19.2%) 133 (35.0%)

High interference CP 50 (7.02%) 100 (26.3%)
Pain widespreadness 1116 <0.001 0.39 (0.34, 1.00)**



No pain

CP with 1-2 sites

CP with 3 or more sites
Cortisol parameters at baseline (MIDUS 2)3
CAR (0-30 mins)
Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR
AUC
Covariates at baseline (MIDUS 2)
Pain outcomes
Pain interference

Low interference CP

High interference CP

1185

1185

1185

1185

1183

1183

422

525 (73.0%)
144 (20.0%)

50 (6.95%)

0.53 (0.29)
-0.14 (0.05)
-0.16 (0.04)
-0.14 (0.04)
2.49 (0.48)

4.84 (0.32)

147 (37.0%)
123 (31.0%)

127 (32.0%)

0.47 (0.38)
-0.13 (0.05)
-0.15 (0.04)
-0.13 (0.04)
2.38 (0.57)

4.81 (0.40)

311 (73.7%)

111 (26.3%)

0.011

0.211

0.066

0.019

0.001

0.110
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0.16 (0.04, 0.28)
-0.08 (-0.20, 0.04)
-0.11 (-0.23, 0.01)
-0.14 (-0.26, -0.02)
0.21 (0.08, 0.33)*

0.10 (-0.02, 0.22)



Pain widespreadness
CP with 1-2 sites
CP with 3 or more sites
Medication uses
Steroid inhaler
No
Yes
Oral steroid meds
No
Yes
Other hormonal meds
No

Yes

Anti-depressant or anti-anxiety meds

No

429

1191

1191

1191

1191

739 (97.0%)

23 (3.02%)

741 (97.2%)

21 (2.76%)

739 (97.0%)

23 (3.02%)

685 (89.9%)

259 (60.4%)

170 (39.6%)

413 (96.3%)

16 (3.73%)

417 (97.2%)

12 (2.80%)

423 (98.6%)

6 (1.40%)

373 (86.9%)

0.622

1.000

0.122

0.146
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0.02 (0.00, 1.00)

0.00 (0.00, 1.00)

0.05 (0.00, 1.00)

0.04 (0.00, 1.00)



Yes
Birth control pills

No

Yes
Sociodemographics
Income-to-needs scale
Education
Age
Ethnicity

White

Black, Indigenous and People of Color (BIPOC)
Sex assigned at birth

Male

Female

Marital status

1191

1169

1189

1191

1170

1191

1190

77 (10.1%)

674 (88.5%)

88 (11.5%)

0.21 (0.54)
0.55 (0.54)

54.7 (11.3)

721 (95.9%)

31 (4.12%)

355 (46.6%)

407 (53.4%)

56 (13.1%)

350 (81.6%)

79 (18.4%)

0.32 (0.65)
0.66 (0.58)

56.9 (11.3)

398 (95.2%)

20 (4.78%)

170 (39.6%)

259 (60.4%)

0.001

0.004

0.001

0.001

0.702

0.024

0.107

93

0.09 (0.05, 1.00)

-0.18 (-0.30, -0.05)
-0.20 (-0.32, -0.08)*
-0.19 (-0.31, -0.07)

0.02 (0.00, 1.00)

0.07 (0.02, 1.00)

0.05 (0.00, 1.00)
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Divorced/separated/widowed/never married 180 (23.6%) 120 (28.0%)
Married 582 (76.4%) 308 (72.0%)

Health behavior

Physical activity 1109 29.6 (10.4) 29.5(10.9) 0.873 0.01(-0.11, 0.13)
Smoking status 1191 0.054 0.07 (0.00, 1.00)
Current smoker 76 (9.97%) 52 (12.1%)
Ex-smoker 455 (59.7%) 274 (63.9%)
Non-Smoker 231 (30.3%) 103 (24.0%)
Drinking status 1191 0.260 0.05 (0.00, 1.00)
Moderate + Drinker 240 (31.5%) 136 (31.7%)
Light Drinker 234 (30.7%) 114 (26.6%)
Non-Drinker or Rarely Drink 288 (37.8%) 179 (41.7%)

Health conditions
Multimorbidity 1191 <0.001 0.25(0.20, 1.00)*

No 401 (52.6%) 115 (26.8%)



Yes
BMI 1146
Parental abuse at MIDUS 1
Childhood emotional abuse 1100
1 (Never)

1.5

2.5
3 (Most frequent)

Childhood physical abuse 1108
1 (Never)

1.5

2.5

3 (Most frequent)

361 (47.4%)

27.2 (5.01)

246 (34.6%)
103 (14.5%)
189 (26.6%)
89 (12.5%)

84 (11.8%)

318 (44.6%)
112 (15.7%)
174 (24.4%)
59 (8.27%)

50 (7.01%)

314 (73.2%)

28.6 (6.11)

128 (32.9%)
57 (14.7%)
103 (26.5%)
52 (13.4%)

49 (12.6%)

161 (40.8%)
59 (14.9%)
102 (25.8%)
41 (10.4%)

32 (8.10%)

<0.001

0.975

0.587

95

-0.25 (-0.38, -0.13)*

0.02 (0.00, 1.00)

0.05 (0.00, 1.00)
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Tests for effect size: Cohen's d: *small effect (>0.20 & <0.50); **medium effect (>0.50 & <0.80); *** large effect (=0.80); Phi: *small effect (>0.10 & <0.30);
**medium effect (20.30 & <0.50); *** large effect (>0.50); Cramer’s V: *small effect (>0.10 & <0.30); **medium effect (20.30 & <0.50); *** large effect (=0.50).
2At follow-up, low interference pain includes 196 with CP with 1-2 sites and 80 with CP with 3 or more sites, while high interference pain includes 66 and 86,
respectively. Similarly, CP with 1-2 sites includes 196 with low interference pain and 66 with high interference pain, while CP with 3 or more sites includes 80
and 86, respectively. Among participants with no baseline pain, 80.0% with CP with 1-2 sites reported low interference pain, while 20.0% reported high
interference pain. For those with multisite pain, 53.2% had low interference pain, and 46.8% had high interference pain (x>=761, P<0.001). Among participants
with baseline pain, 68.7% of those with CP with 1-2 sites had low interference pain, while 31.3% reported high interference pain. For multisite pain, 45.8%
had low interference pain, and 54.2% had high interference pain (x>=400, P<0.001).

3Note that cortisol parameters were non-standardized. An increase of CAR indicates a steeper CAR, whereas an increase of in DCSs indicates flatter DCSs. A

higher value in CDR indicates a wider CDR, while a higher value in AUC indicates a larger AUC.
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3.3.2 Regression results

Table 3-2 shows results from the mixed-effects logistic regressions for the prospective
associations between diurnal cortisol rhythm and CP conditions at follow-up, for both the
stratified subgroup analysis and pooled analysis. In those without CP at baseline, blunter late
post-wake DCS was associated with higher odds of developing CP (OR=1.26, 95% CI=1.03-1.55,
P<0.05); no significant associations were observed for those with CP at baseline or for the

pooled analysis.

Regarding pain interference, in those without CP at baseline, blunter early post-wake DCS and
mid post-wake DCS were associated with higher odds of developing high interference pain.
Specifically, for each one standard deviation increase in the early post-wake DCS and mid
post-wake DCS, the odds of developing high interference pain were 85% (OR=1.85, 95%
Cl=1.09-3.16, P<0.05) and 82% (OR=1.82, 95% Cl=1.09-3.02, P<0.05) higher respectively. Also,
the blunter early post-wake DCS was significantly associated with higher odds of experiencing
high interference pain compared to low interference pain both among individuals without CP
at baseline (OR=2.60, 95% Cl=1.44-4.70, P<0.01) and within the pooled sample (OR=1.37, 95%
Cl=1.04-1.81, P < 0.05). No significant associations were observed between cortisol diurnal
parameters at baseline and low interference pain at follow-up, in either subgroup or pooled

analysis.

Similarly, in those without CP at baseline, blunter early post-wake DCS (OR=2.16, 95% Cl=1.41-
3.32, P<0.001), mid post-wake DCS (OR=1.93, 95% CI=1.28-2.90, P<0.01), and late post-wake

DCS (OR=1.58, 95% CI=1.03-2.43, P<0.05) were associated with higher odds of developing CP
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with 3 or more sites. Additionally, the early post-wake DCS was significantly associated with
higher odds of CP with 3 or more sites compared to CP with 1-2 sites both among individuals
without CP at baseline (OR=2.73, 95% Cl=1.49-4.99, P< 0.01) and within the pooled sample
(OR=1.33, 95% CI=1.01-1.75, P<0.05). The wider AUC was significantly associated with lower
odds of CP with 3 or more sites compared to CP with 1-2 sites both within the pooled sample
(OR=0.76, 95% CI=0.58-0.98, P<0.05). Furthermore, the mid post-wake DCS was significantly
associated with higher odds of CP with 3 or more sites compared to CP with 1-2 sites among
individuals without CP at baseline (OR=2.21, 95% CI=1.24-3.91, P < 0.01). In those with pre-
existing CP at baseline, no significant associations were observed between cortisol diurnal

parameters at baseline and pain widespreadness at follow-up.

To aid in interpreting the associations, Figure 3-2 illustrates the diurnal cortisol trajectories of

participants by CP conditions at follow-up, stratified by baseline CP status.
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Table 3-2 Results from the mixed-effects logistic regression for the prospective association between diurnal cortisol rhythm and

CP interference and pain at 1-2 regions/at 3 or more regions '

Subgroups Pooled sample
No baseline CP Reporting CP at baseline  Adjusting for CP at baseline

No pain vs presence of CP at MIDUS 3 N OR (95% Cl) N OR (95% ClI) N OR (95% Cl)

CAR (0-30 mins) 610 0.93 (0.77, 1.13) 310 1.08(0.81,1.42) 920 0.96 (0.83, 1.12)
Early post-wake DCS (30 mins-4.5 hours) 610 1.02 (0.84, 1.24) 310 1.07(0.80,1.43) 920 1.03 (0.89, 1.20)
Mid post-wake DCS (4.5 hours-15 hours) 610 1.08 (0.89, 1.32) 310 1.05(0.79,1.40) 920 1.07 (0.92, 1.25)
Late post-wake DCS (after 15 hours) 610 1.26 (1.03,1.55)* 310  0.94(0.71,1.26) 920 1.15 (0.99, 1.35)
CDR 610 0.90 (0.74, 1.09) 310 0.89 (0.66, 1.20) 920 0.89 (0.77, 1.04)
AUC 610 1.09 (0.89, 1.33) 310 0.97 (0.73, 1.30) 920 1.03 (0.88, 1.20)
No pain vs low interference pain at MIDUS 3 N OR (95% Cl) N OR (95% Cl) N OR (95% Cl)

CAR (0-30 mins) 568 1.11 (0.90, 1.37) 224 0.95(0.69, 1.29) 792 1.05 (0.89, 1.24)

Early post-wake DCS (30 mins-4.5 hours) 568 1.16 (0.93, 1.45) 224 0.96 (0.69, 1.33) 792 1.08 (0.91, 1.29)
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Mid post-wake DCS (4.5 hours-15 hours) 568 1.08 (0.86, 1.35) 224  0.97(0.70,1.34) 792 1.03 (0.86, 1.22)
Late post-wake DCS (after 15 hours) 568 0.83 (0.66, 1.04) 224 1.03 (0.76, 1.40) 792 0.89 (0.75, 1.05)
CDR 568 1.06 (0.86, 1.30) 224 1.15(0.83, 1.58) 792 1.08 (0.92, 1.28)
AUC 568 0.90(0.72, 1.13) 224 1.04 (0.75, 1.43) 792 0.95 (0.80, 1.13)
No pain vs high interference pain at MIDUS 3 N OR (95% Cl) N OR (95% Cl) N OR (95% Cl)

CAR (0-30 mins) 490 1.01 (0.67, 1.53) 190 1.09 (0.71, 1.67) 680 0.97 (0.75, 1.25)
Early post-wake DCS (30 mins-4.5 hours) 490 1.85 (1.09, 3.16)* 190 0.89 (0.59, 1.33) 680 1.28 (0.98, 1.66).
Mid post-wake DCS (4.5 hours-15 hours) 490 1.82(1.09, 3.02)* 190  0.83(0.55, 1.24) 680 1.26 (0.68, 2.33)
Late post-wake DCS (after 15 hours) 490 1.52 (0.95, 2.45). 190 0.70(0.46, 1.06) 680 1.09 (0.83, 1.43)
CDR 490 0.79 (0.53, 1.19) 190  0.87(0.56, 1.37) 680 0.81(0.63, 1.04)
AUC 490 1.08 (0.71, 1.64) 190  0.92(0.59,1.42) 680 0.94 (0.73, 1.23)
Low interference pain vs high interference pain at MIDUS 3 N OR (95% Cl) N OR (95% ClI) N OR (95% Cl)

CAR (0-30 mins) 154 1.10 (0.68, 1.77) 174  0.91(0.64,1.28) 328 0.94 (0.73, 1.20)
Early post-wake DCS (30 mins-4.5 hours) 154  2.60(1.44,4.70)** 174  1.10(0.74,1.62) 328 1.37 (1.04, 1.81)*
Mid post-wake DCS (4.5 hours-15 hours) 154 2.48 (0.94, 6.55) 174  1.01(0.70,1.47) 328 1.26 (0.96, 1.64)
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Late post-wake DCS (after 15 hours) 154 1.25(0.75, 2.08) 174 0.86 (0.59, 1.26) 328 0.97 (0.75, 1.26)
CDR 154 0.77 (0.37, 1.59) 174 0.92 (0.65, 1.29) 328 0.88 (0.69, 1.14)
AUC 154 0.89 (0.49, 1.62) 174 0.86 (0.60, 1.22) 328 0.86 (0.66, 1.11)
No pain vs CP with 1-2 sites at MIDUS 3 N OR (95% Cl) N OR (95% Cl) N OR (95% Cl)

CAR (0-30 mins) 570 1.08 (0.88, 1.34) 214  0.82(0.56, 1.19) 784 1.01 (0.84, 1.21)
Early post-wake DCS (30 mins-4.5 hours) 570 1.15(0.93, 1.43) 214 0.96 (0.68, 1.34) 784 1.09 (0.91, 1.29)
Mid post-wake DCS (4.5 hours-15 hours) 570 1.06 (0.85, 1.31) 214 0.99 (0.7, 1.39) 784 1.02 (0.86, 1.21)
Late post-wake DCS (after 15 hours) 570 0.83 (0.66, 1.04) 214 1.06 (0.78, 1.45) 784 0.87 (0.74, 1.04)
CDR 570 1.09 (0.88, 1.34) 214 1.02 (0.70, 1.48) 784 1.06 (0.89, 1.26)
AUC 570 0.87 (0.69, 1.09) 214  0.91(0.63,1.32) 784 0.88 (0.73, 1.06)
No pain vs CP with 3 or more sites at MIDUS 3 N OR (95% Cl) N OR (95% ClI) N OR (95% Cl)

CAR (0-30 mins) 491 0.83 (0.56, 1.21) 227 0.88(0.62,1.26) 703 0.89 (0.71, 1.10)
Early post-wake DCS (30 mins-4.5 hours) 491  2.16(1.41,3.32)*** 227  0.93(0.64,1.34) 703 1.26 (0.99, 1.60).
Mid post-wake DCS (4.5 hours-15 hours) 491  1.93(1.28,2.90)** 227  0.92(0.64,1.34) 703 1.22 (0.96, 1.55)
Late post-wake DCS (after 15 hours) 491 1.58 (1.03, 2.43)* 227 0.87(0.59, 1.29) 703 1.11(0.87, 1.44)
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CDR 491 0.74 (0.51, 1.06) 212 0.77 (0.53, 1.12) 703 0.81 (0.65, 1.01)
AUC 491 0.81 (0.54, 1.21) 212 0.76 (0.51, 1.12) 703 0.83 (0.66, 1.04)
CP with 1-2 sites vs CP with 3 or more sites at MIDUS 3 N OR (95% Cl) N OR (95% Cl) N OR (95% Cl)

CAR (0-30 mins) 157 1.14 (0.71, 1.84) 186  0.80(0.56,1.14) 343 0.87 (0.68, 1.12)
Early post-wake DCS (30 mins-4.5 hours) 157 2.73 (1.49, 4.99)** 186 0.95 (0.65, 1.39) 343 1.33 (1.01, 1.75)*
Mid post-wake DCS (4.5 hours-15 hours) 157 2.21(1.24, 3.91)** 186 0.98 (0.68, 1.41) 343 1.21(0.93, 1.57)
Late post-wake DCS (after 15 hours) 157 1.17 (0.71, 1.93) 186 0.96 (0.67, 1.37) 343 0.98 (0.76, 1.27)
CDR 157 1.00 (0.62, 1.62) 186  0.80(0.57,1.12) 343 0.85(0.67, 1.09)
AUC 157 0.86 (0.54, 1.38) 186  0.69(0.48, 1.00) 343 0.76 (0.58, 0.98)*

Statistical significance markers: * p<0.05; ** p<0.01; *** p <0.001

t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking status,
multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers, oral steroids,
antidepressants, anti-anxiety medications, birth control pills, and other hormonal medications). A random intercept at the family level was included, to allow for

correlations between individuals from the same family.
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Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase of one standard
deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR indicates a wider CDR, while one standard deviation increase in AUC indicates a

larger AUC.
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Figure 3-2 Diurnal cortisol trajectories of participants by chronic pain conditions at
follow-up, stratified by baseline chronic pain status

Diurnal Cortisol Rhythms with Piecewise Linear Splines

. === Chronic multisite pain === High-interference pain === No pain
Pain Category at MIDUS 3 ) o ) . o
== Chronic non-multisite pain Low-interference pain === Presence of chronic pain
Pain interference at MIDUS 3 Pain interference at MIDUS 3
No baseline chronic pain With baseline chronic pain
3 f P
1 1
—
——
Pain multisite status at MIDUS 3 Pain multisite status at MIDUS 3
No baseline chronic pain With baseline chronic pain
3 ' 3
2 \
@
4
,3 2 2
€
o
o
81 1
o
g —
i
Presence of chronic pain at MIDUS 3 Presence of chronic pain at MIDUS 3
No baseline chronic pain With baseline chronic pain
3
&
2 \ 2
1 1
hl —a
0 5 10 15 0 5 10 15

Hours after Awakening



105

3.3.3 Robustness Check

Results of the robustness checks are presented in Supplementary Tables 2-5 to 2-9. Among
participants without baseline CP, late post-wake DCS was not significantly associated with CP
development after multiple imputations, Bonferroni correction, exclusion of medication users,

and controlling for daily stressors (see Supplementary Table 2-5).

Early and mid post-wake DCSs were initially associated with high interference CP. However,
these associations became non-significant following Bonferroni correction and additional
adjustments (see Supplementary Table 2-6). Moderation analyses revealed no significant
interactions between baseline CP status and these cortisol parameters for high interference

CP compared to individuals with no pain at follow-up (see Supplementary Table 2-9).

Associations between early and mid post-wake DCSs and CP with 3 or more sites remained
consistent with the main analyses (see Supplementary Table 2-7). Significant moderation
effects were observed for baseline CP and early and mid post-wake DCSs on the development

of CP with 3 or more sites (see Supplementary Table 2-9).

Only early post-wake DCS remained robust in its association with CP with 3 or more sites at
MIDUS 3, compared to CP with 1-2 sites in samples without baseline pain. Most associations
between other post-wake DCSs or AUC and pain types at MIDUS 3 were non-significant in this
subgroup or in the pooled samples (Supplementary Table 2-8). Additionally, moderation

analyses showed that the absence of baseline pain significantly interacted with early and mid
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post-wake DCSs, linking them to CP with 3 or more sites compared to CP with 1-2 sites, and

to high interference pain compared to low interference pain (Supplementary Table 2-9).

34 Discussion

In this U.S. cohort of community-dwelling adults with multi-day cortisol collection, we found
among individuals who did not report CP at baseline, those with blunter early and mid post-
wake DCSs had higher odds of developing CP with 3 or more sites about seven years later.
Also, early post-wake DCS was associated with CP with 3 or more sites compared to CP with
1-2 sites, among individuals without baseline CP. Sensitivity analyses did not substantially
change these associations. No other robust associations were found in the same subgroup.
Among those with pre-existing CP, no clear associations were found between diurnal cortisol
rhythm and CP outcomes. Moreover, in the pooled sample, no robust associations were found

between diurnal cortisol rhythm and CP outcomes.

A previous study found that a blunted diurnal cortisol rhythm predicted an increased risk of
new-onset chronic widespread pain 15 months later (McBeth et al., 2007). However, it had a
smaller cohort size (n=269). Additionally, the previous study used actual clock time, and
cortisol samples might have been taken at different points in each individual's diurnal cycle,
potentially leading to measurement bias (Adam and Kumari, 2009). Using waking time as a
reference in our study ensured that the measurements consistently reflected the natural
rhythms of the participants. Our research findings echo the previous results. The DCS is
primarily regulated by a negative feedback mechanism mediated jointly by GRs in peripheral
and brain regions and MRs expressed in limbic structures (Kloet et al., 1998; Stalder et al.,

2024). However, GRs typically exhibit stronger inhibitory effects following the diurnal rhythm
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peak, and as cortisol levels decline, MRs become more significant, particularly in maintaining
the basal activity of the HPA axis (Kloet et al., 1998; Oster et al., 2017). Our linear spline
modeling of DCS may capture the extent to which different receptors mediate negative
feedback mechanisms at different time intervals. Our PCA analysis (Supplementary Table 2-3)
shows that Factor 1 may reflect the synergistic functions of GRs and MRs, with GRs being
dominant. Early post-wake DCS may primarily reflect GR activity, with minimal influence from
MRs, resulting in lower factor loadings. Mid post-wake DCS may involve both GRs and slightly
increased MR activity, leading to the highest factor loading. In late post-wake DCS, MR activity
predominates while GR participation decreases, reducing synergy and yielding the lowest

factor loadings.

Therefore, on the one hand, our results emphasize the important role of GR downregulation
in the development of pain with multiple sites as characterized by the flattening of early post-
wake DCS and mid post-wake DCS. GR downregulation reduces cortisol inhibition of
catecholamine release (Fries et al., 2005; Hannibal and Bishop, 2014), which exacerbate
inflammation and induce nociception. Additionally, the inflammation heightens the
excitability of sensory transmission pathways, leading to both peripheral and central
sensitization (Veldhuijzen et al., 2018). Moreover, impaired GR function fails to inhibit nuclear
factor-kB (Pavlov et al., 2003), promoting algogen transcription and further sensitization and
hyperalgesia (Kawasaki et al., 2008; Walsh and McWilliams, 2014). On the other hand, late
post-wake DCS did not show robust association with CP with 3 or more sites, and in the
comparison between CP with 1-2 sites and CP with 3 or more sites, only early post-wake DCS
was significant. This may indicate that the MR mechanism has a limited role in the

development of CP with 3 or more sites.
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Furthermore, our results highlight the significant role of identifying DCS flattening in
indicating the developmental stages of CP with 3 or more sites (McBeth et al., 2007). Recent
studies collectively demonstrate that individuals experiencing acute pain or non-chronic
regional pain, representing the early to mid-stages of CP development, often exhibit higher
cortisol levels, such as elevated CAR and AUC (Begum et al., 2022; Reyes del Paso et al., 2024;
Riva et al., 2012). However, as pain becomes chronic, cortisol levels gradually decline (Reyes
del Paso et al., 2024). Although some studies have still observed increased cortisol levels
following the onset of CP (Begum et al., 2022), recent research has clarified these associations.
It suggests that cortisol levels may temporarily rise due to pain episodes within CP, but in the
long term, the HPA axis function becomes downregulated, leading to decreased cortisol levels
(Reyes del Paso et al., 2024). The latest meta-analyses and cross-sectional epidemiological
studies consistently indicate that individuals with fibromyalgia and chronic multisite
musculoskeletal pain have lower cortisol levels (Beiner et al., 2023; Generaal et al., 2014;
McBeth et al., 2005). Similarly, our supplementary analyses showed that, after controlling for
the same set of covariates, a flatter CAR and lower AUC were cross-sectionally associated with
higher odds of CP with 3 or more sites (see Supplementary Table 2-10). Therefore, DCS
flattening serves as a mid-to-late stage marker of HPA axis dysregulation, linking elevated
cortisol levels at the early stage with reduced cortisol levels as a longer-term consequence of

the dysregulation.

Contrary to our findings, a study from the Netherlands Study of Depression and Anxiety
(NESDA) reported that diurnal rhythm of cortisol was not associated with the development of

chronic widespread pain (Generaal et al., 2016). However, incorporating cohorts with a high
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proportion of patients with a history of depression and anxiety (71.4% of those who did not
develop chronic widespread pain and 81.9% of those who did) (Generaal et al., 2016) could
obscure the relationship between cortisol levels and the development of CP (Generaal et al.,
2014), as the cortisol changes in these conditions may introduce variability unrelated to pain,
masking the true association (Knorr et al., 2010). This was confirmed in our supplementary
analysis when we further excluded participants reporting anxiety, depression, or other
emotional disorders in the past 12 months. Both early post-wake (OR=2.36, 95% CI=1.40-3.97,
P<0.01) and mid post-wake (OR=2.20, 95% CI=1.33-3.64, P<0.01) DCSs showed even higher
effect sizes among those without anxiety, depression, or other emotional disorders in the past

12 months, compared to the main analysis (see Supplementary Table 2-7).

Among respondents with baseline CP, we found no associations between diurnal cortisol
rhythm and CP outcomes at follow-up, echoing the null association found in a previous study
(Generaal et al., 2017). This may attenuate the association in the pooled analysis, resulting in
nonsignificant findings. CP may become self-sustaining through central sensitization, in which
neurons become hypersensitive, responding chaotically to normal stimuli or producing
amplified responses to noxious stimuli (Woolf, 2011). Sustained pain may be less dependent
on the HPA axis. Although participants who reported low interference pain and CP with 1-2
sites after seven years exhibited more active HPA axis among those with CP with 3 or more
sites at baseline (see Supplementary Table 2-11), the small subgroup sizes based on specific
baseline CP conditions limit the ability to conduct systematic examinations, warranting
cautious interpretation. Future studies with larger samples are needed to further clarify these

relationships.
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We did not find a robust association between diurnal cortisol rhythms and pain interference.
One possibility is that reports of pain interference may reflect modulation by the anterior
cingulate cortex (Rainville, 2002), shaping the pain experience through mechanisms such as
attentional focus, emotional distress, and cognitive appraisal (Villemure and Bushnell, 2002;
Wiech et al., 2008). In our sample, 47% of individuals with pain at 3 or more regions
overlapped with those reporting high interference pain. The observed differences in the
association between the HPA axis and pain outcomes suggest that the reports of pain
interference by those with pain at 3 or more regions may be further affected by the complex
interplay of biopsychosocial factors rather than by the pain condition alone (Miettinen et al.,
2019). Given the significant clinical implications of pain interference, further studies on its

underlying mechanisms are needed.

Our study has several key advantages, including repeated measurements of salivary cortisol
over multiple days in naturalistic settings and a community-based cohort study design.
Repeated measurements of salivary cortisol over multiple days in naturalistic settings can
reduce the masking of the average diurnal rhythm of cortisol due to intra-individual
differences in stress events during the week (Hellhammer et al., 2007). Additionally, by
employing multiple knots in a multilevel model to parametrically define diurnal cortisol
rhythm, our study enhances the ability to capture non-linearities in these trajectories, offering
a more nuanced approach than a uniform declining slope post-peak (Ranjit et al., 2005b).
Furthermore, compared to a previous population-based prospective study, we additionally
controlled for medication uses, thereby further clarifying the confounding effects on the

associations (McBeth et al., 2007).
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The study has the following limitations. We could not obtain clinically validated pain measures
from the MIDUS, such as chronic widespread pain or fibromyalgia, possibly including patients
with milder symptoms (Generaal et al., 2014). Additionally, the measurement of CP lacks a
minimum duration of three months and implicitly assumes preexisting tissue damage, making
it less reflective of the broader biopsychosocial dimensions of pain. Given the global burden
of CP, we call for the inclusion of rigorous measures of CP in population-based epidemiological
studies. Second, the study could not detect changes in CP status between MIDUS 2 NSDE and
MIDUS 3, potentially misclassifying those who recovered by MIDUS 3 as not experiencing CP

during the seven-year follow-up.

Another limitation of the study is the stringent criteria for selecting participants with viable
cortisol data, which may introduce selection bias and limit the generalizability to the wider
U.S. population. Meanwhile, BIPOC participants are underrepresented, indicating the need to
increase the inclusion of ethnic minorities in future studies. Despite our cautious adjustment
for confounders, the possibility of residual confounding due to imprecise measurements or

unknown factors cannot be excluded in our study.

In addition, as with all associations yielding insignificant results, the true differences may be
obscured by Type Il errors. Although further moderation analysis by pooling the samples did
not substantially alter our findings (See Supplementary Table 2-9), future larger-scale studies

are necessary to further elucidate these associations.

Despite the advantages of cortisol collection via NSDE, factors like differences in collection

times between groups, discrepancies between actual and intended collection times, and knot
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selection may affect the accuracy of diurnal cortisol rhythm modeling. Future studies will
benefit from strategies to improve collection compliance and precise knot estimation

techniques.

Finally, by restricting analyses to participants without chronic pain at baseline, we may have
conditioned on a variable influenced by both diurnal cortisol patterns and unmeasured risk
factors for CP, potentially inducing a spurious association. Future studies using causal

inference methods may help address this issue.

Our research has important implications for public health. First, we clarified the prospective
associations between diurnal cortisol rhythms and the development of CP with 3 or more
sites, providing information for identifying at-risk populations and informing strategies to
monitor CP progression. While we did not estimate the proportion of future CP cases
attributable to blunted DCS, future studies could use receiver operating characteristic (ROC)
curve analysis to establish optimal cut-off values and assess sensitivity and specificity for risk
stratification. Second, recent research shows that inhibiting FKBP51 upregulation can reduce
pronociceptive GR signaling in inflammation and promote antinociceptive functions (Maiaru
et al., 2016). Our findings may provide preliminary support for the potential of GR-related
pharmacology in CP treatment. Longitudinal studies with repeated assessments of diurnal
cortisol patterns and CP in large samples are needed to clarify their dynamic relationship and
assess whether managing GR downregulation, indicated by blunted DCS, could reduce the

burden of CP with 3 or more sites at the population level.
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4 Life Course Socioeconomic Status, Chronic Pain, and the Mediating Role
of Biological Dysregulation in Stress Response Systems: Findings from the

Midlife in the United States

4.1 Introduction

Among the leading causes of disability, the top three are all non-communicable diseases.
Notably, the first and third leading causes—low back pain and headaches—are both
conditions that commonly present as chronic pain (CP) (Ferrari et al., 2024). The economic
and societal impact of CP is substantial. A report from the Institute of Medicine in 2010
estimated that about one-third of the U.S. population experiences CP, with annual costs for
healthcare and lost productivity ranging from $560 billion to $635 billion (Steglitz et al., 2012).
CP, however, does not affect everyone equally. Data from the Centers for Disease Control and
Prevention (CDC) indicate that women, individuals with lower socioeconomic status (SES),
veterans, and rural residents tend to have higher rates of CP (Dahlhamer et al., 2018).
Research consistently demonstrates that CP has a pronounced social patterning, with the
prevalence of CP exhibiting clear socioeconomic disparities. Recent studies in the United
States have found a SES gradient in CP trends over time, with increasing disparities in pain
(Grol-Prokopczyk, 2017; Zajacova et al.,, 2021a; Zimmer and Zajacova, 2018). Given the
significant consequences of CP and the widening inequalities in its prevalence, it is essential
to take immediate steps to address socioeconomic disparities related to CP, ease its burden,

and enhance the resilience of those most affected.
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4.1.1 Association between life course SES and CP

Life course epidemiology provides multiple theoretical models to help understand how
exposures throughout an individual's life influence health outcomes in later years and may
facilitate understanding and prevention of CP. However, only few studies have focused on the
association between SES during childhood and across the lifespan with CP. The critical period
model suggests that exposure to unfavorable socioeconomic conditions during key
developmental stages, such as early childhood, can result in long-term biological changes in
the body's pain regulation systems, leading to a higher risk of CP in adulthood. This
phenomenon is often referred to as biological programming. According to this model,
exposure during these critical periods can have permanent effects on how individuals
perceive and respond to pain. The sensitive period model shares some similarities with the
critical period model, but differs in that it argues that certain phases of life are particularly
important for health outcomes, yet the negative effects of exposures during these periods
might still be partially reversed if conditions improve later in life. For instance, although low
SES during certain life stages may elevate the likelihood of having CP, better access to
resources after these sensitive periods could reduce this risk. The accumulation of risk model
proposes that prolonged exposure to low SES over the course of life gradually imposes an
increasing strain on the body’s pain regulation systems, ultimately heightening the risk of CP.
In this case, the frequency, intensity, and duration of harmful exposures accumulate over time,
amplifying the damage to health. Meanwhile, the pathway model focuses on how early-life
socioeconomic disadvantages influence opportunities throughout adulthood, setting
individuals on a course where limited access to education, employment, and healthcare
increases the risk of CP later in life. Finally, the chain of risk additive model integrates aspects

of both the accumulation of risk and pathway models. This model highlights how exposure to
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multiple risk factors at various life stages can form a chain, where each additional exposure
compounds the overall risk. In relation to CP, repeated exposures to low SES at different times
in life may collectively increase susceptibility to CP as the individual grows older. Moreover,
the chain of risk additive model can help identify whether certain periods of exposure to risk

factors act as sensitive periods or critical periods (Ben-Shlomo et al., 2014; Kuh et al., 2003).

Limited research studied the association between childhood SES and adulthood CP. Childhood
SES, including the average educational attainment of both parents and family income, was
found to be unrelated to the risk of chronic back pain in adulthood (Gonzalez et al., 2012).
Two birth cohort studies revealed detailed associations between life course SES and chronic
widespread pain (CWP). Based on the 1958 British Birth Cohort, the research found that after
controlling for recent life events, self-rated health, mental health, body mass index, and
physical activity, individuals in skilled manual, partly skilled, and unskilled social classes at age
42 were at a higher risk of having CWP three years later compared to those in the professional
class at the same age. Moreover, lower social class at age 42 was associated with CP in the
forearm, lower back, and knee while only father's social class was associated with chronic
forearm pain (Macfarlane et al., 2009). Another study using the 1946 British Birth Cohort
found that groups reporting moderate to severe financial hardship at age 43 had a 1.3- and
3.4-times higher risk of reporting CWP at age 68 compared to those who did not report
financial hardship. Additionally, individuals renting at age 53 had a 62% increased risk of
reporting CWP at age 68 compared to property owners. Compared to highly educated women,
women with lower educational attainment had a 93% increased risk of reporting chronic
regional pain (CRP) at age 68; however, for men, educational level was associated with CWP

but not with CRP. Finally, compared to those who either reported no or only minimal
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economic hardship, those reporting moderate to severe economic difficulties at ages 43 and
between 60 to 64 had a 2.9 times higher risk of CWP. Childhood and SES from ages 60 to 64
were unrelated to CWP at age 68 (Jay et al., 2019). In addition, a retrospective study found
that parental educational years, government assistance during childhood, and hunger were
associated with CP, but this association was attenuated after adjusting for adult SES indicators,
including income, education, and public assistance in adulthood, indicating a potential

mediating role of SES in adulthood (Goosby, 2013).

However, previous studies on life course SES and CP have limitations. Firstly, SES and health
conditions are largely determined by prior circumstances, such as how health status may
affect occupational transitions (Hoffmann et al., 2018), and a history of chronic diseases and
pain significantly predicts future pain reports (Mills et al., 2019). Thus, the lack of control for
important confounding factors may exaggerate the association between SES and CP
throughout the life course. Furthermore, previous life course studies were unable to provide
information on additive effects and risk chains. Although a study has attempted to sum the
same SES indicators collected at different times, this assumes that the effect of this indicator
on CP is equal at different times, potentially overestimating or underestimating the effects of
certain periods (Jay et al., 2019). Finally, previous research has either regressed SES indicators
with CP alone or adjusted SES indicators against each other to explore the association
between SES and CP. These measurements of SES either measures only one dimension of SES
or overlooks the covariance present among various indicators, thus failing to represent the

overall impact of SES as a multidimensional structure.
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Scholars have long recognized the importance of relative deprivation indicators in health
research because these involve a broader range of methods, capabilities, and psychological
resources to cope with health risks, particularly for rich countries with low levels of material
deprivation (Clouston and Link, 2021; Marmot, 2005). They are actually habitual and
unconscious, internalized reflections of current socioeconomic plight. However, few life
course CP studies have captured people's SES through relative deprivation indicators.
Although some studies have included relative deprivation indicators, such as financial
hardship (Jay et al., 2019), most have neglected the measurement of individuals' subjective
perceptions of poverty and their experiences and adaptations to impoverished living (Diemer
et al., 2013). Consequently, addressing the aforementioned disparities could prove

advantageous in elucidating the relationship between life course SES and CP.

4.1.2 Biological dysregulations of chronic stress and its association with SES

Biological dysregulation associated with chronic stress is common among patients with CP
(Woda et al., 2016) and low SES populations (Johnson et al., 2017), making it a potential
mediator in the association between lifecourse SES and CP. However, only few studies have
explored the potential of these biomarkers to link SES and CP (Slade et al., 2012; Strath et al.,
2024). Allostatic load (AL) describes the biological consequences of an organism's continuous
adaptation to prolonged and repeated stress (Juster et al., 2010; McEwen, 1998). The
biological cost of chronic stress initially manifests in alterations of the hypothalamic-pituitary-
adrenal (HPA) axis. A normal HPA axis, through its reactive hormonal secretion, prepares the
organism for stress response (Herman et al., 2016). However, prolonged activation of the HPA
axis, leading to over- or under-secretion of glucocorticoids and catecholamines, may

eventually disrupt the production of substances necessary for maintaining the normal
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functioning of downstream physiological systems. This disruption can result in anomalies in

biomarkers from multiple physiological systems (Juster et al., 2010).

Individuals living in adverse socioeconomic conditions often endure dual hardships: there are
needs for basic necessities, support, and opportunities, yet the resources available to meet
them are limited. They are more likely to live with economic difficulties, family conflicts,
bereavement, poor living conditions, crime, violence, and discrimination. These conditions in
turn restrict opportunities to access essential resources such as money, education, power,
prestige, and valuable social networks, which are critical for managing life’s demands
(Aneshensel, 1992). In addition to the severity of these stressors, characterized by the
imbalance between demands and resources, repeated exposure to these stressors increases
the likelihood of chronic stress (Crielaard et al., 2021), leading to AL and dysregulations of
HPA axis. It is essential to separately examine AL as a consequence of overall chronic stress
dysregulation and HPA axis dysfunction as an early indicator of chronic stress dysregulation.
This distinction can reveal differential associations between SES and various stages of chronic
stress dysregulation throughout the life course, while also providing insights into the potential
pathogenic mechanisms linked to SES. Moreover, the dysregulation of these two types of
biomarkers may encompass the significant and different roles that chronic stress
dysregulation plays at CP, thereby offering critical information for the early prevention and

intervention of CP.

People from low SES are more likely to have higher AL. A recent systematic review analyzed
287 articles up to 2017, selecting 26 that met the criteria for studies on SES and AL. Despite

the heterogeneity in the operationalization of SES and AL, 23 studies consistently found
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higher AL indices in low SES populations compared to their higher SES counterparts and three
studies found moderated effects by gender or by ethnicity (Johnson et al., 2017). All of the
studies in the review operationalized AL with at least one cardiovascular and one metabolic
biomarker, and 85% of the studies included at least one inflammatory biomarker. However,
only 58% of the studies included at least one biomarker from the HPA axis. Recent research
on life course SES and AL has found that cumulative low SES is associated with higher levels
of AL. These studies measured SES through composite indices (Lunyera et al., 2020),
occupational class (Robertson et al., 2014), and neighborhood disadvantage (Gustafsson et
al., 2014). These associations might be explained through home ownership, income, smoking,
poor diet, or physical activity (Barboza Solis et al., 2016; Robertson et al., 2015). However,
despite the extensive literature on SES and AL, there is still a lack of research integrating a life
course model into the study of the relationship between SES and AL, particularly regarding

the examination of additive effects, sensitive periods, and critical periods.

Dysregulations in the HPA axis are often observed among those in low SES. Previous research
has indicated that lower SES is associated with a pronounced CAR (Kunz-Ebrecht et al., 20043,
2004b; Wright and Steptoe, 2005). SES has been measured using occupational status (Kunz-
Ebrecht et al., 2004a, 2004b) and perceived social status (Wright and Steptoe, 2005). However,
the choice of SES measurements and variations in cortisol parameters may influence this
association. For instance, a lower CAR has been observed among individuals experiencing
financial strain (Steptoe et al., 2005). Lower income, educational attainment (Cohen et al.,
2006a), and occupational status (Li et al., 2007) are associated with higher levels of AUC for
cortisol. Moreover, material hardship (Ranjit et al., 2005a), lower occupational grades among

civil servants (Chandola et al., 2018; Kumari et al., 2010), and low individual and neighborhood
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SES (Miller et al., 2021) are related to a flatter DCS. Similarly, individuals with lower education
levels exhibit a slower decline in diurnal cortisol levels (Groffen et al., 2015; Karlamangla et
al.,, 2013). Studies modeling cortisol levels at different times of the day have shown
inconsistent results. For example, lower income and educational levels are associated with
higher evening cortisol levels (Cohen et al., 2006b), while other research indicates lower
morning and afternoon cortisol levels related to lower income and education with no
relationship to nighttime levels (Brandtstadter et al., 1991; Groffen et al., 2015). Furthermore,
there is still a lack of studies applying a life course approach to the association between SES

and cortisol.

4.1.3 Biological dysregulations of chronic stress and its association with CP

AL and CP are pathologically associated, as evidenced not only by overlapping dysregulations
in biological systems (Abdallah and Geha, 2017, Woda et al., 2016) but also by similar
alterations in stress response manifestations (Borsook et al., 2012; Juster et al., 2010). Despite
mixed results found in the clinical studies (Generaal et al., 2016; Nelson et al., 2021; Wippert
et al., 2022), possibly due to differences in measurements of pain and chronic stress response
dysregulation, several population-based studies have consistently demonstrated a positive
association between AL and CP in cross-sectional analyses. For example, people reporting
pain lasting more than 24 hours and widespread bodily pain are more likely to experience
higher levels of AL (Slade et al., 2012). Moreover, severe CP is correlated with AL regardless
of the method used to calculate AL (Sibille et al., 2017). Recent research using a different
approach for AL operationalization has shown that a dysregulated metabolic phenotype of AL
is prospectively associated with high interference CP and 3 or more CP sites (Liang and Booker,

2024). To date, only one cross-sectional study has explored the mediating role of AL in the
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association between SES and pain, and it did not find evidence of a mediating effect (Slade et
al., 2012). However, it is likely that the pain measured in this study was acute pain rather than
CP. Given that acute pain may involve entirely different pathological mechanisms compared
to CP, this could explain the absence of a significant mediating effect. Additionally, the study
did not include biomarkers related to the HPA axis when constructing AL, which raises
challenges to the validity of the AL. Therefore, a gap exists in the literature regarding the

intersection of SES, AL, and CP.

In addition, given the socioeconomic gradient of CP and HPA axis activity, the diurnal pattern
of cortisol may serve as a potential mediator in the link between SES and CP. Patients with CP
often display reduced salivary cortisol levels, although the majority of evidence stems from
fibromyalgia patients and case-control studies (Beiner et al., 2023). Yet, the results from
population studies are not consistent. In the UK, a prospective study utilizing a population
register sample from three general practitioners indicated that a blunted diurnal cortisol
rhythm and higher levels of post-dexamethasone serum cortisol were associated with the
development of CWP (McBeth et al., 2007). A cross-sectional study from the Netherlands
Study of Depression and Anxiety (NESDA) showed that individuals with chronic multisite
musculoskeletal pain exhibited significantly reduced cortisol levels at awakening and in the
evening, with a decreased diurnal slope, particularly among those without depression or
anxiety (Generaal et al., 2014). However, another longitudinal study using the same dataset
did not confirm the association between cortisol levels and the onset or improvement of CP
(Generaal et al., 2017, 2016). A prospective study from the Western Australian Pregnancy
Cohort (Raine) Study found that lower cortisol reactivity to stress in young women with higher

pain sensitivity was associated with chronic musculoskeletal pain (Paananen et al., 2015). The
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inconsistency may be attributed to limited cortisol collection procedures in previous
epidemiological surveys (Adam and Kumari, 2009). Although evidence supports the potential
mediating role of cortisol in the association between SES and CP, no studies have yet

examined the mediating role.

To address the current research gap, this study utilizes the Midlife in the United States study
(MIDUS) to explore the prospective association between life course SES, CP, and biological
dysregulations of chronic stress response systems, and to examine the mediating effects of
the dysregulations. SES during adulthood was collected in MIDUS 1 (1995-1996) and MIDUS
2 (2004-2006), with retrospective childhood SES collected during MIDUS 1. AL biomarkers
were collected in the MIDUS 2 Biomarker Project (2004-2006). Additionally, salivary cortisol
was collected during the National Study of Daily Experiences (NSDE) phase of MIDUS 2 (2004-
2009). MIDUS 3 (2013-2014) collected the CP outcomes for this study, facilitating prospective
research. Based on the identified research gaps, | propose the following research questions

(RQs):

(1) How is SES at different life states associated with future CP and are these associations
independent of each other?
H1: Childhood SES, MIDUS 1 SES, and MIDUS 2 SES are directly prospectively
associated with MIDUS 3 CP, indicating an additive effect;
H2: This study hypothesizes that earlier SES significantly influences later SES, and later
SES has a direct and significant association with CP;

H3: The impact of earlier SES on CP is mediated by later SES;
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(2) How is SES at different life states associated with biological dysregulations in stress
response systems and are these associations independent of each other?
H4: Childhood SES, MIDUS 1 SES, and MIDUS 2 SES are directly prospectively
associated with biological dysregulations in stress response systems, indicating an
additive effect;
H5: This study hypothesizes that earlier SES significantly influences later SES, and later
SES has a direct and significant association with biological dysregulations in stress
response systems;
H6: The impact of earlier SES on biological dysregulations in stress response systems

is mediated by later SES.

(3) Are there mediating effects of biological dysregulations in stress response systems to the
associations between life course SES and CP?
H7: The impact of SES on CP is mediated through biological dysregulations in stress

response systems
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4.2 Methods

4.2.1 Data

This research utilized data from the MIDUS. The MIDUS main survey is a national, longitudinal
study on individual social status, psychological profiles, and biological processes of ageing,
begun between 1995-1996 and followed 7108 non-institutionalized Americans aged 25 to 74
in the contiguous United States. The MIDUS 2 and MIDUS 3 main surveys followed the original
respondents and collected data through phone interviews and self-administered
guestionnaires between 2004-2006, and 2013-2014 respectively. More details of the study

are available on the MIDUS website (Available at: http://midus.wisc.edu/, accessed on April

18, 2024).

Based on participation in the MIDUS biomarker project or in the NSDE, the study sample was
divided into two streams for analysis. A total of 1,054 respondents from the main longitudinal
survey participated in the Biomarker Project of MIDUS 2 conducted from 2004 to 2009.
Samples meeting the subsequent criteria were incorporated into the final analysis: samples
that completed the baseline survey of the longitudinal survey, two MIDUS follow-up surveys

and participated in the biomarker program (Details in Figure 4-1).

MIDUS 2 collected information on daily experiences over a span of consecutive 8 days through
NSDE in the same wave. From a total of 2,022 respondents participated in NSDE, 1,842
respondents took part in the main longitudinal survey (MIDUS 1 to MIDUS 2), having been
selected through random digit dialing. We excluded participants who did not provide at least

one valid cortisol sample within the sampling time, had anomalous sleep patterns,
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experienced cortisol measurement errors, or dropped out at MIDUS 3 (Dmitrieva et al., 2013;

Karlamangla et al., 2013) (Details in Figure 4-1).



Figure 4-1 Flowchart for the analytic sample

Excluded at NSDE (n=374):

. Only one valid cortisol sample with sampling time (n=237)

. Participants awoke before 4 am (n=10)

. The pre-lunch cortisol sample was 10 nmol/L or more higher
than the morning-peak sample (n=7)

. Respondents woke after 11 am (n=6)

. Respondents who were awake more than 20 hours on a
given day (n=5)

e The 30-min post-waking sample collected earlier than 15 or
later than 45 mins after his or her waking sample (n=83)

. cortisol values greater than 60nmol/L (n=26)

Respondents at MIDUS 1 main
survey
(N=7108)

Excluded at MIDUS 2 main survey (n=2145):
. Deceased/unconfirmed deceased (n=470)

. Refusal (n=832)
. Unable to interview (n=122)
. Non-working number (n=721)

Respondents at MIDUS 2 main
survey
(N=4963)

NSDE
(N=1842)

Respondents at MIDUS 2 main survey also at

Excluded (n=222):

Deceased (n=69)

Physically or mentally unable (n=18)
Unable to interview (n=30)
Non-working number (n=22)

Global refusal or out of sample (n=2)
Not fielded at MIDUS 3 (n=45)

Respondents at MIDUS 3 main survey
(N=1246)

!

Respondents at MIDUS 2
Biomarker Project
(N=1054)
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Respondents at MIDUS 3 main survey
(N=945)

Excluded at MIDUS 2 Biomarker Project (n=109):
Deceased (n=30)

Physically and mentally unable to interview (n=14)
Refusal (n=10)

Unable to interview (n=14)

Withdrawals from study or out of sample (n=2)
Not at field (n=29)

Non-working number (n=10)
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4.2.2 Measures

4.2.2.1 Dependent variable: CP in MIDUS 3

Assessing the level of pain interference and the number of CP sites, as opposed to simply
reporting the presence of CP, can provide valuable insights into the intensity of pain, its
impact on daily activities, and the extent of pain distribution across the body, which are crucial
for devising effective pain interventions (Guerriero and Reid, 2019; Von Korff et al., 1990).
Respondents were first asked “Do you have CP, that is do you have pain that persists beyond
the time of normal healing and has lasted from anywhere from a few months to many years?”;
if so, they were then asked about CP interference. A pain interference index was generated
by a mean score of how much pain interfered with respondents’ activity, mood, relations,
sleep, and enjoyment, ranging from 0 to 10 (Cleeland and Ryan, 1994). Then, the CP
interference index was further categorized into no pain, low interference pain (<4), and high
interference pain (>4) as a categorical variable based on the Brief Pain Inventory Subscale
cutpoint (Jensen, 2011; Li et al., 2021b). In addition, if respondents reported having CP, they
were asked about the location of the pain, including head, neck, back, arms, legs, shoulders,
hips, knees, and other sites. The pain sites were summed up to an index and then categorized

it into no pain, 1-2 sites, or 3 or more sites as a categorical variable.

The categorization is based on the consistency with previous practices (Li et al., 2021a, 2021b),
as well as the distributions of both CP interference and the number of pain locations, which
are highly skewed toward the lower end. This skewness presents challenges for linear
modeling techniques, which assume normality of residuals. While negative binomial

regression is a potential approach to address the count nature of our pain location data, it
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may not adequately account for the observed high skewness in the distribution. In addition,
the sample sizes in our study are unevenly distributed across the potential range of these
variables, with a significant drop-off in frequency as the number of pain locations increases.
This sparsity in the upper range can undermine the reliability of regression estimates, as the
models would be driven by a small subset of the sample with higher pain counts. Therefore,

categorization helps to stabilize the variance across groups.

4.2.2.2 AL - potential mediator

AL biomarkers were collected from the MIDUS 2 Biomarker Project. Followed by previous
studies (Carbone et al., 2022; Gruenewald et al., 2012; Hastings et al., 2022; Juster et al., 2010;
Karlamangla et al., 2014), AL was constructed by seven physiological systems and 27
biomarkers (shown in Supplementary Table 3-1). High-risk quartiles of biomarkers were used
to compute AL (McEwen and Seeman, 1999). DHEA-S and urinal cortisol in the upper or lower
25t quartiles were regarded as at high risk. When HFHRV, LFHRV, RMSSD, and SDRR strength
fell within their lower 25% quartile ranges, they were at high risk. Other biomarkers falling
into their upper 25" quartiles were assigned as at high risk. Meanwhile, biomarkers in their
high-risk quartiles were coded as 1; otherwise, 0. Then, an AL index was computed by

summing up biomarker risk scores, which theoretically would range from 0 to 27.

LCA was applied to identify AL phenotypes, utilizing the "poLCA" package in R. Binary
biomarkers were grouped into clusters ranging from 1 to 7, with the optimal cluster count
selected based on several statistical criteria, including log-likelihood, Akaike Information
Criterion (AIC), Bayesian Information Criterion (BIC), entropy, and the clinical or biological
relevance of the classification (Sinha et al., 2021). The log-likelihood measures model fit, with

higher values generally indicating better fit for a given data and model structure. AIC and BIC
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are used to balance fit quality with model simplicity, with lower values suggesting a preferable
model. BIC, however, penalizes complex models more heavily in large samples, often favoring
simpler solutions, while AIC may support more complex structures. Examining points of
inflection or plateaus in AIC and BIC values can help determine an appropriate balance
between model complexity and overfitting risk (Sinha et al., 2021). Entropy, reflecting
classification quality, ranges from 0 to 1, with values above 0.8 generally considered
acceptable for adequate cluster distinction (Weller et al., 2020). Also, the classification should
be meaningful from a clinical or a biological perspective (Sinha et al., 2021). For reliable
estimation, each model underwent 5000 iterations to ensure convergence (Please refer to

Supplementary Table 3-2 for the LCA results).

4.2.2.3 Diurnal Cortisol Rhythm - potential mediator

Diurnal cortisol rhythm parameters were defined as CAR, DCSs, AUC relative to the ground,
and CDR. Detailed description please refer to Sections 3.2.2.1 to 3.2.2.2. To model this rhythm,
we used linear spline multilevel modeling with fixed knots at 0.5, 4.5, and 15 hours after
waking, following prior work (Adam et al., 2006; Charles et al., 2020; Karlamangla et al., 2013).
This model divides the cortisol curve into segments, fitting a separate regression for each,
which helps capture nonlinear changes across the day more effectively than other models

(Karlamangla et al., 2013).

Data from the NSDE were analyzed to construct the diurnal cortisol rhythm. Supplementary
Table 4-1 shows the charateristics of the participants in the NSDE. For each cortisol
measurement, random intercepts were included at the family level and slopes at the
individual level to account for variability. Week average wake time, daily wake times, and

weekday/weekend status, were adjusted within the model (Charles et al., 2020). Regression
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results are shown in Supplementary Table 4-2. To calculate the cortisol slope in each interval,
we combined fixed- and random-effects estimates, providing individual-specific cortisol
patterns. CAR represents the initial 0-0.5 hour post-wake increase, followed by early DCS from
0.5to 4.5 hours, mid DCS from 4.5 to 15 hours, and late DCS after 15 hours. Individual cortisol
levels at specific time points were used to compute the AUC, utilizing the trapezoidal method
from wake to bedtime (Pruessner et al., 2003). For individuals whose bedtime occurred more
than 15 hours after awakening, the areas from 4.5 to 15 hours post-awakening and from 15
hours post-awakening to bedtime were calculated separately and then summed. CDR was
calculated as the log-transformed difference between peak and nadir cortisol levels. For
comparison, cortisol parameters were standardized (Charles et al., 2020; Kumari et al., 2011).
4.2.2.4 SES

In addition to utilizing objective SES indicators, metrics assessing respondents' relative
deprivation were integrated into the composite SES variable construction. This integration
aimed to reflect respondents' broader methodologies, capabilities, and mental resources for
addressing health risks (Marmot, 2005). The integration of both objective SES indicators and
relative deprivation indicators to construct SES have been employed in previous studies,
which identified significant associations between the composite indices and various health
outcomes (Glover et al., 2023; Gruenewald et al., 2012; Surachman et al., 2019). There were
three SES periods: childhood, adulthood in MIDUS 1 and MIDUS 2. Each SES indicator was
recoded into an index ranging from 0 to 2, where O represented high SES conditions, 1
represented middle SES conditions, and 2 signified the low SES conditions. Childhood SES was
collected retrospectively during the MIDUS 1 period, including the highest level of parental
education (0O=bachelor's degree or more, 1=high school/GED/some college, 2=less than high

school), financial situation growing up (2 = a lot/somewhat/a little worse off than average
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family, 1 = same as average family, 0 = a lot/somewhat, a little better off than average family),
and father's/male head of the household’s occupation (O=managerial and professional
specialty occupations/technical, sales, and administrative support occupations/service
occupations, 1=operators, fabricators, and laborers/farming, forestry, and fishing
occupations, 2=precision production, craft, and repair occupations/experienced unemployed

not classified by occupations).

SES during adulthood (MIDUS 1 and MIDUS 2) included the income-to-needs ratio adjusted
for family size and year (O=affluent/adequate-income, 1=low-income, 2=poor/extreme
poverty) (United States Census Bureau, 2022), education (O=bachelor's degree or more,
1=high school/GED/some college, 2=less than high school), rating of current financial
situation (0O=best, 1=medium, 2=worst), money to meet needs (0=more than enough money,
1=just enough money, 2=not enough money), difficulty to pay monthly bills (O=not at all
difficult, 1=not very difficult/somewhat difficult, 2=very difficult), and occupation
(0=managerial and professional specialty occupations/technical, sales, and administrative
support occupations/service occupations, 1=operators, fabricators, and laborers/farming,
forestry, and fishing occupations, 2=precision production, craft, and repair

occupations/experienced unemployed not classified by occupations).



Table 4-1 SES indicators used to compute the latent SES score
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SES categories and values assigned

0 (High SES) 1 (Medium SES) 2 (Low SES)
SES indicators
Childhood SES
Highest level of parental
education (father's and bachelor's degree or more high school/GED/some college less than high school
mother's)

Financial level growing up

Father's/ male head of the

household’s

occupation

1.a lot better off,
2.somewhat better off, 4. same as average family
3.a little better off

1.managerial and professional

l.operators, fabricators and
specialty occupations,

laborers,
2.technical, sales and administrative

5.a little worse off,
6.somewhat worse off,

7.a lot worse off

1.precision production, craft and

repair occupations,



(Census 1980 classification)

*

Adulhood SES (MIDUS 1 &
MIDUS 2)

Income-to-needs ratio
adjusted for family size and
year

Highest level of education
Rating of current financial
situation

Money to meet needs
Difficulty to pay monthly

bills

support

3.service occupations

affluent/adequate-income

bachelor's degree or more

best

more than enough money

not at all difficult

occupations,

2.farming, forestry and fishing 2.experienced

occupations

low-income

high school/GED/some college

medium

just enough money

not  very

difficult

difficult/somewhat

unemployed

classified by occupations

poor/extreme poverty

less than high school

worst

not enough money

very difficult

133

not
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1.managerial and professional

Occupation (Census 1980 l.operators, fabricators and 1.precision production, craft and
specialty occupations,

classification for MIDUS 1, laborers, repair occupations,
2.technical, sales and administrative

Census 1990 classification 2.farming, forestry and fishing 2.experienced unemployed not
support occupations,

for MIDUS 2) * occupations classified by occupations

3.service occupations

*Noting that if a father/male head of the household never worked due to disability, addiction, or mental issues, they were classified as
unemployed. Occupational measures are in some sense transferable (Galobardes et al., 2006b). If they didn't work for other reasons like raising
children at home, the mother's/female head of the household’s occupation represented the father's/male head of the household’s when
childhood occupation variable was constructed (Galobardes et al., 2006b).

tNoting that if the current employment status of a respondent was unemployed, permanently disabled, never worked, or due to other reasons,
they were classified as unemployed. If they were temporarily laid off, on maternity or sick leave, or retired, their occupation was represented
by their last held position (Stone et al., 2014). If they were a homemaker or a part-time student, their spouse or partner's occupation was
represented (Galobardes et al., 2006b). The occupation of a full-time student was represented by their father's/male head of the household’s

occupation (Galobardes et al., 2006b).
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Confirmatory factor analysis (CFA) is a statistical method used to validate the structure of
latent variables by optimizing the measurement of their multidimensional aspects, thereby
simplifying their representation. Unlike other data reduction methods, such as principal
component analysis and exploratory factor analysis, which are more descriptive and focus on
elucidating relationships between variables that may represent underlying constructs, CFA
aims to assess the structural model of a construct (Bryant and Yarnold, 1995). We utilize CFA

to evaluate how well our SES variable set measures SES as a latent construct.

Initially, these metrics were utilized in measurement invariance tests, as prior research
employed identical item weights in computing the composite SES indices, assuming
measurement invariance across items and over time (Glover et al., 2023; Gruenewald et al.,
2012; Surachman et al., 2019). By explicitly examining the temporal invariance of the SES
factor structure and the factor loadings of each item, we aim to minimize the mis-specification
errors when estimating the SES structure across different adult periods. Subsequent steps
involved assessing configural invariance (identical factor structure), metric invariance
(identical factor loadings), scalar invariance (identical intercepts), and residual invariance
(identical residuals) (Meredith, 1993). Configural invariance assesses whether the same factor
structure (e.g. the same set of observed variables corresponds to the same underlying
constructs) holds across time, ensuring that the construct is defined similarly. Metric
invariance goes further by testing if factor loadings are equal across time. Scalar invariance
examines whether item intercepts are the same, allowing for valid comparisons of group
means. Finally, residual invariance tests if the measurement error, or residuals, are identical,

ensuring that any unexplained variance is consistent across groups.
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The significance of the x? change for two nested models was not only employed to assess the
performance of the test invariance, but the ARMSEA was also utilized to avoid the
oversensitivity of x? to minor variations in large samples. A change rate below 0.015 is deemed
acceptable (Putnick and Bornstein, 2016). Childhood SES was excluded from the
measurement invariance analysis due to the inconsistency of indicators constructing
childhood SES with those of adulthood. Supplementary Tables 3-3 and 4-3 reveal that,
compared to configural invariance, models fitting metric, scalar, and residual invariance are

less ideal, thus not supporting the hypothesis of measurement invariance.

Subsequently, the SES of different periods was fitted separately using CFA. A comparative fit
index (CFl) above 0.95 is considered an acceptable fit, and below 0.90 is perceived as a poor
fit, while a Tucker-Lewis Index (TLI) above 0.90 indicates well-fitting models. CFI compares the
fit of a proposed model to the fit of a baseline model and TLI also compares the fit of the
model to a baseline model but it adjusts for model complexity, penalizing overly complex
models. The root mean square error of approximation (RMSEA) is an absolute fit index that
evaluates how well the model fits the sample-based covariance matrix, considering the
complexity of the model. RMSEA below 0.08 is considered an acceptable fit (Hu and Bentler,
1999; Yuan et al., 2016). Table 4-2 shows that the fit statistics of SES across different periods

is satisfactory.
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Biomerker project stream

NSDE stream

SES items Childhood SES MIDUS 1SES MIDUS 2 SES  Childhood SES MIDUS 1 SES MIDUS 2 SES
Father education 0.810 0.847
Mother education 0.592 0.626
Financial status growing up 0.389 0.391
Father occupation 0.436 0.427

Rate current financial situation
Money to meet needs

How difficult to pay monthly bills
Education

Income-to-needs ratio

Occupation

0.434

0.445

0.411

0.321

0.642

0.307

0.339

0.386

0.262

0.456

0.439

0.357

0.411

0.487

0.314

0.299

0.596

0.272

0.342

0.487

0.266

0.443

0.446

0.314



Test statistic

Degrees of freedom
Comparative Fit Index (CFl)
Tucker-Lewis Index (TLI)
AlC

BIC

RMSEA

SRMR

1.283

1.000

1.00

6746.921

6784.478

0.00

0.01

20.82

4

0.981

0.93

8555.15

8636.331

0.069

0.022

4.641

4

0.999

0.997

9165.501

9246.565

0.014

0.011

15.524

0.979

0.937

8675.286

8714.938

0.08

0.031

11.002

0.994

0.976

11428.837

11514.836

0.039

0.015

4.744

0.999

0.997

11553.788

11639.177

0.013

0.011
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4.2.2.5 Covariates

To account for time-invariant covariates, our analyses of SES measures and cortisol
parameters and CP included controls for demographic and abuse-related variables. These
included sex (ref: male; comparison: female), race (ref: White; comparison: non-White),
parental emotional abuse, parental physical abuse, and living status with biological parents

(ref: no; comparison: yes) (Mills et al., 2019; Misiak et al., 2022).

For time-variant covariates, we further adjusted for age, marital status (ref: not married;
comparison: married) (Leonard et al., 2006; Rote, 2017), multimorbidity (ref: <2; comparison:
>2) (Mills et al., 2019), health insurance (ref: yes; comparison: no) (Meghani et al., 2012), and
CP (ref: no; comparison: yes) at different waves of the MIDUS study. Specifically, age, marital
status, and chronic conditions from MIDUS 1 were controlled for in analyzing the association
between SES in MIDUS 1, SES in MIDUS 2, and CP or biological dysregulations. Adjustments
were made for the association between MIDUS 2 SES and CP or cortisol parameters, including
age, marital status, chronic conditions, and health insurance. CP status (Mills et al., 2019) from

MIDUS 2 was also adjusted for; however, the latter two variables were not collected in MIDUS

Parental abuse was categorized into two continuous variables: emotional and physical abuse
(Li et al., 2021b). These were derived from averaging the reported abuse from both parents.
The scale ranges from 1 to 5, with 1 indicating no abuse and 5 indicating the most severe
abuse. Chronic condition index (Ryff et al., 2007) was coded as a binary variable to indicate
multimorbidity (Dominick et al., 2012). The chronic conditions included asthma, bronchitis,

emphysema, tuberculosis, other lung problems, joint or bone diseases, sciatica, lumbago,
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backache, skin trouble persistent, thyroid disease, hay fever, stomach trouble, urinary or
bladder, constipated all or most, gall bladder trouble, foot trouble persistent, varicose veins,
AlDs or HIV, lupus or autoimmune disorder, gum or mouth trouble, teeth trouble persistent,
high blood pressure or hypertension, anxiety or depression, alcohol or drug problem,
migraine headaches, chronic sleep problems, diabetes or high blood sugar, neurological
disorder, stroke, ulcer, hernia, piles or hemorrhoids, swallowing problems (Ryff et al., 2018).

The item of swallowing problems was not included in the chronic condition index at MIDUS 1.

In the association between AL and CP, we additionally controlled for physical activity levels,
smoking status (ref: current smoker; comparison: ex-smoker or non-smoker), drinking status
(ref: moderate or more drinker; comparison: light drinker, or non-drinker or rarely drink), as
well as medication use such as antihyperlipidemic agents, beta adrenergic blocking agents,
antihypertensive combinations, anxiolytics sedatives and hypnotics, antidiabetic agents, sex
hormones, thyroid hormones, antidepressants, and analgesics (ref: no; comparison: yes). In
the associations between cortisol parameters and CP, we additionally controlled for
medication use such as steroid inhalers, oral steroids, other hormonal medications,
antidepressants or anti-anxiety medications, and birth control pills (ref: no; comparison: yes).
Body mass index was also adjusted for. The total score for physical activity was calculated by
assigning different weights to responses from three questions that measured the frequency
of participation in light, moderate, and vigorous activities, reported in the main study survey.
Specifically, weights of 1, 3, and 5 were assigned to light, moderate, and vigorous activities,
respectively, to emphasize the increased significance of more intense physical efforts in the

overall score (Gruenewald et al., 2012).
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4.2.3 Statistical methods

All analyses were conducted using R Studio ‘Lavaan’ package and structural equation
modeling (SEM) was used (Rosseel, 2012). First, confirmatory factor analysis was employed
to measure latent variables for SES and to assess the efficacy of the single SES indicators used
in measuring SES as a whole. Then, path analysis was used to examine the chain of risk
additive model (see figure 4-2 a to e). In the context of a “chain of risk” framework, SEM
allows us to estimate how earlier exposures may mediate later outcomes while accounting
for complex interrelationships among exposures and mediators. We used separate path
models with a 'probit' link and treated the categorical dependent variables as binary variables

because 'Lavaan' is unavailable for multinomial outcomes.

We used the following approach to derive each component of the mediation model, including
the calculation of specific indirect effects and the subsequent estimation of total and
proportion-mediated effects. For childhood SES, we estimated its direct effect on chronic pain
outcomes, and then quantified three specific indirect effects: one operating via MIDUS 1 SES,
one via the MIDUS 2 SES, and one via the sequential chain through both MIDUS 1 SES and
MIDUS 2 SES. Each specific indirect effect was calculated as the product of the coefficients
linking the variables along that path, and their sum gave the total indirect effect for childhood
SES. Adding the direct effect to this total indirect effect yielded the total effect of childhood
SES on pain. We then expressed each pathway’s contribution as a proportion mediated, that
is, each specific indirect effect divided by the total effect, and also calculated the overall
mediated proportion. For MIDUS 1 SES, we applied the same logic: its direct effect on pain
and its indirect effect via MIDUS 2 SES were estimated, summed to derive its total effect, and

the single indirect pathway’s share of that total effect was computed as its proportion
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mediated. By the same token, mediation analyses for stress-related biomarkers were
conducted using an identical procedure. The proportion mediated is expected to fall between
0% and 100%, reflecting the extent to which the mediator accounts for the total effect.
However, when the direct and indirect effects operate in opposite directions, the mediated
proportion can exceed 100%. It may imply that the mediator is associated with the outcome

both as a mediator and through an additional, independent effect.

Although the counterfactual framework has become increasingly popular in epidemiology for
causal mediation analysis (Imai et al., 2010), it requires several strong identification
assumptions, most notably the absence of unmeasured confounding at each step of the
mediated pathway and the stability of treatment assignment. These assumptions can be
difficult to satisfy in observational settings, especially when multiple mediators are present
or mediators are correlated with one another. By contrast, path analysis within a structural
equation modeling framework provides a more direct way to model hypothesized chains of
risk with multiple mediators, as long as the relationships among exposures, mediators, and

outcomes are carefully specified.

Full information maximum likelihood (FIML) method was applied to all models to handle
missingness because it was found efficient under the assumptions of data being missing
completely at random or missing at random (Enders and Bandalos, 2001). In addition, while
FIML tends to have higher rejection rates compared to other missing data handling
techniques like listwise deletion, pairwise deletion, mean imputation, and similar response
pattern imputation, its parameter estimates are less biased and generally more efficient than

those from ad hoc methods (Enders, 2001). Also, the rejection advantage of listwise deletion,
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pairwise deletion, mean imputation, and similar response pattern imputation will disappear

as missing data increase (Enders, 2001).

To test the robustness of the estimations, we further fitted the path models with different
specifications. First, we used complete case analyses to detect biases from the FIML as a
missing data handling technique. Second, we employed maximum likelihood with robust
standard errors (MLR) as the estimator for the SEM with FIML to handle the missing values.
MLR is an approach for binary outcomes and is compatible with FIML as a missing data
handling technique in Lavaan settings. It has been shown to produce relatively unbiased
parameter estimates and standard errors compared to diagonally weighted least squares,
another technique for categorized and non-normally distributed data (Bandalos, 2014; Savalei

and Rosseel, 2022).

A comprehensive assessment of each model fit can be achieved by simultaneously evaluating
a set of specified indices. Generally, the CFl greater than 0.95 is considered acceptable fit and
less than 0.90 is perceived as poor fit and TLI greater than 0.90 indicates good fitting models.
The RMSEA less than 0.08 is considered acceptable fit (Hu and Bentler, 1999; Yuan et al., 2016).
As the number of variables within the model increases, the RMSEA improves, while the CFI

and TLI decrease (Kenny and McCoach, 2003).



Figure 4-2 Chain of risk additive model of SES
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MIDUS 2:
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MIDUS 2:
MIDUS 1: Age, marital status, multimorbidity,
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MIDUS 2:
MIDUS 1: Age, marital status, multimorbidity,
Age, marital status, multimorbidity chronic pain, health insurance
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4.3 Results

4.3.1 Descriptive statistics

Table 4-3 shows that there are significant differences in adulthood SES among samples from
the Biomarker Project stream based on pain interference and pain distribution in a body.
Childhood SES also differs significantly by the widespreadness of CP. Among participants with
no pain at follow-up, about 52% had a healthy AL profile, while 24% showed parasympathetic
and metabolic dysregulation. For participants with high interference CP and pain at three or
more sites, approximately 43-44% had a healthy AL profile, 25-26% exhibited

parasympathetic dysregulation, and 30-31% showed metabolic dysregulation.

Table 4-4 indicates significant differences in adulthood SES among samples from the NSDE
stream based on pain interference and the widespreadness of CP. Childhood SES also differs
significantly by the widespreadness of CP. Significant differences in CAR, AUC, and CDR are
observed across pain interference levels and pain regions. For example, individuals with more
severe pain conditions tend to have flatter CAR, narrower CDR, and smaller AUC. Additionally,
differences were found in late post-wake DCS. Individuals with no pain have a steeper late
post-wake DCS compared to those in the other two groups. Supplementary Tables 3-4 and 4-
4 summarize the descriptive statistics of confounding variables across levels of pain

widespreadness and pain interference.

Supplementary Tables 3-5 and 4-5 compare the characteristics of participants who were
retained with those who were lost to attrition. In the Biomarker Project stream, individuals

who were male, ethnically minoritized, older, unmarried, had experienced more parental



150

physical abuse in childhood, had more chronic conditions, and were more socioeconomically
disadvantaged both in childhood and at baseline were more likely to attrit. Participants in the
NSDE stream show a similar pattern, but those who lived with their biological parents during

childhood were more likely to attend the follow-up surveys.



151

Table 4-3 Analytic sample characteristics of SES and AL phenotype, stratified by CP conditions, among samples from Biomarker

Project stream

Pain interference No pain Low interference pain High interference pain
Variable N Mean SD N Mean SD N Mean SD Test
Childhood SES 479 -0.015 0.98 178 -0.031 1 97 0.15 1.1 F=1.159
MIDUS 1 SES 517 -0.1 0.9 193  -0.018 1 99  0.39 1.2 F=10.676"""
MIDUS 2 SES 511 -0.13 089 194 -0.013 098 98  0.46 1.2 F=15.855"""
AL 490 192 99 X?=3.538
Baseline 255 52% 99 52% 43 43%
Parasympathetic Dysregulation 119 24% 49 26% 25 25%
Metabolic Dysregulation 116 24% 44 23% 31 31%
Pain locations No pain 1-2 3+
Variable N Mean SD N Mean SD N Mean SD Test
Childhood SES 479 -0.015 098 175 -0.1 1 110 0.27 0.95 F=5.043""



MIDUS 1 SES 517
MIDUS 2 SES 511
AL 490

Baseline 255

Parasympathetic Dysregulation 119

Metabolic Dysregulation 116

-0.1

-0.13

52%

24%

24%

0.9

0.89

190

189

195

99

49

47

-0.062

0.011

51%

25%

24%

0.86

0.96

116

114

108

48

28

32

0.47

0.43

44%

26%

30%

14

1.2
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F=16.535"""
F=16.144"""

X?=2.423

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001; N denotes the number of observations and SD denotes standard deviation;

The “Test” column indicates the statistical test used to compare groups (e.g., ANOAV test and chi-square test), depending on variable type

and distribution.
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Table 4-4 Analytic sample characteristics of SES and diurnal cortisol parameters, stratified by CP conditions, among samples from

NSDE stream

CP interference No pain Low interference pain High interference pain

Variable (standardized) N Mean Sd N Mean Sd N Mean Sd Test

SES

Childhood SES 599 -0.038 0.990 227 -0.007 1.00 125 0.150 1.000 F=1.843
MIDUS 1 SES 663 -0.110 0.870 254 0.007 1.10 137 0.380 1.100 F=14.541"""
MIDUS 2 SES 640 -0.120 0.920 255 -0.026 1.00 135 0.500 1.100 F=22.902"""
Diurnal cortisol parameters

CAR 697 0.047 0.960 276 -0.002 1.000 150 -0.220 1.200 F=4.253"
Early post-wake DCS 697 -0.024 0.990 276 -0.058 0.980 150 0.120 1.100 F=1.676
Mid post-wake DCS 697 -0.038 0.990 276 -0.038 0.990 150 0.140 1.000 F=2.086
Evening DCS 697 -0.056 1.000 276 0.049 0.950 150 0.110 0.910 F=2.385
CDR 697 0.084 0.940 150 -0.300 1.100 276 -0.033 1.100 F=9.519""
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AUC 696 0.029 0.960 150 -0.180 1.200 275 0.038 1.000 F=2.885"
CP locations No pain 1-2 3 or more

Variable (standardized) N Mean Sd N Mean Sd N Mean Sd Test

SES

Childhood SES 599 -0.038 0.990 226 -0.082 1.000 148 0.340 0.950 F=9.728"
MIDUS 1 SES 663 -0.110 0.870 248 -0.053 0.920 167 0.480 1.400 F=24.472"""
MIDUS 2 SES 640 -0.120 0.920 248 -0.043 0.940 161 0.500 1.200 F=26.481""
Diurnal cortisol parameters

CAR 697 0.047 0.960 274 0.024 0.940 177 -0.190 1.200 F=4.148""
Early post-wake DCS 697 -0.024 0.990 274 -0.056 0.950 177 0.110 1.100 F=1.73

Mid post-wake DCS 697 -0.038 0.990 274 -0.022 0.950 177 0.130 1.000 F=2.036
Evening DCS 697 -0.056 1.000 274 0.091 0.940 177 0.091 0.920 F=3.034"
CDR 697 0.084 0.94 274 -0.01 0.98 177 -0.27 1.2 F=9.021""
AUC 696 0.029 0.96 273 0.095 0.95 177 -0.2 1.2 F=4.922"""
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Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001; N denotes the number of observations and SD denotes standard deviation; The “Test”
column indicates the statistical test used to compare groups (e.g., ANOAV test and chi-square test), depending on variable type and distribution.

Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase of one standard
deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR indicates a wider CDR, while one standard deviation increase in AUC indicates

a larger AUC.
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4.3.2 Path analysis results for the Biomarker Project (AL) stream

Path analysis found that people who lived in lower SES during their early life stage had an
increased likelihood of continuing to live in lower SES in adulthood. Lower SES in MIDUS 2 was
associated with high interference pain (direct path: f, =0.058, SE=0.017), and socioeconomic
disadvantage in MIDUS 2 completely mediates the impact of low childhood SES (indirect path:
cf, B=0.012, SE=0.004) and MIDUS 1 SES (indirect path: bf, B=0.023, SE=0.007) on high
interference pain (see Figure 4-3 (a)). Additionally, low SES in childhood was associated with
high interference CP completely through socioeconomic disadvantages in MIDUS 1 and
MIDUS 2 (indirect path: abf, B=0.005, SE=0.002). In the sensitivity analyses, the associations
remained significant, indicating the missing values or nonnormality may not bias the results

(please refer to Supplementary Table 3-6).

Also, Figure 4-3 (c) shows that low MIDUS 2 SES is associated with 3 or more pain sites (direct
path: f, $=0.037, SE=0.018). The impact of socioeconomic disadvantage in MIDUS 1 on
multiple pain sites is completely transmitted through MIDUS 2 SES (indirect path: bf, B=0.015,
SE=0.007). However, the associations were not statistically significant in the complete-case

sample or with the MLR estimator (please refer to Supplementary Table 3-6).

The results also indicate that a lower degree of MIDUS 2 SES is associated with 1-2 pain sites
(direct path: f, B=0.048, SE=0.022), and childhood (indirect path: cf, =0.009, SE=0.004) and
MIDUS 1 (indirect path: bf, =0.019, SE=0.009) socioeconomic disadvantages completely
transmit through MIDUS 2 SES (Details see Figure 4-3 (d)). In the sensitivity analyses, the

associations remained significant (please refer to Supplementary Table 3-6).
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Supplementary Tables 3-9 present the covariate associations within the main associations
between lifecourse SES and CP, which remained robust following sequential sensitivity
analyses. Among participants in the Biomarker Project stream, being female, having
multimorbidity in MIDUS 1 and MIDUS 2, being unmarried in MIDUS 2, and having CP in
MIDUS 2 increased the likelihood of experiencing high interference CP in MIDUS 3.
Additionally, participants with CP and multimorbidity in MIDUS 2 were more likely to have 1-

2 pain locations.
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Figure 4-3 Path analysis of SES and CP among sample of Biomarker Project stream

(a) SES pathways to high interference chronic pain

¢=0.202 (0.038)***

Childhood SEs 222220080™ \1q sps 203910080 15 Sk

€=0.010 (0.017) =0.058 (0.017)**

d=-0.011(0.015) M3 High interference pain

Indirect effect: ab=0.083 (0.018)***, 2e=0.002 (0.004), abf=0.005 (0.002)**, cf=0.012 (0.004)**,
bf=0.023 (0.007)**; Total effect (starting at childhood)=0.008 (0.015), (i) proportion mediated
(ae)=0.277 (0.697), (ii) proportion mediated (cf)=1.488 (2.838), (iii) proportion mediated (abf)=0.610
(1.172), (i)+(ii)+(iii)=2.376 (4.506); Total effect (starting at MIDUS 1)=0.033 (0.016)*, (i) proportion
mediated (bf)=0.688 (0.393).. Chi-square (DF)=243.025 (59), CFI=0.964, TLI=0.934, RMSEA=0.070.

(c) SES pathways to chronic pain with 3+ locations

¢=0.190 (0.038)***

Childhood SES 222 000™ g sps  DRA0200059™ 1 s

€=0.031 (0.017). =0.037 (0.018)*

d=-0.010(0.016) M3 3+ pain locations

Indirect effect: ab=0.085 (0.020)***, ae=0.007 (0.004)., abf=0.003 (0.002)., cf=0.007 (0.004)., bf=0.015
(0.007)*; Total effect (starting at childhood)=0.027 (0.016)., (i) proportion mediated (ae)=0.246 (0.197),
(ii) proportion mediated (cf)=0.259 (0.202), (iii) proportion mediated (abf)=0.116 (0.091),
(i)+(ii)+(iii)=0.621 (0.400); Total effect (starting at MIDUS 1)=0.046 (0.015)**, (i) proportion mediated
(bf)=0.321 (0.192).. Chi-square (DF)=241.949 (59), CFI=0.965, TLI=0.937, RMSEA=0.069.

Figure 4-3. a = a path, effect of childhood SES on M1 SES; b = b path, effect of M1 SES on M2 SES; ¢ =
effect of childhood SES on M2 SES; d = d path, effect of childhood SES on M3 pain outcomes; e = e path,
effect of M1 SES on M3 pain outcomes; f = f path, effect of M2 SES on M3 pain outcomes; ab = indirect
effect of childhood SES on M2 SES via M1 SES; ae = indirect effect of childhood SES on M3 pain outcomes
via M1 SES; abf = indirect effect of childhood SES on M3 pain outcomes via M1 SES and M2 SES; cf =
indirect effect of childhood SES on M3 pain outcomes via M2 SES; bf = indirect effect of M1 SES on M3
pain outcomes via M2 SES; Abbreviations and Notes: SES = socioeconomic status; M = MIDUS. Values are

dardized path esti standard errors are in parentheses; . = p<0.10, * = p<0.05, ** = p<0.01,
*** = p<0.001.

(b) SES pathways to low interference chronic pain

¢=0.177 (0.034)***

Childhood SES 22 O0™ g sps 220408 00™ 1) s

e=-0.004 (0.021) =0.026 (0.022)

d=-0.015(0.019) M3 Low interference pain

Indirect effect: ab=0.079 (0.017)***, ae=-0.001 (0.004), abf=0.002 (0.002), cf=0.005 (0.004), bf=0.010
(0.009); Total effect (starting at childhood)=-0.009 (0.018), (i) proportion mediated (ae)=0.074
(0.473), (ii) proportion mediated (cf)=-0.494 (1.062), (iii) proportion mediated (abf)=-0.220 (0.472),
(i)+(ii)+(iii)=-0.640 (1.385); Total effect (starting at MIDUS 1)=0.007 (0.019), (i) proportion mediated
(bf)=1.506 (4.399). Chi-square (DF)=252.004 (59), CFI=0.966, TLI=0.938, RMSEA=0.067.

(d) SES pathways to chronic pain with 1-2 locations

€=0.190 (0.034)***

Childhood SEs 22220081 M1 sgs 203000038 oy sEs
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e=-0.027 (0.022)
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Indirect effect: ab=0.078 (0.016)***, ae=-0.005 (0.005), abf=0.004 (0.002)**, cf=0.009 (0.004)*, bf=0.019
(0.009)*; Total effect (starting at childhood)=-0.018 (0.018), (i) proportion mediated (ae)=0.301 (0.387),
(i) proportion mediated (cf)=-0.503 (0.555), (iii) proportion mediated (abf)=-0.207 (0.226), (i)+(ii)+(iii)=-
0.409 (0.523); Total effect (starting at MIDUS 1)=-0.008 (0.020), (i) proportion mediated (bf)=-2.206
(5.417). Chi-square (DF)=255.734 (59), CFI=0.965, TLI=0.937, RMSEA=0.069.

Covariates Sex, race, parental emotional abuse, parental physical abuse, and whether the participant
lived with both biological parents during childhood, age, marital status, multimorbidity, health insurance
at MIDUS 2, and CP status at MIDUS 2
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In the analysis of the association between SES and AL across the life course, we found that
low childhood SES was associated with metabolic dysregulation of AL (direct path: d, =0.046,
SE=0.021). Low SES in MIDUS 2 was associated with metabolic dysregulation of AL (direct path:
f, B=0.045, SE=0.023) (See Figure 4-4 (a)). In the sensitivity analyses, the associations
remained significant (please refer to Supplementary Table 3-7). No mediating effects of SES
in other life stages on metabolic dysregulation of AL were observed. Supplementary Tables 3-
9 present the covariate associations within the main associations between lifecourse SES and
AL, which remained robust following sequential sensitivity analyses. Females were less likely
to have metabolic dysregulation related to AL, whereas participants with multimorbidity were

more likely to experience metabolic dysregulation of AL.



Figure 4-4 Path analysis of SES and AL phenotype

(a) SES pathways to metabolic dysregulation subtype of allostatic load

c=0.174 (0.041)***
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Indirect effect: ab=0.080 (0.019)***, ae=0.001 (0.004), abf=0.004 (0.002)., cf=0.008 (0.004)., bf=0.018
(0.010).; Total effect (starting at childhood)=0.058 (0.020)**, (i) proportion mediated (ae)=0.009
(0.077), (ii) proportion mediated (cf)=0.135 (0.088), (iii) proportion mediated (abf)=0.062 (0.042).,
(i)+(ii)+(iii)=0.207 (0.125).; Total effect (starting at MIDUS 1)=0.021 (0.020), (i) proportion mediated
(bf)=0.872 (0.958). Chi-square (DF)=233.083 (59), CFI=0.963, TLI=0.932, RMSEA=0.070.

Figure 4-4. a = a path, effect of childhood SES on M1 SES; b = b path, effect of M1 SES on M2 SES; ¢ =
effect of childhood SES on M2 SES; d = d path, effect of childhood SES on M2 AL outcomes; e = e path,
effect of M1 SES on M2 AL outcomes; f = f path, effect of M2 SES on M2 AL outcomes; ab = indirect effect
of childhood SES on M2 SES via M1 SES; ae = indirect effect of childhood SES on M2 AL outcomes via M1
SES; abf = indirect effect of childhood SES on M2 AL outcomes via M1 SES and M2 SES; cf = indirect effect
of childhood SES on M2 AL outcomes via M2 SES; bf = indirect effect of M1 SES on M2 AL outcomes via
M2 SES; Abbreviations and Notes: SES = socioeconomic status; AL = allostatic load; M = MIDUS. Values are
unstandardized path estimates; standard errors are in parentheses; . = p<0.10, * = p<0.05, ** = p<0.01,
*** = p<0.001.

(b) SES pathways to parasympathetic dysregulation subtype of allostatic load
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Indirect effect: ab=0.062 (0.017)***, ae=-0.001 (0.004), abf=0.002 (0.002), cf=0.007 (0.005), bf=0.011
(0.008); Total effect (starting at childhood)=-0.032 (0.021), (i) proportion mediated (ae)=-0.040 (0.134),
(ii) proportion mediated (cf)=-0.210 (0.213), (iii) proportion mediated (abf)=-0.062 (0.064), (i)+(ii)+(iii)=-
0.232 (0.253); Total effect (starting at MIDUS 1)=0.004 (0.022), (i) proportion mediated (bf)=2.802
(15.675). Chi-square (DF)=262.630 (59), CFI=0.958, TLI=0.923, RMSEA=0.075.

Covariates Sex, race, parental emotional abuse, parental physical abuse, and whether the participant
lived with both biological parents during childhood, age, marital status, multimorbidity, health insurance
at MIDUS 2, and CP status at MIDUS 2
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Regarding the association between AL and CP, the metabolic dysregulation phenotype is
associated with higher odds of high interference pain (=0.091, SE=0.040) (See Table 4-5). In
the sensitivity analyses, the associations remained significant (please refer to Supplementary

Table 3-8).
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Table 4-5 Path analysis of AL and CP outcomes

Pain: high pain interference Estimate Standard error P-value

AL - metabolic dysregulation 0.091 0.040 0.038
Chi-square (df)=298.784 (175); CFI=0.956; TLI=0.939; RMSEA=0.045
AL - parasympathetic dysregulation 0.019 0.038 0.615

Chi-square (df)=328.786 (175); CFI=0.947; TLI=0.926; RMSEA=0.050

Pain: low pain interference Estimate Standard error P-value

AL - metabolic dysregulation -0.057 0.052 0.269
Chi-square (df)=311.466 (175); CFI=0.958; TLI=0.942; RMSEA=0.044
AL - parasympathetic dysregulation -0.010 0.049 0.844

Chi-square (df)=313.862 (175); CFI=0.958; TLI=0.942; RMSEA=0.043

Pain: 3+ pain locations Estimate Standard error P-value

AL - metabolic dysregulation 0.014 0.043 0.667
Chi-square (df)=307.591 (175); CFI=0.956; TLI=0.939; RMSEA=0.046
AL - parasympathetic dysregulation -0.043 0.041 0.291

Chi-square (df)=300.987 (175); CFI=0.957; TLI=0.940; RMSEA=0.044

Pain: 1-2 pain locations Estimate Standard error P-value

AL - metabolic dysregulation -0.018 0.051 0.720
Chi-square (df)=293.542 (175); CFI=0.962; TLI=0.947; RMSEA=0.041
AL - parasympathetic dysregulation 0.013 0.049 0.796

Chi-square (df)=331.004 (175); CFI=0.953; TLI=0.935; RMSEA=0.046
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There are significant associations between SES and high interference CP, between SES and
metabolic dysregulations of AL, and between metabolic dysregulations of AL and high
interference CP, suggesting that metabolic dysregulations of AL may be a potential mediator
between SES and high interference CP. However, we did not find the mediating role of
metabolic dysregulations of AL in the association between life course SES and high

interference CP (See Figure 4-5).
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Figure 4-5 Path analysis of the mediation effects of AL
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g=-0.001 (0.018) h=-0.011 (0.021) i=0.082 (0.037)*

v
M3 High interference pain

Mediation effects of AL

Total effect (starting at childhood SES)=0.016 (0.018); Indirect effects: aei=0.000 (0.001), cfi=0.000 (0.000),
abfi=0.000 (0.000), di=0.004 (0.003); (i) proportion mediated (di)=0.232 (0.298), (ii) proportion mediated (aei)=0.019
(0.038), (iii) proportion mediated (cfi)=0.007 (0.031), (iv) proportion mediated (abfi)=0.003 (0.012); Total effect
(starting at M1 SES)=0.011 (0.020); Indirect effects: ei=0.001 (0.002), bfi=0.000 (0.001); (i) proportion mediated (ei)=-
0.139 (0.324), (ii) proportion mediated (bfi)=0.019 (0.089); Total effect (starting at M2 SES)=0.051 (0.021)*; Indirect
effects: fi=0.001 (0.002); (i) proportion mediated (fi)=0.010 (0.043); Chi-square (DF)=367.882 (202), CFI=0.952,
TFL=0.929, RMSEA=0.044.

Figure 4-5. a = effect of childhood SES on M1 SES, b = effect of M1 SES on M2 SES, c = effect of childhood SES on M2
SES, d = effect of childhood SES on AL, e = effect of M1 SES on AL, f = effect of M2 SES on AL, g = effect of childhood
SES on pain, h = effect of M1 SES on pain, j = effect of M2 SES on pain, i = effect of AL on pain, aei= = indirect effect of
childhood SES on the pain outcome via M1 SES and AL, cfi = indirect effect of childhood SES on the pain outcome via
M2 SES and AL, abfi = indirect effect of childhood SES on the pain outcome via M1 and M2 SES and AL, di = indirect
effect of childhood SES on the pain outcome via AL, ei = indirect effect of M1 SES on the pain outcome via M2 SES, bfi
indirect effect of M1 SES on the pain outcome via M2 SES and AL, fi = indirect effect of M2 SES on the pain outcome
via AL; Abbreviations and Notes: SES = socioeconomic status; AL = allostatic load; M = MIDUS. Values are
unstandardized path estimates; standard errors are in parentheses; . = p<0.10, * = p<0.05, ** = p<0.01, *** = p<0.001.
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4.3.3 Path analysis results for the NSDE stream

Path analysis results indicate that early socioeconomic disadvantage increases the likelihood
of socioeconomic disadvantage in adulthood. Individuals with lower SES during MIDUS 2 are
more likely to experience high interference CP (direct path: f, B=0.055, SE=0.016) and multiple
pain sites (direct path: f, =0.035, SE=0.016) (See Figure 4-6 (a), (c)). In the sensitivity analyses,
the associations remained significant (please refer to Supplementary Table 4-6). Furthermore,
a significant association was found between low SES in MIDUS 1 and 3 or more pain sites
(direct path: e, B=0.033, SE=0.015). However, in the sensitivity analyses, the association

became insignificant (please refer to Supplementary Table 4-6).

SES in MIDUS 2 completely mediated the associations between childhood SES and high
interference CP (Figure 4-6 (a), indirect path: cf, =0.010, SE=0.004), as well as CP with 3 or
more pain sites (Figure 4-6 (c), indirect path: cf, =0.007, SE=0.003), and between MIDUS 1
SES and high interference CP (Figure 4-6 (a), indirect path: bf, B=0.024, SE=0.007) and CP with
3 or more pain sites (Figure 4-6 (c), indirect path: bf, =0.015, SE=0.007). Additionally, SES in
both MIDUS 1 and MIDUS 2 jointly and completely mediated the effects of childhood SES on
high interference CP (Figure 4-6 (a), indirect path: abf, B=0.005, SE=0.002). In the sensitivity
analyses, the results remained significant. No other mediation pathways were found to be
significant in both the main analyses and sensitivity analyses (please refer to Supplementary

Table 4-6).

Supplementary Tables 4-9 present the covariate associations within the main associations

between lifecourse SES and CP, which remained robust following sequential sensitivity
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analyses. Among participants in the NSDE stream, having multimorbidity in MIDUS 1 and
having no health insurance in MIDUS 2 increased the likelihood of experiencing high
interference CP and 3 or more pain sites in MIDUS 3. Additionally, participants with CP in

MIDUS 2 were more likely to have 3 or more pain sites.



(a) SES pathways to high interference chronic pain

c=0.187 (0.034)***

=0. .036)*** =0. X ey
Childhood SEs o222 000™ 11 sps 2043900 1) sk

=0.025 (0.016) £=0.055 (0.016)**

¢=0012(0.014) M3 High interference pain

Indirect effect: ab=0.083 (0.017)***, 2e=0.005 (0.003), abf=0.005 (0.002)**, cf=0.010 (0.004)**,
bf=0.024 (0.007)**; Total effect (starting at childhood)=0.007 (0.014), (i) proportion mediated
(ae)=0.640 (1.286), (ii) proportion mediated (cf)=1.414 (2.728), (iii) proportion mediated (abf)=0.629
(1.215), (i)+(ii)+(iii)=2.684 (5.129); Total effect (starting at MIDUS 1)=0.049 (0.015)**, (i) proportion
mediated (bf)=0.496 (0.210)*. Chi-square (DF)=329.956 (59), CFI=0.958, TFL=0.923, RMSEA=0.076.

(c) SES pathways to chronic pain with 3+ locations

¢=0.191 (0.033)***

Childhood SEs 2220000 1 sgs 2042610030 M1 sEs
€=0.033 (0.015)* £=0.035 (0.016)*

d=0.013 (0.015) M3 3+ pain locations

Indirect effect: ab=0.082 (0.018)***, ae=0.006 (0.003)*, abf=0.003 (0.001)*, cf=0.007 (0.003)*, bf=0.015
(0.007)*; Total effect (starting at childhood)=0.029 (0.014)*, (i) proportion mediated (ae)=0.221 (0.148),
(ii) proportion mediated (cf)=0.231 (0.158), (i) proportion mediated (abf)=0.099 (0.068),
(i)+(ii)+(iii)=0.551 (0.301).; Total effect (starting at MIDUS 1)=0.048 (0.013)***, (i) proportion mediated
(bf)=0.310 (0.167).. Chi-square (DF)=333.338 (59), CFI=0.960, TFL=0.926, RMSEA=0.075.

Figure 4-6. a = a path, effect of childhood SES on M1 SES; b = b path, effect of M1 SES on M2 SES; ¢ =
effect of childhood SES on M2 SES; d = d path, effect of childhood SES on M3 pain outcomes; e = e path,
effect of M1 SES on M3 pain outcomes; f = f path, effect of M2 SES on M3 pain outcomes; ab = indirect
effect of childhood SES on M2 SES via M1 SES; ae = indirect effect of childhood SES on M3 pain outcomes
via M1 SES; abf = indirect effect of childhood SES on M3 pain outcomes via M1 SES and M2 SES; cf =
indirect effect of childhood SES on M3 pain outcomes via M2 SES; bf = indirect effect of M1 SES on M3
pain outcomes via M2 SES; Abbreviations and Notes: SES = socioeconomic status; M = MIDUS. Values are

dardized path d errors are in parentheses; . = p<0.10, * = p<0.05, ** = p<0.01,
**% = p<0.001.

Figure 4-6 Path analysis of SES and CP among sample of NSDE stream

(b) SES pathways to low interference chronic pain
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ds:0.013(0.017) M3 Low interference pain

Indirect effect: ab=0.056 (0.015)***, ae=0.002 (0.003), abf=0.000 (0.001), cf=0.000 (0.003), bf=0.001
(0.008); Total effect (starting at childhood)=-0.009 (0.016), (i) proportion mediated (ae)=-0.174
(0.422), (i) proportion mediated (cf)=-0.043 (0.386), (iii) proportion mediated (abf)=-0.013 (0.120),
(i)+{ii)+(iii)=-0.230 (0.603); Total effect (starting at MIDUS 1)= 0.013 (0.017), (i) proportion mediated
(bf)= 0.071 (0.643). Chi-square (DF)=317.730 (59), CFI=0.964, TFL=0.934, RMSEA=0.069.

(d) SES pathways to chronic pain with 1-2 locations
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Indirect effect: ab=0.061 (0.014)***, ae=0.000 (0.003), abf=0.001 (0.001), cf=0.003 (0.004), bf=0.007
(0.008); Total effect (starting at childhood)=-0.021 (0.017), (i) proportion mediated (ae)=-0.021 (0.139),
(ii) proportion mediated (cf)=-0.146 (0.203), (iii) proportion mediated (abf)=-0.049 (0.069), (i)+(ii)+(iii)=-
0.027 (0.267); Total effect (starting at MIDUS 1)=0.010 (0.018), (i) proportion mediated (bf)=0.696
(1.479). Chi-square (DF)=324.946 (59), CFI=0.962, TFL=0.931, RMSEA=0.070

Covariates Sex, race, parental | abuse, p physical abuse, and whether the participant
lived with both biological parents during childhood, age, marital status, multimorbidity, health i e
at MIDUS 2, and CP status at MIDUS 2

167



168

Figure 4-7 shows the path analyses of lifecourse SES and cortisol parameters. We found that
SES in MIDUS 2 was directly associated with mid post-wake DCS (Figure 4-7 (c), direct path: f,
B=0.099, SE=0.038) and CDR (Figure 4-7 (e), direct path: f, =0.114, SE=0.038), and these
associations were also significant in different model specifications for sensitivity analyses
(please refer to Supplementary Table 4-7). SES in MIDUS 2 mediated the effects of childhood
SES and MIDUS 1 SES on mid post-wake DCS and CDR (See Figures 4-7 (3) and (5), indirect
paths cf and bf), respectively, with results from sensitivity analyses remaining significant.
However, SES in both MIDUS 1 and MIDUS 2 jointly and completely mediated the effects of
childhood SES on CDR (Figure 4-7 (e), indirect path: abf, =0.008, SE=0.003), while the joint
mediation effects of SES in both MIDUS 1 and MIDUS 2 on the association between childhood
SES and mid post-wake DCS were less robust (Figure 4-7 (c), indirect path: abf, $=0.007,
SE=0.003). The associations between lifecourse SES, CAR, early post-wake DCS, and AUC were

not robust.

Supplementary Tables 4-9 present the covariate associations within the main associations
between lifecourse SES and cortisol parameters, which remained robust following sequential
sensitivity analyses. Among participants in the NSDE stream, those who were female, older at
MIDUS 1, and unmarried at MIDUS 2 had steeper mid post-wake DCS slopes. In contrast,
individuals who were from minoritized ethnic groups and older at MIDUS 2 had flatter mid
post-wake DCS slopes. Additionally, females and older participants at MIDUS 2 had narrower

CDR, while younger individuals at MIDUS 1 had wider CDR.



Figure 4-7 Path analysis of SES and cortisol parameters

(a) SES pathways to cortisol awakening response
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Indirect effect: ab=0.070 (0.015)***, ae=-0.006 (0.006), abf=-0.004 (0.003), cf=-0.012 (0.007), bf=-
0.027 (0.016).; Total effect (starting at childhood)=-0.019 (0.033), (i) proportion mediated (ae)=0.331
(0.649), (ii) proportion mediated (cf)=0.628 (1.151), (iii) proportion mediated (abf)=0.234 (0.429),
(i)+(ii)+(iii)=1.192 (2.103); Total effect (starting at MIDUS 1)=-0.065 (0.033)*, (i) proportion mediated
(bf)=0.414 (0.330). Chi-square (DF)=450.986 (59), CFI=0.957, TFL=0.921, RMSEA=0.076.

(c) SES pathways to mid post-wake diurnal cortisol slope
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Indirect effect: ab=0.070 (0.015)***, ae=0.000 (0.006), abf=0.007 (0.003)*, cf=0.019 (0.008)*, bf=0.041
(0.016)*; Total effect (starting at childhood)=-0.007 (0.033), (i) proportion mediated (ae)=0.059 (0.925),
(i) proportion mediated (cf)=-2.709 (13.252), (iii) proportion mediated (abf)=-1.005 (4.918), (i)+(ii)+(iii)=-
3.655 (17.878); Total effect (starting at MIDUS 1)= 0.039 (0.032) (i) proportion mediated (bf)= 1.062
(0.979). Chi-square (DF)=450.664 (59), CFI=0.957, TFL=0.921, RMSEA=0.076.

(b) SES pathways to early post-wake diurnal cortisol slope
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Indirect effect: ab=0.070 (0.015)***, ae=0.000 (0.006), abf=0.007 (0.003)*, cf=0.018 (0.008)*,
bf=0.039 (0.016)*; Total effect (starting at childhood)=0.006 (0.034), (i) proportion mediated
(ae)=0.067 (1.083), (ii) proportion mediated (cf)=2.938 (16.459), (iii) proportion mediated (abf)=1.089
(6.101), (i)+(ii)+(iii)=3.960 (22.161); Total effect (starting at MIDUS 1)= 0.037 (0.033), (i) proportion
mediated (bf)=1.065 (1.043). Chi-square (DF)=450.708 (59), CFI=0.957, TFL=0.921, RMSEA=0.076

(d) SES pathways to late post-wake diurnal cortisol slope
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Indirect effect: ab=0.070 (0.015)***, ae=0.001 (0.006), abf=0.003 (0.003), cf= 0.009 (0.007), bf=0.020
(0.016); Total effect (starting at childhood)=-0.021 (0.034), (i) proportion mediated (ae)=-0.066 (0.311),
(i) proportion mediated (cf)=-0.432 (0.765), (iii) proportion mediated (abf)=-0.161 (0.286), (i)+(ii)+(iii)=-
0.659 (1.130); Total effect (starting at MIDUS 1)=0.029 (0.033), (i) proportion mediated (bf)=0.709
(0.992). Chi-square (DF)=450.969 (59), CFI=0.957, TFL=0.921, RMSEA=0.076
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(e) SES pathways to cortisol dynamic range

¢=0.188 (0.028)***
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d=0.025 (0.034)* M2 CDR

Indirect effect: ab=0.070 (0.015)***, ae=-0.003 (0.006), abf=-0.008 (0.003)*, cf=-0.021 (0.008)**, bf=-
0.048 (0.016)**; Total effect (starting at childhood)=0.008 (0.033), (i) proportion mediated (ae)=0.405
(1.896), (ii) proportion mediated (cf)= 2.763 (11.878), (iii) proportion mediated (abf)= 1.028 (4.419).,
(i)+(ii)+(iii)=4.196 (17.999); Total effect (starting at MIDUS 1)=-0.066 (0.033)*, (i) proportion mediated
(bf)=0.717 (0.431).. Chi-square (DF)=450.902 (59), CFI=0.957, TFL=0.921, RMSEA=0.076.

Figure 4-7. a = a path, effect of childhood SES on M1 SES; b = b path, effect of M1 SES on M2 SES; ¢ =
effect of childhood SES on M2 SES; d = d path, effect of childhood SES on M2 cortisol outcomes; e = e
path, effect of M1 SES on M2 cortisol outcomes; f = f path, effect of M2 SES on M2 cortisol outcomes; ab
= indirect effect of childhood SES on M2 SES via M1 SES; ae = indirect effect of childhood SES on M2
cortisol outcomes via M1 SES; abf = indirect effect of childhood SES on M2 cortisol outcomes via M1 SES
and M2 SES; cf = indirect effect of childhood SES on M2 cortisol outcomes via M2 SES; bf = indirect effect
of M1 SES on M2 cortisol outcomes via M2 SES; Abbreviations and Notes: SES = socioeconomic status;
CAR = cortisol awakening response; DCS = diurnal cortisol slope; CDR = cortisol dynamic range; AUC = area
under curve; M = MIDUS. Values are unstandardized path estimates; standard errors are in parentheses; .
=p<0.10, * = p<0.05, ** = p<0.01, *** = p<0.001.

(e) SES pathways to area under diurnal cortisol curve
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Indirect effect: ab=0.070 (0.015)***, ae=-0.004 (0.006), abf=-0.005 (0.003)., cf=-0.015 (0.008)., bf=0.033
(0.016)*; Total effect (starting at childhood)=-0.017 (0.033), (i) proportion mediated (ae)=0.233 (0.582),
(i) proportion mediated (cf)=0.870 (1.766), (iii) proportion mediated (abf)=0.324 (0.657),
(i)+(ii)+(iii)=1.427 (2.844); Total effect (starting at MIDUS 1)=0.056 (0.033), (i) proportion mediated
(bf)=0.581 (0.455). Chi-square (DF)=450.890 (59), CFI=0.957, TFL=0.921, RMSEA=0.076

Covariates Sex, race, parental emotional abuse, parental physical abuse, and whether the participant
lived with both biological parents during childhood, age, marital status, multimorbidity, health insurance
at MIDUS 2, and CP status at MIDUS 2
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The results showed significant associations between CDR (B = -0.033, SE=0.013), AUC (B = -
0.033, SE=0.014), and the number of CP locations (see Table 4-6). Larger CDR and AUC values

predicted lower odds of having 3 or more pain locations.



Table 4-6 Path analysis of cortisol parameters and CP outcomes

Pain: high pain interference Estimate Standard error i
value

CAR -0.006 0.013 0.632

Chi-square (df)=445.040 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

Early post-wake DCS 0.023 0.013 0.070

Chi-square (df)=444.164 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

Mid post-wake DCS 0.020 0.013 0.131

Chi-square (df)=444.214 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

Late post-wake DCS 0.003 0.013 0.845

Chi-square (df)=444.841 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

CDR -0.022 0.014 0.110

Chi-square (df)=444.699 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

AUC -0.015 0.014 0.279
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Chi-square (df)=445.996 (154); CFI=0.943; TLI=0.921; RMSEA=0.055

Pain: low pain interference Estimate Standard error i
value

CAR -0.010 0.017 0.544

Chi-square (df)=398.863 (154); CFI=0.957; TLI=0.939; RMSEA=0.047

Early post-wake DCS -0.009 0.016 0.567

Chi-square (df)=398.170 (154); CFI=0.957; TLI=0.939; RMSEA=0.047

Mid post-wake DCS -0.005 0.016 0.738

Chi-square (df)=398.433 (154); CFI=0.957; TLI=0.939; RMSEA=0.047

Late post-wake DCS 0.017 0.016 0.287

Chi-square (df)=398.909 (154); CFI=0.957; TLI=0.939; RMSEA=0.047

CDR -0.013 0.017 0.420

Chi-square (df)=398.619 (154); CFI=0.957; TLI=0.939; RMSEA=0.047

AUC 0.002 0.017 0.910

Chi-square (df)=398.701 (154); CFI=0.957; TLI=0.939; RMSEA=0.047
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Pain: 3+ pain locations Estimate Standard error "
value

CAR -0.024 0.013 0.065

Chi-square (df)=432.056 (154); CFI=0.949; TLI=0.928; RMSEA=0.052

Early post-wake DCS 0.025 0.013 0.063

Chi-square (df)=430.823 (154); CFI=0.949; TLI=0.928; RMSEA=0.052

Mid post-wake DCS 0.024 0.013 0.078

Chi-square (df)=431.102 (154); CFI=0.949; TLI=0.928; RMSEA=0.052

Late post-wake DCS 0.011 0.013 0.426

Chi-square (df)=431.832 (154); CFI=0.949; TLI=0.928; RMSEA=0.052

CDR -0.033 0.013 0.014

Chi-square (df)=431.544 (154); CFI=0.949; TLI=0.928; RMSEA=0.052

AUC -0.033 0.013 0.015

Chi-square (df)=431.958 (154); CFI=0.949; TLI=0.928; RMSEA=0.052
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Pain: 1-2 pain locations Estimate Standard error i
value

CAR 0.010 0.017 0.561

Chi-square (df)=397.803 (154); CFI=0.956; TLI=0.938; RMSEA=0.047

Early post-wake DCS -0.013 0.016 0.427

Chi-square (df)=397.488 (154); CFI=0.956; TLI=0.938; RMSEA=0.047

Mid post-wake DCS -0.009 0.017 0.592

Chi-square (df)=397.459 (154); CFI=0.956; TLI=0.938; RMSEA=0.047

Late post-wake DCS 0.015 0.016 0.342

Chi-square (df)=397.891 (154); CFI=0.956; TLI=0.938; RMSEA=0.047

CDR 0.001 0.017 0.964

Chi-square (df)=397.620 (154); CFI=0.956; TLI=0.938; RMSEA=0.047

AUC 0.027 0.017 0.120

Chi-square (df)=397.772 (154); CFI=0.956; TLI=0.938; RMSEA=0.047
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Based on the main results presented in Figures 4-5, 4-6, and Table 4-6, as well as in
Supplementary Tables 4-6 through 4-8, CDR is considered a potential mediator in the
association between lifecourse SES and having three or more CP locations. However, there is
no evidence supporting the mediating role of the diurnal pattern of cortisol in the association

between life course SES and CP (See Figure 4-8).

Chapter 3 of the thesis found significant associations between early and mid post-wake DCSs
and pain in 3 or more locations among the participants without baseline pain. We tested the
mediation effects of the diurnal pattern of cortisol in the association between life course SES
and pain in 3 or more locations among the participants without baseline pain and found no

significant mediation effect of the diurnal pattern of cortisol (Supplementary Table 4-10).
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Figure 4-8 Path analysis of the mediation effects of CDR

c=0.188 (0.034)***

=0.188 (0.041)*** b=0. i ok
Childhood SES o PO My sps 2B OO™ 5 s

d=0.079 (0.040). €=0.042 (0.043) f=-0.138 (0.045)**

v

M2 CDR j=0.030 (0.016).

g=0.001 (0.015) h=0.034 (0.015)* i=-0.023 (0.012).

v

M3 3+ pain locations

Mediation effects of CDR

Total effect (starting at childhood SES)=0.015 (0.014); Indirect effects: aei=0.000 (0.000), cfi=0.001 (0.000),
abfi=0.000 (0.000), di=-0.002 (0.001); (i) proportion mediated (di)=-0.124 (0.153), (ii) proportion mediated (aei)=0.012
(0.018), (iii) proportion mediated (cfi)=0.041 (0.047), (iv) proportion mediated (abfi)=0.017 (0.019); Total effect
(starting at M1 SES)=0.047 (0.013)*; Indirect effects: ei=-0.001 (0.001), bfi=0.001 (0.001); (i) proportion mediated
(ei)=-0.020 (0.025), (ii) proportion mediated (bfi)=0.028 (0.019); Total effect (starting at M2 SES)=0.033 (0.016)*;
Indirect effects: fi=0.003 (0.002); (i) proportion mediated (fi)=0.096 (0.076); Chi-square (DF)=609.374 (175),
CFI=0.937, TFL=0.905, RMSEA=0.056.

Figure 4-8. a = effect of childhood SES on M1 SES, b = effect of M1 SES on M2 SES, c = effect of childhood SES on M2
SES, d = effect of childhood SES on AL, e = effect of M1 SES on AL, f = effect of M2 SES on AL, g = effect of childhood
SES on pain, h = effect of M1 SES on pain, j = effect of M2 SES on pain, i = effect of AL on pain, aei= = indirect effect of
childhood SES on the pain outcome via M1 SES and AL, cfi = indirect effect of childhood SES on the pain outcome via
M2 SES and AL, abfi = indirect effect of childhood SES on the pain outcome via M1 and M2 SES and AL, di = indirect
effect of childhood SES on the pain outcome via AL, ei = indirect effect of M1 SES on the pain outcome via M2 SES, bfi
indirect effect of M1 SES on the pain outcome via M2 SES and AL, fi = indirect effect of M2 SES on the pain outcome
via AL; Abbreviations and Notes: SES = socioeconomic status; CDR = cortisol dynamic range; M = MIDUS. Values are
unstandardized path estimates; standard errors are in parentheses; . = p<0.10, * = p<0.05, ** = p<0.01, *** = p<0.001.



178

4.4 Discussion

4.4.1 Discussion of lifecourse SES and CP

Utilizing MIDUS data, this study explored the prospective association between SES across the
life course and CP outcomes, and examined the potential mediating role of biological
dysregulations of stress response systems. The research not only identified a direct link
between recent socioeconomic disadvantages (MIDUS 2) and CP conditions but also
confirmed the mediating role of recent SES on SES in earlier adulthood. In both the Biomarker
Project stream and the NSDE stream, we observed a direct effect of recent SES (MIDUS 2) on
high interference CP. Additionally, MIDUS 2 SES served as a mediator for childhood SES and
MIDUS 1 SES. The effect of childhood SES on CP was also mediated by the combined influence
of MIDUS 1 and MIDUS 2 SES. However, in the Biomarker Project stream, recent SES was
associated with 1-2 CP locations, while in the NSDE stream, recent SES was linked to 3 or more

pain sites.

Our findings revealed that people with lower recent SES may have higher odds of having high
interference CP and more pain locations and previous lifecourse studies have also
documented similar associations. For example, using 1958 British Birth Cohort, a study found
being in a lower social class at age 42 was associated with a higher risk of CWP at age 45
(Macfarlane et al., 2009). In additional, our results confirmed the mediating effects of recent
SES on CP conditions among the participants in the Biomarker Project stream. Specifically, the
effects on high pain interference and pain widespreadness of childhood and MIDUS 1 SES
were totally mediated by recent SES. In spite of the potential mediating role of adulthood SES

suggested by previous studies, they did not formally examine the mediation effects of SES in
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later life stages (Goosby, 2013; Macfarlane et al., 2009). Using path analysis, our results may
support the chain of risk model of the life course (Ben-Shlomo et al., 2014, p. 1531). Early
socioeconomic disadvantages can influence the risk of having high interference pain in the

future through ongoing socioeconomic challenges.

The significant association of proximal SES, rather than distal SES, aligns with the broader
literature on the relationship between SES and health outcomes across the life course (Elo et
al., 2014; Pudrovska and Anikputa, 2014). Using a 10% household sample from the 1950
Finnish Census, research found that the association between childhood SES and mortality
after age 35 was significantly weakened once adult SES was taken into account (Elo et al.,
2014). Another study using data from the Wisconsin Longitudinal Study revealed that,
compared to SES from high school in 1957 and SES measured in 1975, the more recently
collected SES data from 1993 was directly associated with all-cause mortality. Furthermore,
the association between 1957 SES and mortality was fully mediated by SES in 1975 and 1993
combined (Pudrovska and Anikputa, 2014). These findings underscore the importance of
mitigating recent socioeconomic disadvantage across the life course as a preventative
approach for CP and suggest that interventions targeting SES during earlier periods may have

limited effects on CP prevention.

In our study on the widespreadness of CP, we found that lifecourse SES was associated with
1-2 pain sites in participants from the Biomarker Project stream, while in NSDE stream,
lifecourse SES was linked with pain in 3 or more sites. A possible explanation is that the
number of pain sites, rather than pain interference, may be more sensitive to biological

mechanisms associated with aging (Jay et al.,, 2019), potentially manifesting as an
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intensification of multimorbidity. In the associations between covariates and CP conditions,
it is possible that the synergy between multiple chronic conditions and low SES could be
related to widespreadness of pain. When comparing the significance of covariates related to
pain, we observed that the significance of the association between lifecourse SES and CP may

largely depend on the development of multiple chronic conditions from MIDUS 1 to MIDUS 2.

In NSDE stream participants, multiple chronic conditions at MIDUS 1 were significantly
associated with the number of pain sites at MIDUS 3 (P=0.019 for 1-2 pain sites; P=0.000 for
3 or more sites), suggesting that respondents had already experienced multimorbidity by
MIDUS 1. Therefore, when pain data were collected at MIDUS 3, pain was likely widespread
across multiple body areas. Conversely, in the Biomarker Project flow, multiple chronic
conditions at MIDUS 2 (rather than MIDUS 1) were associated with both 1-2 pain sites
(P=0.008) and 3 or more pain sites (P=0.047), indicating that multimorbidity may have
developed later, around MIDUS 2. Thus, by the time pain data were collected at MIDUS 3,
pain was more localized rather than widespread. This may explain the differences in the
association between lifecourse SES and the distribution of pain. Several cohort studies have
substantiated the relationship between SES and various chronic conditions (Kivimaki et al.,
2020). Our findings suggest that CP is both a symptom and a condition in its own right (Treede
et al., 2019). Low SES may limit individuals' access to resources, increasing their health risk
exposure and reducing their capacity to manage disease risks. Our results highlight the
importance of addressing the long-term healthcare needs of low-SES groups with

multimorbidity and secondary widespread pain.
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Following mechanisms may explain the association between SES and CP at certain anatomical
regions. A key pathway linking SES to CP at certain anatomical regions involves physically
demanding occupations common among lower SES groups. For instance, lower occupational
class is associated with higher prevalence of chronic low back pain, largely due to physical job
demands accelerating spinal wear-and-tear or causing lumbar injuries (Mehlum et al., 2008).
Additionally, repetitive arm movements, overhead work, or heavy tool use typical in lower-
status occupations significantly contribute to chronic shoulder and arm pain (Mehlum et al.,
2008). Similarly, physically strenuous work, particularly involving frequent squatting, kneeling,
or lifting, explains a substantial proportion of SES-related disparities in knee pain, and these

effects are amplified among individuals who are obese (Cutler et al., 2020).

Moreover, lower SES, particularly lower educational attainment, is linked to disparities in pain
management that may contribute to persistent pain in specific regions like the back, knees,
and hips. A 2022 scoping review found that lower SES, particularly lower education, limits
patients' access to appropriate CP management, including evidence-based treatments for
conditions like osteoarthritis and back pain (Atkins and Mukhida, 2022). Patients with less
education are more likely to be prescribed opioids due to limited awareness of their lower
effectiveness in managing pain and their potential side effects (Shmagel et al., 2018) and less
likely to receive referrals for surgery or rehabilitation. These disparities are especially harmful
for pain in the back, knees, and hips, where early, multidisciplinary intervention is essential

to prevent chronicity.

Previous studies suggest that compared to individuals who continually report no or only

minimal economic hardship, those reporting moderate or severe economic hardship at ages
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43 and 60-64 had a 2.9 times higher risk of CWP (Jay et al., 2019). However, previous studies
simply summed economic hardships from different periods, potentially overstating the effect
of economic hardships at 60-64 and understating the effect at age 43. For instance, compared
to those without economic hardship, individuals reporting the most severe economic
hardship at age 43 had a 340% higher risk of reporting CWP, a more significant effect than the
summed index of economic hardship across both periods. To our knowledge, this is the first
study to test the additive effects in the life course model between SES and CP. The additive
effect is directly reflected in the association between SES at different periods and pain
outcomes. Our study suggests that the additive effect of SES may emerge only in adulthood

and is likely contingent upon the extent of development of multiple chronic conditions.

4.4.2 Discussion of lifecourse SES and AL

Our results found that childhood SES and recent SES were directly associated with the
metabolic dysregulation phenotype of AL, and no indirect effects of life course SES on AL were
found. However, there is no evidence supporting the mediating role of AL in the association
between SES and CP. We might be the first in applying the life course model to the study of
the association between SES and AL. Although prior research has explored the relationship
between life course SES and AL, employing summative additive methods to operationalize
concurrent or lifetime socioeconomic disadvantages (Gruenewald et al., 2012; Gustafsson et
al., 2014; Lunyera et al., 2020) or inter-adjusting for SES across different periods (Robertson
et al., 2014), these studies either assumed equal weights of the components within
concurrent or lifetime socioeconomic disadvantages or failed to consider the sequential

relationships of SES over different periods, thus not examining formal life course models.
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Our findings that SES in childhood and MIDUS 2 is directly related to metabolic dysregulation
of AL support the cumulative effects of these periods on AL. A community-based study of
middle-aged and elderly African American adults found that lower SES was often associated
with higher AL scores in females, driven more by metabolic and immune dimensions than by
neuroendocrine dysregulation (Hickson et al., 2012), echoing our findings. The focus on
metabolic dysregulation under a chronic stress framework is increasingly becoming a focal
point for health interventions as it is associated not only with poorer mental health outcomes,
higher risks of cancer and cardiovascular diseases (Gluckman et al., 2009; Kappelmann et al.,
2021; Naaman et al., 2022), but also increased mortality risks (Carbone et al., 2023). Our study
used path analysis and controlled for potential confounders, further clarifying the association
between life course SES and AL. Efforts focused solely on recent SES risk exposure may not
effectively mitigate the adverse consequences of early-life SES disadvantages on AL. However,
addressing socioeconomic disadvantages both in childhood and recent years can help reduce

the risks of metabolic dysregulation, thereby enhancing overall health outcomes.

4.4.3 Discussion of lifecourse SES and cortisol parameters

To our knowledge, this study may be the first to examine the association between life course
SES and diurnal cortisol patterns using a community-based adult sample. The findings support
the risk chain model for mid post-wake DCS and CDR, but not the critical period or cumulative
effects hypotheses. The SES in MIDUS 2 is directly associated with mid post-wake DCS and
CDR. Moreover, SES in MIDUS 2 mediates the effects of childhood SES and SES in MIDUS 1 on
these variables. Additionally, the influence of childhood SES on CDR was solely through the
combined effects of SES in MIDUS 1 and MIDUS 2. Currently, there is ongoing debate

regarding how to measure DCS. By using segmented linear spline functions to model DCS, our
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model accounted for 76.1% of the variability. Additionally, this model allows for a more
detailed decomposition of DCS compared to the uniform DCS throughout the day decline,
providing deeper insights into the social patterns of DCS over different time periods and their

implications for health (Charles et al., 2020; Karlamangla et al., 2013; Ranjit et al., 2005b).

Our findings on the associations between lower SES and blunted mid post-wake DCS, rather
than CAR, early or late post-wake DCS, partly echoed those of previous studies (Chandola et
al., 2018; Groffen et al., 2015; Kumari et al., 2010; Miller et al., 2021; Ranjit et al., 2005a).
Previous research has linked material hardship (Ranjit et al., 2005a) and lower occupational
grades among civil servants (Chandola et al., 2018; Kumari et al., 2010) to a flatter cortisol
diurnal slope. Furthermore, individuals with lower educational levels exhibit a slower decline
in daytime cortisol levels (Groffen et al., 2015; Karlamangla et al., 2013). However, these
studies, which simplified the full-day DCS into a uniform slope, failed to capture the nonlinear
characteristics of DCS. Simultaneously, previous research has identified contradictory
associations between SES and CAR. In addition to the sole SES indicator, insufficient days of
cortisol collection may also account for the inconsistencies in the results (Kunz-Ebrecht et al.,

2004a, 2004b; Steptoe et al., 2005; Wright and Steptoe, 2005).

The CDR reflects the diurnal reactivity level of the HPA axis, with a flatter CDR associated with
higher all-cause mortality over 7-12 years, poorer executive function, cognitive decline, and
greater heterogeneity in AL (Charles et al., 2020; Karlamangla et al., 2022). While we observed
an association between lifecourse SES and CDR, this finding warrants cautious interpretation,
as robust significant association was detected between CAR, early and late post-wake DCSs

and lifecourse SES. Given the correlations between CDR, CAR, and DCSs shown in
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Supplementary Figure 4-1, this observed link may primarily be driven by the marginal effects

of life-course SES on diurnal cortisol rhythms.

Another interpretation is that, in addition to capturing the impairments in glucocorticoid
receptor and mineralocorticoid receptor functions as reflected by mid post-wake DCS, the
CDR may also convey additional information related to aging while reflecting the long-term
consequences of chronic stress disorders similar to AL (Karlamangla et al., 2022; Oster et al.,
2017). This could provide additional insights into the pathogenic mechanisms linking SES with
aging, thereby offering new avenues for interventions aimed at the prevention of age-related
decline. However, further studies with larger sample sizes are needed to clarify the

association.

Additionally, we found no robust association with AUC. However, previous research has
identified inconsistent associations between SES and AUC. Although one study measured
cortisol under naturalistic conditions and found a prospective association between SES and
lower cortisol levels, this study only collected cortisol at three time points in a single day,
substantially influenced by situational factors and wake-up times (Brandtstadter et al., 1991).
Another study was also constrained by a limited number of cortisol collection days and the
few collection occurrences each day (Li et al., 2007). Remaining studies were limited by their
small sample size (N=193 and N=488), making it difficult to generalize the results (Cohen et
al., 2006a; Miller et al., 2021). In summary, compared to previous studies, the NSDE provides
a more ideal protocol for cortisol collection, involving saliva cortisol collected four times daily

over four days in a naturalistic setting, minimizing the bias from situational effects and
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improving the fit of the diurnal cortisol pattern (Hellhammer et al., 2007; Ranjit et al., 2005b),

thus generating more stable associations.

4.4.4 Discussion of AL, cortisol parameters, and CP

A recent study demonstrated a prospective association between the metabolic dysregulation
phenotype of AL and high interference CP, as well as the presence of CP in three or more body
sites (Liang and Booker, 2024). In contrast, our study, which controlled for a broader range of
potential confounders—including, but not limited to, SES across three life stages—found that
the association between the metabolic dysregulation phenotype of AL and high interference
CP remained significant. However, the association with CP in three or more body sites
disappeared. This finding may suggest that AL operates through distinct mechanisms to
influence different pain outcomes. For instance, the experience of pain interference may
involve stress-related processes, potentially mediated by the anterior cingulate cortex
(Rainville, 2002), which shapes pain perception through mechanisms such as attentional focus,
emotional distress, and cognitive appraisal (Villemure and Bushnell, 2002; Wiech et al., 2008).

These processes are closely tied to AL, itself a consequence of chronic stress.

Furthermore, we found that daily cortisol secretion levels and diurnal variations are
associated with a greater number of pain sites in the pooled sample, which is inconsistent
with our earlier findings. In the previous section, we controlled for the income-to-needs ratio
and education level from the MIDUS 2 SES constructs, rather than SES as a latent variable,
which may suggest that specific SES mechanisms impose more substantial confounding
effects on the association between cortisol and multisite pain. A larger sample size will help

clarify these relationships.
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4.4.5 Discussion of the mediation effects of AL, cortisol parameters on CP

Prior studies have highlighted the potential mediating role of AL, this research did not
demonstrate a mediating effect of AL in the prospective association between SES and CP.
Similarly, a cross-sectional study in the United States found no mediating effect of AL between
SES and CP (Slade et al., 2012). However, their definition of pain accorded with acute rather
than chronic conditions, potentially diminishing mediation effects of AL. Acute pain often
results from specific diseases or injuries (Grichnik and Ferrante, 1991) and may not involve
the same chronic stress-related pathways as CP. Furthermore, the CP measures utilized in this
study assessed a general CP profile of the participants, wherein specific CP subtypes may not
be associated with the dysregulation of the chronic stress response (Cohen et al., 2021).
Therefore, a general measure of CP could obscure the potential correlation between AL and

CP specific to chronic stress (Nicholas et al., 2019).

This is also the first article to explore the mediating role of cortisol in the association between
life course SES and CP, finding that the diurnal rhythm of cortisol did not mediate the
association between SES and CP, both in the full sample analysis and in the subset not
reporting CP in MIDUS 2. Although our results did not confirm the mediating role of the
diurnal pattern of cortisol, the findings still hold significant implications. The results suggest
that interventions targeting dysregulations in the diurnal pattern of cortisol may not

effectively prevent CP related to low SES.

As the social security system crumbles and economic pressures increase, the societal
prevalence of CP is also rising (Zajacova et al., 2021b). However, the specific mechanisms by

which adverse social structures impact individuals and trigger CP remain unclear, adding
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complexity to the social aspects of pain management. On the one hand, our study
underscores the urgent need for more in-depth research into other sociobiological
mechanisms of CP, to more effectively inform public health policies and interventions. For
example, recent study found epigenetic aging mediated the associations among income,
education and chronic knee pain impact, highlighting the importance of epigenetic aging as a

modifiable factor for CP (Strath et al., 2024).

On the other hand, the lack of significant biological mediation in our study may underscore
SES disparities in the day-to-day management of CP, highlighting the critical role of
metamechanisms. Metamechanisms refer to overarching pathways linking low SES to worse
health, for example, fewer flexible resources, spillover effects of living in more stressful or
less health-oriented environments, an ingrained “health habitus,” or even bias in institutional
interactions (Freese and Lutfey, 2011). For instance, individuals residing in more affluent
neighborhoods or engaged in higher-status occupations may benefit from preventive pain
management services without any proactive effort. Those with higher SES may also be more
inclined to adopt behaviors conducive to pain control, such as routinely seeking proactive
treatment and maintaining a more positive outlook. Additionally, disparities in the quality of
pain management services available may exist based on SES. However, the influence of these
metamechanisms on CP remains exploratory, underscoring the need for systematic empirical

research in these areas.

Also, in MIDUS, CP was measured using the question, “Do you have chronic pain, that is do
you have pain that persists beyond the time of normal healing and has lasted from anywhere

from a few months to many years?” Because this broad definition does not distinguish
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between “primary” pain (often stress-related) and “secondary” pain (driven by underlying
medical conditions), a substantial portion of the CP in our sample may stem from structural
or disease-related causes. These “secondary” pain conditions are less reliant on chronic
stress-related biological processes. Consequently, if much of the reported pain arises through
mechanisms like injury, stress biomarkers may not fully capture their etiology. This
heterogeneity makes it more difficult to detect mediation by stress-based biological pathways
and could help explain why we did not observe significant mediation effects by AL or cortisol

parameters.

Finally, the extended interval between initial SES assessment, biomarker sampling, and CP
measurement may have diluted the causal pathway we aimed to capture (Rijnhart et al.,
2022). One plausible explanation is that the physiological impacts of socioeconomic adversity
develop and fluctuate dynamically over time rather than following a linear trajectory. Thus,
even though SES is associated with current biomarkers, the relatively long interval between
biomarker assessment and CP measurement may have allowed other factors, such as
intervening health conditions, lifestyle changes, or medical treatments, to intervene,
weakening the pathway from biomarkers to CP. In other words, while biomarkers measured
at one point may still reflect SES-related physiological disturbances, their capacity to predict
future CP could weaken considerably over longer intervals. Future research employing shorter
intervals or repeated biomarker measurements could better clarify how timing affects the
mediation process and potentially uncover stronger evidence for biological mediation

between SES and CP.
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4.4.6 Advantages and limitations

This study has following additional advantages. Firstly, by integrating both primary and
secondary biological indicators of chronic stress response to construct AL, it may enhance the
measurement's validity. Beyond the classic summative method for operationalizing AL, this
study utilized LCA to capture the interrelations among AL biomarkers. Additionally, it utilizes
data from a more ideal cortisol collection protocol, making HPA axis measurements more
reliable. In addition, compared to previous birth cohort studies, the sequential collection of
biomarkers of stress response systems and CP data allows us to examine the prospective

mediating role.

Also, we consolidated SES into a composite index to capture its multidimensionality and our
findings highlight the distinct contributions of its individual components. Affordability-related
indicators (e.g., current financial situation, bill payment difficulty, income-to-needs ratio) are
more salient in early adulthood, when financial strain is common, but their relevance
diminishes with age. In contrast, traditional indicators like education and occupation gain
importance over time. These shifting patterns suggest that SES-sensitive health policies
should be tailored to life stage—prioritizing financial support in early adulthood and
enhancing structural resources in later life to address social inequalities and improve health

outcomes.

Moreover, the prospective nature of this study allows for the inclusion of early confounders,
thereby minimizing potential confounding effects and establishing a temporal sequence in

the relationship between SES and CP. Finally, we applied life course models to these
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associations, allowing for a formal and detailed examination of how SES is linked to biological

dysregulations in stress response systems and CP.

There are limitations in the present study. Like all observational studies, SEM is susceptible to
unmeasured confounding, which occurs when there are unknown or unmeasured variables
that influence both the predictor and the outcome. If such variables exist, the estimated
relationships in the path model may be distorted, potentially leading to incorrect conclusions
about direct or indirect effects. Although the demographic and health characteristics of the
biomarker sample closely align with those of the national survey sample (Dienberg Love et al.,
2010), the analytic sample demonstrates an underrepresentation of ethnic minorities. Racial
disparities in health outcomes are a profound concern in the United States (Clouston and Link,
2021). The increasing disparity in the prevalence and treatment of CP among ethnic minorities,
driven by structural factors such as discrimination and the chronic stress of socioeconomic
disadvantage, calls for attention (Maly and Vallerand, 2018). Thus, future studies can

prioritize the inclusion of ethnic minority groups to address this gap.

Also, the association between SES and CP may be influenced by attrition bias, as participants
with more SES disadvantages at baseline were more likely to drop out. This could lead to an
underestimation of the true impact of SES on CP outcomes (See Supplementary Tables 3-8 &
4-12). Furthermore, childhood indicators were measured retrospectively, which are subject
to recall bias. However, the impact of this bias might be minimal. Studies validating the
concordance of childhood SES indicators in MIDUS, using sibling and twin samples, have
shown that recall measures were generally reliable (Ward, 2011). Nonetheless, employing

prospective indicators for childhood conditions is recommended for future research.
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In addition, we addressed missing values in the SES composite index, which includes the
occupation of fathers or male heads and the educational level of mothers or female heads,
using the full information maximum likelihood method. However, this approach is not without
its limitations. For male heads of household who stayed home to raise children or were absent
from the labor market for other reasons, we imputed their occupation based on the female
head of household's occupation during childhood. On the one hand, this aligns with the
household dominance framework for measuring the occupational status of the head of
household in childhood (Krieger et al., 1997). On the other hand, given the social context of
childhood in the MIDUS sample, using the occupation of the female head of household,
typically representing the mother, to stand in for the male head's occupation may
underestimate the occupational effect on pain. This is because women at that time were
more likely to hold jobs with higher social status but relatively lower wages. Additionally, we
were unable to distinguish respondents who lacked either a male or female head of
household in childhood because MIDUS did not provide detailed information for the
missingness. Given the association between single-parent households and poverty (Bradley
and Corwyn, 2002), imputing data for these respondents may potentially weaken the

association between SES and pain.

4.5 Conclusion

In conclusion, our findings underscore that recent low SES mediates the adverse impact of
previous socioeconomic disadvantages on CP outcomes, particularly highlighting the
importance of intervening in recent SES to effectively prevent CP. However, reducing the

prevalence of multisite pain may require alleviation of multimorbidity burdens. We
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emphasize that the metabolic dysregulation phenotype of AL is influenced by the cumulative
effects of childhood SES disadvantages and recent SES disadvantages, which points to the
potential importance of these life stages in shaping long-term physiological outcomes.
Similarly, interventions focused on recent individual SES may have some relevance for
mitigating HPA axis dysregulation. However, we did not find evidence for dysregulations in
stress response systems as mediators. How socioeconomic disadvantages profoundly get to
the skin to cause or sustain CP remains an uncharted territory. Future research is needed to
explore different mediating mechanisms and provide a basis for personalized interventions

for CP.
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5 Summary and Future Directions

5.1 Summary of thesis work

CP affects at least one-fifth of American adults (Yong et al., 2022), and this number is likely to
continue rising. Calls to address the population-level crisis of CP emerged as early as the first
decade of this century (Interagency Pain Research Coordinating Committee, 2022).
Sociologists and economists have continuously emphasized that understanding the social
causes of CP might be key to alleviating this major public health crisis. Additionally, experts in
pain management have underscored the importance of a multidimensional approach to pain
management (Case et al., 2020; Cohen et al., 2021; Zajacova et al., 2021b). Despite these calls,
there remain significant gaps in the research on the social determinants of CP (Khalatbari-

Soltani and Blyth, 2022).

In recent decades, the role of SES in health disparities has become widely recognized, whether
in chronic diseases (Phelan et al., 2010) or infectious diseases (Clouston and Link, 2021). By
limiting individuals' access to resources, lower SES groups are more likely to be exposed to
higher-risk environments and have fewer means to prevent and manage diseases. The recent
COVID-19 pandemic has starkly highlighted these inequalities, from national to individual
levels (McGowan and Bambra, 2022). Furthermore, health disparities are likely rooted in
individuals' life histories (Jones et al., 2019; Kuh et al., 2003). Therefore, expanding the
research perspective on SES and chronic diseases through life course theory can identify
critical intervention periods, enhancing the ability of public health systems and individuals to
intervene effectively. This approach can also reduce unnecessary public spending by avoiding

redundant interventions during less critical periods.
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In addition, identifying early risk factors for CP and examining how SES influences CP risk
provides additional insights into pain management for underserved populations. CP is
considered a condition closely linked to chronic stress (Borsook et al., 2012). Prolonged
exposure to chronic stressors can lead to systemic physiological dysregulation, starting with
the HPA axis and extending to various downstream physiological systems (Juster et al., 2010;
Woda et al., 2016). Social stress theory suggests that individuals with low SES often face
persistent environmental challenges and constraints on coping and adaptation, which serve
as long-term stressors (Aneshensel, 1992; Baum et al., 1999). Consequently, there may be a
higher likelihood of observing systematic chronic stress response dysregulation in low SES
populations. Clinical literature and some population-based studies indicate that CP appears
to be a product of physiological dysregulation of the stress response system. However,

research gaps still exist (Liang and Booker, 2024).

The first and second aims of our study are to explore whether chronic stress-related biological
dysregulations, such as HPA axis dysregulation and systemic physiological dysregulation, are
prospectively associated with CP. Our study separately examines HPA axis dysfunction,
measured by the diurnal pattern of salivary cortisol, and systemic chronic stress dysregulation
through AL. Studying both HPA axis dysregulation and AL is essential for a comprehensive
understanding of the physiological impacts of chronic stress. The HPA axis provides specific
insights into hormonal responses and regulatory mechanisms directly related to stress. In
contrast, AL encompasses the broader, cumulative effects of chronic stress across various
bodily systems, capturing the long-term wear and tear that can lead to significant health

consequences. By examining both, researchers can gain a detailed and nuanced picture of
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how chronic stress-related biological responses are associated with CP, thereby enabling

more effective interventions and preventive measures for stress-related disorders.

We find that the diurnal cortisol rhythms from early to mid post-wake periods are related to
the development of CP in 3 or more body sites. AL, particularly metabolic dysregulation, is
associated with higher odds of chronic high interference and multisite pain in the future. Our
findings carry significant public health implications. Diurnal cortisol rhythms may indicate
early-stage outcomes of chronic stress dysregulation, while AL may reflect a long-term
outcomes of chronic stress dysregulation. ldentifying individuals exhibiting both a flattened
diurnal cortisol slope and metabolic dysregulation phenotypes within AL can help selectively
target high-risk populations at different stages of CP. For instance, a flattened diurnal cortisol
slope may signal mid-to-late stages in the progression of CP with 3 or more sites, whereas the
metabolic phenotype of AL is associated with altered odds of future CP interference and CP
with 3 or more sites. Moreover, our results inform precision intervention targets at various
stages (e.g., interventions aiming at glucocorticoid receptor downregulation, metabolic
health optimization). Secondly, these findings provide prospective power estimates and

insights into intervention effects, thereby guiding the design of future public health research.

Our third and fourth aims are to explore the mediating role of HPA axis dysregulation and
systemic chronic stress dysregulation in the association between life course SES and CP,
aiming to address the unresolved question of how current SES influences CP. Specifically, we
found chain of risk models regarding SES and mid post-wake DCS and CDR, suggesting that
proximal adult socioeconomic disadvantage mediates the adverse effects of early life and

directly impacts these cortisol indicators. Our findings highlight the importance of addressing
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proximal socioeconomic inequalities to prevent HPA axis dysregulation, thereby averting a
wider range of adverse health outcomes linked to it. Additionally, by applying a
comprehensive measure of chronic stress dysregulation, we identified a risk model chain for
AL metabolic dysregulation phenotypes, where both childhood SES and recent SES are directly
associated with these phenotypes. These findings underscore the critical role of alleviating
socioeconomic disadvantages not only in adulthood but also during childhood to prevent

systemic dysregulation related to chronic stress in later life.

Moreover, our findings confirm the chain of risk model linking life course SES with CP
interference, emphasizing the mediating role of recent SES. Regarding the widespreadness of
CP, we found that the relationship between lifecourse SES and the number of pain sites may
depend on the degree of multimorbidity development. Early onset of chronic conditions
associated with pain may lead to a broader extent of pain in the future. Our findings suggest
that CP is both a symptom of underlying disease and a condition in its own right. Low SES may
limit individuals’ access to and utilization of various resources, thereby increasing exposure
to health risks and reducing their capacity to manage disease risks. Our results highlight the
importance of meeting the long-term healthcare needs of low-SES populations suffering from

multiple chronic conditions in multisite pain management.

These findings highlight that interventions aimed at alleviating socioeconomic disadvantage
at specific life stages may help improve chronic stress dysregulation and CP, underscoring the
importance of relevant social policies. However, we did not find evidence that stress-related
biological dysregulation mediated the association between SES and CP. This highlights not

only the importance of biological mechanisms beyond chronic stress but also suggests that in
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addressing SES inequalities in CP, efforts to reduce CP disparities solely through alleviating
biological wear and tear from individual stress may have limited benefits. Structural
inequalities embedded in individuals’ everyday pain management practices may require
broader public health interventions, such as inclusive pain treatment access, widespread

dissemination of pain management knowledge, and more equitable healthcare services.

5.2 Future Directions

Firstly, improving the participation rate in biomarker collections within population surveys is
crucial. An increasing number of population-based surveys have either started or plan to
collect biological samples. However, there is still a significant lack of research on how to
enhance participation rates in sample collection and follow-up retention rates in in biomarker
collections. This issue is particularly important for surveys that aim to represent the general
population through complex probability sampling. The MIDUS study collects comprehensive
biological data through a rigorous protocol. Although participants are similar to the baseline
population in terms of sociodemographic characteristics, the participation rates for biological
sample collection and diary data remain a challenge for research. This is especially
problematic in longitudinal studies, where it poses difficulties for the generalizability of the
data. Future research on strategies to incentivize participation in biomarker collection and
improve follow-up retention under strict protocols will provide valuable insights for the

implementation of large-scale population surveys with biomarker collections.

Secondly, due to the current stage of the MIDUS survey, we can only explore the association
between stress-related biomarkers and CP through a single follow-up with a long interval.

However, the state of biomarkers is likely to change with the progression of pain. Although
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future cohort studies with higher frequency and shorter collection intervals of biological
information would help explore the relationship between biological changes and the
development of CP, such studies are extremely costly. We propose a compromise approach:
collecting biological information only at baseline and CP information at baseline and multiple
follow-ups. By examining the relative timing of baseline biomarkers and the development of
CP, we can determine the stages of pain progression. Additionally, collecting multiple
instances of pain information helps reduce misclassification, thereby providing more accurate
estimates. Despite the high costs, it is essential to conduct multiple collections not only of
pain status but also of stress-related biomarkers, particularly cortisol, from community-
dwelling adults. Ideally, these collections could utilize probability sampling cohort to reveal
the complex association between pain development, pain chronicity, and the dysregulation
of stress response systems for better generalizability. The related research will facilitate a
better understanding of CP pathology, improve biopsychosocial pain management, and
support population-level prevention efforts, ultimately alleviating the population's pain

burden and reducing medical costs for both individuals and the healthcare system.

Thirdly, although self-reports remain the "gold standard" for measuring CP, incorporating
validated pain scales or physician diagnoses, through linked data, into large-scale
epidemiological studies will undoubtedly enhance the reliability and validity of pain
measurement. Currently, only limited data include CP indicators that meet the defined criteria.
Measuring the duration of pain in population-based surveys may also provide more detailed
insights. In addition, CP measures in MIDUS capture a general CP condition, limiting the ability
to conduct a more detailed investigation into different pain syndromes. In MIDUS, the

guestion 'Do you have CP, that is, do you have pain that persists beyond the time of normal
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healing and has lasted anywhere from a few months to many years?' is used to measure CP.
This question implies the presence of previous injuries and, therefore, includes secondary
pain syndromes, where various mechanisms, besides chronic stress, may exist. Future

epidemiological research on specific pain syndromes may offer extra information.

Fourth, we encourage further exploration of structural-level research. While individualized
prevention strategies that target biological and behavioral mediations are often emphasized
in policy discussions, these approaches alone are insufficient to address the adverse effects
brought by broader determinants of health. Our findings suggest that merely improving the
biological conditions associated with chronic stress may not reduce socioeconomic
inequalities in CP. A focus on the structural conditions tied to SES is essential. In addition,
individual CP disparities may be rooted in structural plight such as daily medical practice for
CP, geographic location and industrial structure. We look forward to significant future
research outcomes in these areas. Additional measures are needed to address the social

determinants of health.
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Supplementary Materials to Chapter: Allostatic Load and Chronic Pain

Supplementary Table 1-1 Fit statistics for latent classes of AL

Model - llik (maximum value of the log- - BIC Entropy Class1% Class2% Class3% Classd4% Class5% Class6% Class 7 %
Class k likelihood)

1 1167067 2339533 2352117 NaN 1.00

2 -11067.14 2224428 2250061 0.85 062 0.38

3 -10813.98 21793.96 22180.79 0.86 0.24 0.51 0.25

4 -10706.04 21634.09 2215141 085 023 0.18 0.49 0.10

5 -10606.58 21491.16 22138.98 0.84 0.17 0.14 0.43 0.11 0.15

6 -10539.69 2141338 2219170 NaN 0.18 0.31 0.10 0.18 0.05 0.19

7 -10463.27 21316.53 22225.35 NaN 0.11 0.12 0.17 0.11 0.25 0.13 0.12




202

Supplementary Table 1-2 Biomarkers levels stratified by AL phenotype

AL driven pattern Class 1 Class 2 Class 3

Biomarkers Mean Median Mean Median Mean Median Test

Hypothalamic Pituitary Adrenal Axis

DHEA-s (ug/dL) 110 94 106 86 115 90 F=0.688
Urine cortisol (ug/g) 17 15 15 11 13 10 F=5.782"""
Sympathetic Nervous System

Urine epinephrine (ug/g) 2.1 1.8 2 1.8 1.7 1.4 F=6.251"""
Urine norepinephrine (ug/g) 26 24 28 27 28 24 F=2.785"
Urine Dopamine (ug/g) 151 142 144 136 146 133 F=1.37
Parasympathetic Nervous System

High-frequency HRV 348 176 31 30 371 141 F=15.035"""
Low-frequency HRV 562 339 112 90 457 258 F=36.218"""
RMSSD 26 21 8.5 8.6 25 19 F=88.199"""
SDRR (m s) 41 36 21 20 37 34 F=115.491""
Cardiovascular

Resting SBP (mmHg) 126 126 133 131 136 137 F=30.225"""
Resting DBP (mmHg) 74 73 76 76 77 77 F=9.386"""
Resting heart rate (bpm) 70 70 80 80 71 71 F=74.174"""
Inflammation

CRP (mg/L) 1.8  0.89 3.1 16 32 22 F=13.511"""
IL6 (pg/mL) 0.76  0.63 1.1 0.92 1.2 1 F=26.438"""
TNF-a (pg/mL) 1.9 1.9 25 23 24 23 F=47.766""
Fibrinogen (mg/dL) 322 319 356 356 349 345 F=14.897"""
ICAM-1 (ng/mL) 264 244 297 276 297 289 F=12.488""

E-Selectin (ng/mL) 37 34 41 38 49 45 F=23.056"""



Blood Fasting IGF1 (Insulin-like Growth Factor 1) ng/mL)

Metabolic-glucose
Fasting glucose
Hemoglobin Alc%
HOMA-IR
Metabolic-lipids
Triglycerides (mg/dL)
WHR

BMI

LDL cholesterol (mg/dL)
HDL cholesterol (mg/dL)

133

93
5.7
1.9

100
0.85
26
105
62

126

93
5.7
1.7

92
0.85
26
103
59

123

102
6.1
3.8

148
0.92
30
110
53

115

98
5.9
2.7

121
0.91
30
104
51

119

113
6.3
5.8

181
0.95
33
109
43

113

103

4.7

162
0.96
32
102
41

*k ok

F=6.492

¥k %

F=51.566
F=37.938
F=107.247

%%k ¥

% %k %

% %k ¥

F=80.591
F=89.071
F=119.981"""
F=1.358

F=85.106

% %k %

% %k %

203
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Supplementary Table 1-3 Full results from the main logistic regression for the
association between AL at MIDUS 2 Biomarker Project and CP status at MIDUS 3

OR (95% Cl) P-value

AL pattern

Baseline Ref

Parasympathetic dysregulation 0.97 (0.64, 1.48) 0.889

Metabolic dysregulation 1.18 (0.76, 1.81) 0.464
Year gap between data collections
MIDUS 2 Biomarker Project to MIDUS 3 1.13 (0.99, 1.3) 0.069
Education

high school or less Ref

bachelor's degree 0.87 (0.59, 1.29) 0.497

Master's degree and above 0.97 (0.61, 1.53) 0.899
Age 0.99 (0.97, 1.01) 0.190
Marital Status

Married Ref

Divorced & Separated 0.83 (0.51, 1.35) 0.450

Never married & Widowed 0.61 (0.36, 1.04) 0.071
Income-to-needs ratio

Affluent Ref

Adequate-income 1.25(0.85, 1.85) 0.262

Low-income or below 2.30(1.42, 3.74) 0.001
Race/ethnicity

White Ref

Non-white 1.53 (0.79, 2.97) 0.203
Gender

Male Ref

Female 1.37(0.96, 1.95) 0.085
Total number of Metabolic Equivalent of Task
(MET) minutes per week

500-1000 Ref

Greater than 1000 1.64 (1.03, 2.6) 0.036

Less than 500 1.06 (0.67, 1.69) 0.797
Smoking behavior

Current Smoker Ref

Ex-Smoker 0.87 (0.49, 1.54) 0.640

non-Smoker 0.67 (0.39, 1.15) 0.145
Drinking behavior

Moderate + drinker Ref

Light drinker 1.19 (0.79, 1.79) 0.408

Non-drinker or rarely drink 1.14 (0.75, 1.72) 0.543



Childhood parent emotional abuse
1 (Never)
1.5
2
2.5
3 (Most frequent)
Childhood parent physical abuse
1 (Never)
1.5
2
2.5
3 (Most frequent)
Medication intake
No
Yes
Multimorbidity
<2
2+

Ref

1.58 (0.93, 2.71)
1.05 (0.69, 1.60)
0.85 (0.55, 1.31)
1.15 (0.79, 1.68)

Ref

0.95 (0.51, 1.76)
0.75 (0.46, 1.20)
1.01 (0.63, 1.62)
0.69 (0.47, 1.03)

Ref
2.10(1.37, 3.24)

Ref
1.57 (0.98, 2.53)

0.093
0.826
0.461
0.469

0.863
0.230
0.955
0.068

0.001

0.062

205
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Supplementary Table 1-4 Full results from the main multinomial logistic regression for the association between AL at MIDUS 2

Biomarker Project and CP interference and the number of CP sites at MIDUS 3

CP interference

The number of pain locations

No pain vs Low interference pain High interference pain 1-2 pain locations 3+ pain locations
RRR (95% Cl) P-value RRR (95% Cl) P-value RRR (95% ClI) P-value RRR (95% Cl) P-value

AL pattern

Baseline Ref Ref Ref Ref

Parasym.pathetic 0.87(0.54,1.39) 0.552 1.24 (0.65, 2.39) 0.512 0.84 (0.51, 1.36) 0.474 1.30(0.69, 2.44) 0.411
dysregulation

Metabolic dysregulation 0.92 (0.56, 1.52) 0.742 2.00(1.06, 3.79) 0.033 0.89 (0.54, 1.47) 0.654 2.03(1.08, 3.83) 0.029
Year gap between data
collections
m:gﬂz 32 Biomarker Project to 131097 132) 0107  1.13(092,1.39) 0239  1.14(0.98, 133) 0094  1.13(0.93, 139) 0224
Education

high school or less Ref Ref Ref Ref

bachelor's degree 0.86 (0.56, 1.34) 0.518 0.87(0.47,1.61) 0.653 1.04 (0.67, 1.62)  0.858 0.6(0.32,1.12)  0.108

Master's degree and above 0.82(0.48,1.39) 0.464 1.31(0.66, 2.59) 0.436 1.03 (0.61, 1.73) 0.911 0.9 (0.45, 1.81) 0.770
Age 0.99 (0.97, 1.01) 0.466 0.98 (0.96, 1.01) 0.158 0.98 (0.97, 1) 0.114 1(0.97, 1.02) 0.842
Marital Status

Married Ref Ref Ref Ref

Divorced & Separated 0.92 (0.53, 1.6) 0.768 0.65 (0.3, 1.39) 0.267 0.83(0.47,1.47) 0.519 0.75(0.37,1.54) 0.440

Never married & Widowed 0.74 (0.41, 1.33) 0.319 0.37(0.15,0.94) 0.037 0.59(0.32,1.1) 0.099 0.58 (0.26, 1.3) 0.189

Income-to-needs ratio
Affluent

Ref

Ref

Ref

Ref



Adequate-income

Low-income or below
Race/ethnicity

White

Non-white
Gender

Male

Female
Total number of Metabolic
Equivalent of Task (MET)
minutes per week

500-1000

Greater than 1000

Less than 500
Smoking behavior

Current Smoker

Ex-Smoker

non-Smoker
Drinking behavior

Moderate + drinker

Light drinker

Non-drinker or rarely drink
Childhood parent emotional
abuse

1 (Never)

1.5

2

2.5

1.28 (0.82, 1.99)
2.55 (1.5, 4.34)

Ref
1.6 (0.78, 3.31)

Ref
1.06 (0.71, 1.58)

Ref
1.58 (0.94, 2.65)
1.05 (0.61, 1.78)

Ref
1.11(0.57, 2.17)
1(0.53, 1.87)

Ref
1.17 (0.75, 1.85)
0.9 (0.56, 1.44)

Ref

1.45 (0.79, 2.66)
0.95 (0.59, 1.55)
1.1(0.67, 1.79)

0.281
0.001

0.203

0.780

0.084
0.869

0.759
0.994

0.490
0.649

0.236
0.851
0.716

1.17 (0.65, 2.11)
1.82 (0.87, 3.83)

Ref
1.41 (0.52, 3.8)

Ref
2.46 (1.39, 4.36)

Ref
1.83(0.88, 3.77)
1.14 (0.56, 2.34)

Ref
0.57 (0.26, 1.24)
0.31 (0.15, 0.65)

Ref
1.27 (0.66, 2.44)
1.81(0.97, 3.37)

Ref

1.9 (0.85, 4.24)
1.35(0.72, 2.55)
0.44 (0.21, 0.92)

0.602
0.114

0.495

0.002

0.104
0.722

0.154
0.002

0.473
0.061

0.116
0.348
0.029

1.26 (0.8, 1.96)
2.1(1.21, 3.66)

Ref
1.24 (0.57, 2.71)

Ref
0.93 (0.62, 1.39)

Ref
1.54 (0.9, 2.61)
1.17 (0.68, 2.01)

Ref
1.1 (0.55, 2.18)
0.98 (0.51, 1.87)

Ref
1.21(0.76, 1.95)
1.23 (0.77, 1.97)

Ref

1.65 (0.9, 3.03)
0.96 (0.59, 1.57)
0.82 (0.51, 1.32)

0.319
0.009

0.583

0.720

0.114
0.561

0.788
0.945

0.418
0.382

0.106
0.877
0.406

1.24 (0.69, 2.22)
2.63 (1.32, 5.25)

Ref
2.47 (1.02, 5.99)

Ref
3.34 (1.86, 5.98)

Ref
1.82(0.91, 3.6)
0.86(0.43, 1.72)

Ref
0.61(0.29, 1.3)
0.34 (0.16, 0.71)

Ref
1.13 (0.62, 2.08)
0.97 (0.52, 1.8)

Ref

1.29(0.57, 2.91)
1.23 (0.67, 2.26)
0.92 (0.45, 1.86)
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0.466
0.006

0.046

0.000

0.088
0.662

0.202
0.004

0.683
0.913

0.539
0.504
0.811



3 (Most frequent)
Childhood parent physical
abuse

1 (Never)

1.5

2

2.5

3 (Most frequent)
Medication intake

Yes

No
Multimorbidity

<2

2+

1.2 (0.78, 1.83)

Ref

0.83(0.41, 1.7)
0.83 (0.48, 1.44)
1.25(0.73, 2.16)
0.73 (0.46, 1.16)

Ref
2.01 (1.24, 3.26)

Ref
1.51 (0.89, 2.56)

0.407

0.616
0.509
0.414
0.184

0.005

0.131

1.26 (0.66, 2.4)

Ref

1.25
0.67
0.66
0.71

0.51, 3.09)
0.33, 1.34)
0.33, 1.31)
0.4, 1.26)

e e

Ref
2.42 (1.18, 4.99)

Ref
1.8(0.79, 4.1)

0.489

0.629
0.252
0.235
0.238

0.016

0.162

0.97 (0.64, 1.48)

Ref

0.66 (0.31, 1.39)
0.64 (0.35, 1.15)
1.01 (0.59, 1.75)
0.65 (0.42, 1.02)

Ref
2.01(1.23, 3.29)

Ref
1.48 (0.87, 2.51)

0.898

0.272
0.134
0.962
0.064

0.005

0.151

1.73 (0.93, 3.2)

Ref

1.73(0.72, 4.21)
0.9 (0.47, 1.73)
0.86 (0.44, 1.69)
0.8 (0.45, 1.43)

Ref
2.53(1.25, 5.11)

Ref
1.97 (0.87, 4.47)
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0.082

0.223
0.757
0.656
0.451

0.010

0.105
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Supplementary materials to Chapter: Association of Diurnal Cortisol Rhythm

with Chronic Pain

Supplementary Table 2-1 Sample characteristics of NSDE

Variable N (day-observations) Mean Median
Cortisol: awakening (nmol/L) 3841 15.31 8.31
Cortisol: 30 mins after awakening (nmol/L) 3841 21.75 10.78
Cortisol: lunchtime (nmol/L) 3841 6.74 4.36
Cortisol: bedtime (nmol/L) 3841 2.78 3.83
Cortisol collection time (hours): awakening 3841 6.72 1.25
Cortisol collection time (hours): 30 mins after awakening 3841 7.25 1.25
Cortisol collection time (hours): lunchtime 3836 12.65 1.38
Cortisol collection time (hours): bedtime 3841 22.50 1.27
Collection day 3841

Day 1 1246 32.44%

Day 2 1120 29.16%

Day 3 904 23.54%

Day 4 571 14.87%
Average wake-day length (individual-level) 3841 6.72 1.25
Waking hours 3841 16.75 0.86
Weekend vs. workday status 3841

Weekday 2879 74.95%

Weekend 962 25.05%
Length of sleep the previous night 3701

6-8 2776 75.01%

<6 320 8.65%

>8 605 16.35%
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Supplementary Table 2-2 Parameters of the mean log-cortisol trajectory

Fixed effects: Estimate P-value
(Intercept) 3.48 (0.25) <0.001
CAR (0-30 mins) 0.50 (0.11) <0.001
Early post-wake DCS (30 mins-4.5 hours) -0.13 (0.01) <0.001
Mid post-wake DCS (4.5 hours-15 hours) -0.16 (0.00) <0.001
Late post-wake DCS (after 15 hours) -0.13 (0.00) <0.001
Waking time -0.04 (0.01) <0.001
Average wake-day length (individual-level) -0.03 (0.01) 0.078
Length of sleep the previous night

6-8 hours Ref

<6 hours -0.06 (0.01) 0.112

>8 hours -0.04 (0.02) 0.042

Weekend vs. workday status

Weekday Ref
Weekend -0.04 (0.02) <0.001
Random effects: Variance SD

Between persons SD

(Intercept) 0.146 0.383

CAR (0-30 mins) 0.211 0.459

Early post-wake DCS (30 mins-4.5 hours) 0.009 0.095

Mid post-wake DCS (4.5 hours-15 hours) 0.003 0.050

Late post-wake DCS (after 15 hours) 0.002 0.046
Between days SD

(Intercept) 0.000 0.000

Early post-wake DCS (30 mins-4.5 hours) 0.000 0.000
Between family SD

(Intercept) 0.032 0.180
Residual SD 0.336 0.580
R? 0.761

tAdjusted for waking time on day of measurement, weekend vs. workday status, length
of sleep the previous night, average wake-day length (individual-level).
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Supplementary Figure 2-1 Sample-based cortisol diurnal pattern
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Supplementary Figure 2-2 Model-based cortisol diurnal pattern
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Supplementary Figure 2-3 Correlation matrix of cortisol parameters
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Supplementary Table 2-3 Principal Component Analysis of Cortisol Parameters

Variance explained by the

Loadings factors
Factor 1 Factor 2
Early post-wake DCS 0.97 0.88
Mid post-wake DCS 1.00 1.00
Late post-wake DCS 0.80 0.67
CAR 1.00 1.00
CDR -0.36 0.68 0.75
AUC 0.90 0.73

According to Kaiser’s Rule, components with eigenvalues greater than 1 were
retained. The eigenvalue for Dimension 1 is 3.41, for Dimension 2 is 1.87, for

Dimension 3 is 0.46, for Dimension 4 is 0.19, for Dimension 5 is 0.04, and for

Dimension 6 is 0.02. Therefore, two factors were retained.
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Supplementary Table 2-4 Baseline characteristics of the analytic sample

Attrition (n=222)  Analytic sample (n=1,246)

Variable Mean (SD) / % Mean (SD) / % P-value
Steroid inhaler 0.614
No 96.50% 97.00%
Yes 3.50% 3.00%
Oral steroid meds 0.903
No 97.60% 97.40%
Yes 2.40% 2.60%
Other hormonal meds <0.001
No 96.50% 89%
Yes 3.50% 11%
Anti-depressant or anti-anxiety meds 0.277
No 88.10% 86.40%
Yes 11.90% 13.60%
Birth control pills 0.005
No 99.40% 97.50%
Yes 0.60% 2.50%
Income-to-needs scale 0.43 (0.70) 0.26 (0.59) <0.001
Education 0.80 (0.55) 0.59 (0.56) <0.001
Age 62.40 (14.60) 55.50 (11.30) <0.001
Ethnicity 0.013
White 93.50% 95.80%
Non-white 6.50% 4.20%
Sex assigned at birth 0.694
Male 45.00% 44.10%
Female 55.00% 55.90%
Marital status <0.001
m:rir\:z;ced/separated/widowed/never 33.40% 24.50%
Married 66.60% 75.50%
Physical activity 27.40 (12.40) 29.40 (10.70) <0.001
Smoking status <0.001
Current smoker 15.40% 10.20%
Ex-smoker 61.80% 60.60%
Non-Smoker 22.80% 29.30%
Drinking status 0.007
Moderate + Drinker 30.70% 31.50%
Light Drinker 24.10% 29.30%
Non-Drinker or Rarely Drink 45.20% 39.30%
Multimorbidity <0.001
No 32.90% 44.50%



Yes
Baseline chronic pain
No
Yes
BMI
Childhood emotional abuse
1 (Never)
1.5
2
2.5
3 (Most frequent)
Childhood physical abuse
1 (Never)
1.5
2
2.5
3 (Most frequent)

67.10%

49.70%
50.30%
29.10 (6.11)

35.30%
18.00%
23.90%
10.20%
12.70%

42.20%
13.70%
26.40%
5.30%

12.50%

55.50%

64.30%
35.70%
27.70 (5.46)

34.20%
14.20%
27.50%
12.10%
12.10%

43.00%
15.60%
25.40%
8.90%
7.10%

<0.001

<0.001
0.062

<0.001
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Supplementary Table 2-5 Robustness checks for the associations between cortisol parameters and presence of chronic pain at
MIDUS 3 among respondents who did not report chronic pain at baselinet

Late post-wake DCS (after 15 hours)

No pain vs presence of chronic pain at MIDUS 3 OR (95% ClI)

Main analysis’ 1.26 (1.03, 1.55)*
Multiple imputation for all 1.20(0.99, 1.45)
Inverse probability of attrition weighting 1.29 (1.02, 1.62)*
Bonferroni correction 1.26 (1.03, 1.55)
Excluding respondents with anxiety, depression in the past 12 months 1.32 (1.04, 1.67)*

Excluding steroid inhaler, oral steroid, other hormonal, anti-depressant or anxiety, and

1.27 (0.99, 1.63
birth control medication user ( ’ )

Additionally controlling for daily stressor severity 1.14 (0.88, 1.47)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001

t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking
status, multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers,
oral steroids, antidepressants, anti-anxiety medications, birth control pills, and other hormonal medications). Arandom intercept at the family
level was included, to allow for correlations between individuals from the same family.

Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase
of one standard deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR indicates a wider CDR, while one standard
deviation increase in AUC indicates a larger AUC.
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Supplementary Table 2-6 Robustness checks for the associations between cortisol parameters and high interference pain at MIDUS

3 among respondents who did not report chronic pain at baselinet

Early post-wake DCS (30 mins-4.5 hours)

Mid post-wake DCS (4.5 hours-15 hours)

No pain vs high interference pain at MIDUS 3 OR (95% Cl)

OR (95% Cl)

Main analysis* 1.85 (1.09, 3.16)*
Multiple imputation for all 1.40 (1.02, 1.92)*
Inverse probability of attrition weighting 2.88 (1.23, 6.74)*
Bonferroni correction 1.85(1.09, 3.16)

Excluding respondents with anxiety, depression
in the past 12 months

Excluding steroid inhaler, oral steroid, other
hormonal, anti-depressant or anxiety, and birth 2.59 (1.12, 5.61)*
control medication user

2.66 (0.99, 7.13)

Additionally controlling for daily stressor severity 1.84 (0.93, 3.64)

1.82 (1.09, 3.02)*
1.47 (1.08, 2.01)*
2.58 (1.17, 5.67)*
1.82 (1.09, 3.02)

2.44 (1.32, 4.51)**

2.09 (1.03, 4.24)*

2.12 (1.04, 4.33)*

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001

t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking
status, multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers,
oral steroids, antidepressants, anti-anxiety medications, birth control pills, and other hormonal medications). A random intercept at the family

level was included, to allow for correlations between individuals from the same family.
¥ The proportional odds assumption was violated for early and mid post-wake DCSs.

Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase
of one standard deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR indicates a wider CDR, while one standard

deviation increase in AUC indicates a larger AUC.
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Supplementary Table 2-7 Robustness checks for the associations between cortisol parameters and pain at 3 or more regions at

MIDUS 3 among respondents who did not report chronic pain at baselinet

No pain vs chronic pain with 3 or more sites
at MIDUS 3

Early post-wake DCS (30 mins-

4.5 hours)

Mid post-wake DCS (4.5 hours-

15 hours)

Late post-wake DCS (after 15

hours)

OR (95% Cl)

OR (95% Cl)

OR (95% Cl)

Main analysis*

Multiple imputation for all

Inverse probability of attrition weighting
Bonferroni correction

Excluding respondents with anxiety,
depression in the past 12 months
Excluding steroid inhaler, oral steroid, other
hormonal, anti-depressant or anxiety, and
birth control medication user
Additionally controlling for daily stressor
severity

2.16 (1.41, 3.32)***
1.52 (1.10, 2.10)*
2.26 (1.37, 3.71)**
2.16 (1.41, 3.32)*

2.36 (1.40, 3.97)**

2.14 (1.28, 3.59)**

2.07 (1.20, 3.57)*

1.93 (1.28, 2.90)**
1.52 (1.11, 2.10)*
2.04 (1.25, 3.32)**
1.93 (1.28, 2.90)*

2.20 (1.33, 3.64)**

1.80 (1.13, 2.86)*

1.90 (1.11, 3.23)**

1.58 (1.03, 2.43)*
1.39 (0.98, 1.97)
1.62 (0.97, 2.71)
1.58 (1.03, 2.43)

1.52 (0.91, 2.56)

1.41 (0.87, 2.30)

1.50 (0.85, 2.62)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
T Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking status,
multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers, oral steroids,
antidepressants, anti-anxiety medications, birth control pills, and other hormonal medications). A random intercept at the family level was included,
to allow for correlations between individuals from the same family.
¥ The proportional odds assumption was violated for early and mid post-wake DCSs, and CDR. The assumption was not violated for late post-wake
DCS, but it was not significant in the ordinal logistic regression.
Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase of one
standard deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR indicates a wider CDR, while one standard deviation

increase in AUC indicates a larger AUC.
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Supplementary Table 2-8 Robustness checks for associations of cortisol parameters with pain interference (low vs. high) and pain
multisite status (chronic non-multisite vs. chronic multisite) at MIDUS 3*

No baseline chronic pain

Adjusting for chronic pain at baseline

Low interference pain
vs high interference

pain at MIDUS 3

Chronic pain with 1-2 sites vs Chronic pain
with 3 or more sites at MIDUS 3

Low interference
pain vs high
interference pain
at MIDUS 3

Chronic pain with 1-2 sites vs Chronic
pain with 3 or more sites at MIDUS 3

Early post-wake DCS
(30 mins-4.5 hours)

Early post-wake DCS

(30 mins-4.5 hours)

Mid post-wake DCS
(4.5 hours-15 hours)

Early post-wake
DCS (30 mins-4.5
hours)

Early post-wake
DCS (30 mins-4.5
hours)

AUC

OR (95% Cl)

OR (95% Cl)

OR (95% Cl)

OR (95% Cl)

OR (95% Cl)

OR (95% Cl)

Main analysis*

Multiple imputation for all
Inverse probability of attrition
weighting

Bonferroni correction
Excluding respondents with
anxiety, depression in the past
12 months

Excluding steroid inhaler, oral
steroid, other hormonal, anti-
depressant or anxiety, and
birth control medication user
Additionally controlling for
daily stressor severity

2.60 (1.44, 4.70)**
1.68 (1.12, 2.53)*

4.36 (1.32, 14.44)*
2.60 (1.44, 4.70)*

4.37 (0.95, 20.15)

3.02 (0.15, 61.85)

2.70(0.87, 8.32)

2.73 (1.49, 4.99)**
2.02 (1.24, 3.28)**

5.84 (1.69, 20.19)**

2.73 (1.49, 4.99)*

3.08 (1.46, 6.50)**

2.62 (1.27, 5.42)**

2.66 (1.15, 6.15)*

2.21 (1.24, 3.91)**
1.92 (1.20, 3.06)**

5.76 (0.96, 34.41)
2.21(1.24, 3.91)

2.67 (1.30, 5.47)**

2.12 (1.06, 4.21)*

2.74 (1.10, 6.86)*

1.37 (1.04, 1.81)*
1.17 (0.94, 1.45)

2.10 (1.18, 3.74)*
1.37 (1.04, 1.81)

1.40 (1.01, 1.96)*

1.47 (1.03, 2.10)*

1.45 (0.91, 2.29)

1.33 (1.01, 1.75)*
1.12 (0.87, 1.43)

1.77 (0.98, 3.21)
1.33 (1.01, 1.75)

1.51 (1.08, 2.11)*

1.45 (1.00, 2.09)*

1.32(0.95, 1.84)

0.76 (0.58, 0.98)*
0.78 (0.61, 1.00)*

0.53 (0.29, 0.96)*
0.76 (0.58, 0.98)

0.65 (0.47, 0.89)**

0.88 (0.63, 1.24)

0.89 (0.67, 1.19)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
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t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking status, multimorbidity,
BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers, oral steroids, antidepressants, anti-anxiety
medications, birth control pills, and other hormonal medications). A random intercept at the family level was included, to allow for correlations between individuals
from the same family.

¥ The proportional odds assumption was violated for early and mid post-wake DCSs.

Note that cortisol parameters were standardized. An increase of one standard deviation in DCSs indicates flatter DCSs.
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Supplementary Table 2-9 Interacting chronic pain at baseline and diurnal cortisol rhythms as robustness checks for the subgroup

analyses

Interaction (cortisol * pain at baseline)

No pain vs presence of chronic pain at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

920
920
920
920
920
920

0.92 (0.75, 1.14)
0.98 (0.81, 1.19)
1.04 (0.85, 1.26)
1.21(0.99, 1.48)
0.91 (0.74, 1.12)
1.08 (0.87, 1.34)

1.00 (0.81, 1.23)
1.12 (0.88, 1.42)
1.14 (0.89, 1.45)
1.06 (0.83, 1.37)
0.87 (0.69, 1.10)
0.98 (0.79, 1.21)

0.585
0.411
0.565
0.423
0.779
0.508

No pain vs low interference pain at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

792
792
792
792
792
792

1.12 (0.89, 1.40)
1.20 (0.96, 1.50)
1.12 (0.90, 1.39)
0.86 (0.69, 1.07)
1.05 (0.84, 1.31)
0.91(0.72, 1.16)

0.98 (0.77, 1.24)
0.91 (0.69, 1.21)
0.89 (0.68, 1.18)
0.93 (0.70, 1.23)
1.13 (0.88, 1.46)
1.00 (0.78, 1.27)

0.336
0.103
0.326
0.170
0.666
0.605

No pain vs high interference pain at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

680
680
680
680
680
680

1.03 (0.70, 1.52)
1.59 (1.08, 2.34)*
1.55 (1.07, 2.26)*

1.35 (0.91, 2.00)

0.84 (0.59, 1.20)

1.07 (0.72, 1.60)

0.92 (0.66, 1.29)
1.06 (0.75, 1.48)
1.02 (0.72, 1.44)
0.89 (0.62, 1.28)
0.78 (0.54, 1.11)
0.85 (0.60, 1.20)

0.884
0.020
0.022
0.130
0.762
0.376
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Low interference pain vs high interference pain at MIDUS 3

N

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

328
328
328
328
328
328

1.18 (0.7, 1.97)
2.15 (1.35, 3.42)*
2.06 (1.30, 3.27)**
1.23 (0.81, 1.85)
0.82 (0.51, 1.33)
0.96 (0.58, 1.57)

0.87 (0.66, 1.16)
1.04 (0.74, 1.46)
0.95 (0.68, 1.32)
0.82 (0.59, 1.16)
0.91(0.68, 1.22)
0.82 (0.61, 1.11)

0.312
0.013
0.008
0.145
0.716
0.606

No pain vs chronic pain with 1-2 sites at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

784
784
784
784
784
784

1.12 (0.89, 1.40)
1.19 (0.96, 1.47)
1.08 (0.88, 1.34)
0.84 (0.68, 1.05)
1.09 (0.88, 1.36)
0.90 (0.71, 1.14)

0.86 (0.65, 1.14)
0.92 (0.69, 1.23)
0.91(0.67, 1.22)
0.93 (0.70, 1.24)
1.00 (0.75, 1.34)
0.86 (0.65, 1.13)

0.331
0.116
0.463
0.125
0.641
0.807

No pain vs chronic pain with 3 or more sites at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)

Early post-wake DCS (30 mins-4.5 hours)
Mid post-wake DCS (4.5 hours-15 hours)
Late post-wake DCS (after 15 hours)
CDR

AUC

703
703
703
703
703
703

0.98 (0.68, 1.41)
1.74 (1.18, 2.55)***
1.56 (1.08, 2.24)*
1.33(0.91, 1.93)
0.89 (0.63, 1.26)
0.95 (0.66, 1.36)

0.83 (0.63, 1.10)
1.02 (0.75, 1.38)
1.03 (0.76, 1.40)
0.97 (0.70, 1.35)
0.76 (0.56, 1.01)
0.76 (0.56, 1.02)

0.914
0.005
0.018
0.140
0.463
0.330

Chronic pain with 1-2 sites vs Chronic pain with 3 or more sites
at MIDUS 3

Cortisol * no pain

Cortisol * pain

P-value for interaction

CAR (0-30 mins)
Early post-wake DCS (30 mins-4.5 hours)

343
343

1.33(0.79, 2.23)
2.21 (1.37, 3.56)**

0.77 (0.57, 1.04)
1.00 (0.72, 1.40)

0.070
0.008



Mid post-wake DCS (4.5 hours-15 hours) 343
Late post-wake DCS (after 15 hours) 343
CDR 343
AUC 343

1.77 (1.13, 2.78)*
1.10 (0.73, 1.64)
1.05 (0.64, 1.71)
0.92 (0.56, 1.52)

0.98 (0.72, 1.35)
0.92 (0.66, 1.27)
0.79 (0.59, 1.06)
0.70 (0.51, 0.96)

0.038
0.504
0.329
0.350
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Statistical significance markers: * p<0.05; ** p<0.01; *** p <0.001

t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index, smoking and drinking status,
multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and medication intakes (e.g., steroid inhalers, oral steroids,
antidepressants, anti-anxiety medications, birth control pills, and other hormonal medications). A random intercept at the family level was included,

to allow for correlations between individuals from the same family.

Note that an increase of one standard deviation in CAR indicates a steeper CAR, whereas an increase of one standard deviation in DCSs indicates

flatter DCSs.
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Supplementary Table 2-10 Supplementary analysis of the cross-sectional associations between cortisol parameters and 3 or more
regions at baselinet

Pain status at baseline (No pain VS.) Chronic pain with 3 or more sites
Cortisol parameters OR (95% Cl)

CAR (0-30 mins) 0.80 (0.65, 0.99)*

Early post-wake DCS (30 mins-4.5 hours) 0.92 (0.74, 1.16)

Mid post-wake DCS (4.5 hours-15 hours) 0.92 (0.73, 1.16)

Late post-wake DCS (after 15 hours) 0.95 (0.75, 1.20)

CDR 0.85 (0.69, 1.04)

AUC 0.77 (0.62, 0.96)*

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001

t Adjusted for age, race, sex assigned at birth, income-to-needs ratio, education, marital status, physical activity index,
smoking and drinking status, multimorbidity, BMI, childhood experiences of parental emotional and physical abuse, and
medication intakes (e.g., steroid inhalers, oral steroids, antidepressants, anti-anxiety medications, birth control pills, and
other hormonal medications). A random intercept at the family level was included, to allow for correlations between
individuals from the same family.

Note that cortisol parameters were standardized. An increase of one standard deviation in CAR indicates a steeper CAR,
whereas an increase of one standard deviation in DCSs indicates flatter DCSs. One standard deviation increase in CDR
indicates a wider CDR, while one standard deviation increase in AUC indicates a larger AUC.
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Supplementary Table 2-11 Characteristics of non-standardized baseline cortisol parameters by chronic pain interference and by
widespreadness of pain in follow-up period, stratified by chronic pain outcomes at baseline

Subgroup A.1: respondents with low interference chronic

pain at baseline

Subgroup A.2: respondents with chronic pain with

1-2 sites at baseline

. - . High
. . Low interference High interference . Low interference .
Pain status at follow-up No Pain . . No Pain . interference
pain pain pain .
pain

Cortisol parameters N=118 N=111 N=43 N=111 N=75 N=41
CAR (0-30 mins) 0.49 (0.34) 0.51 (0.41) 0.49 (0.34) 0.50 (0.33) 0.48 (0.45) 0.53 (0.25)
Early post-wake DCS (30 mins- 4 15 ) -0.13 (0.04) -0.13 (0.05) -0.13 (0.05) -0.13 (0.05) -0.13 (0.05)
4.5 hours)
Mid post-wake DCS (4.5
hours-15 hours) -0.16 (0.04) -0.15 (0.03) -0.15 (0.04) -0.16 (0.04) -0.15 (0.03) -0.15 (0.03)
titjrf)“t'wake DCS (after 15 4 13 (0.04) -0.13 (0.03) -0.13 (0.03) -0.13 (0.04) -0.13 (0.03) -0.13 (0.03)
CDR 2.46 (0.44) 2.40 (0.59) 2.37(0.61) 2.47 (0.46) 2.35 (0.64) 2.40 (0.48)
AUC 4.83 (0.38) 4.84 (0.43) 4.82 (0.43) 4.85 (0.35) 4.84 (0.45) 4.85 (0.28)

. . . . . . Chronic pain
Pain status at follow-up No Pain Chronic p.aln with 1- Chronic paln.W|th 3 No Pain Chronic p.aln with with 3 or more

2 sites or more sites 1-2 sites .

sites

Cortisol parameters N=118 N=94 N=75 N=111 N=86 N=41
CAR (0-30 mins) 0.49 (0.34) 0.55 (0.33) 0.46 (0.42) 0.50 (0.33) 0.51 (0.36) 0.49 (0.43)
Early post-wake DCS (30 mins- ) 15 ) -0.13 (0.04) -0.13 (0.05) -0.13 (0.05) -0.13 (0.05) -0.13 (0.05)

4.5 hours)



Mid post-wake DCS (4.5
hours-15 hours)

Late post-wake DCS (after 15
hours)

CDR

AUC

-0.16 (0.04)

-0.13 (0.04)

2.46 (0.44)
4.83 (0.38)

-0.15 (0.03)

-0.13 (0.03)

2.45 (0.51)
4.89 (0.37)

-0.15 (0.03)

-0.13 (0.03)

2.34(0.67)
4.78 (0.46)

-0.16 (0.04)

-0.13 (0.04)

2.47 (0.46)
4.85 (0.35)

-0.15 (0.03)

-0.13 (0.03)

2.40 (0.57)
4.85 (0.38)
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-0.15 (0.04)

-0.13 (0.03)

2.33(0.60)
4.84 (0.41)

Subgroup B.1: respondents with high interference chronic

pain at baseline

Subgroup B.2: respondents with chronic pain with

3 or more sites at baseline

. . Low interference High interference . Low interference . High
Pain status at follow-up No Pain . . No Pain . interference
pain pain pain .
pain
Cortisol parameters N=24 N=19 N=55 N=34 N=58 N=58
CAR (0-30 mins) 0.36 (0.45) 0.47 (0.31) 0.35 (0.45) 0.35(0.45)  0.53(0.29)*/** 0.32 (0.47)
ia; 'Koplizt)‘wake DCS (30 mins- 13 (0.05) -0.14 (0.08) -0.14 (0.06) -0.13 (0.05) -0.14 (0.05) -0.14 (0.06)
Mid post-wake DCS (4.5
-0.15 (0.04 -0.16 (0.06 -0.16 (0.05 -0.16 (0.04 -0.16 (0.04 -0.16 (0.05
hours-15 hours) (0.03) (0.06) (0.05) (0.04) (0.04) (0.05)
tztjrf)OSt'Wake DCS (after 15 4 15 (0.03) -0.14 (0.06) -0.13 (0.04) -0.14 (0.04) -0.14 (0.04) -0.13 (0.04)
CDR 2.36 (0.70) 2.26 (0.75) 2.19 (0.66) 2.32 (0.56) 2.42 (0.58)/* 2.16 (0.72)
AUC 4.73 (0.40) 4.76 (0.27) 4.68 (0.43) 4.64 (0.46) 4.82 (0.34) 4.66 (0.50)
. . . . . . Chronic pain
Pain status at follow-up No Pain Chronic p.am with 1- - Chronic pam.W|th 3 No Pain Chronic p-aln with with 3 or more
2 sites or more sites 1-2 sites .
sites
Cortisol parameters N=24 N=25 N=51 N=34 N=36 N=86
CAR (0-30 mins) 0.36 (0.45) 0.43 (0.35) 0.36 (0.44) 0.35(0.45)  0.56 (0.29)*/** 0.38(0.42)
Earl -wake D ins-
arly post-wake DCS (30 mins- |5 o) -0.13 (0.06) -0.14 (0.07) -0.13 (0.05) -0.14 (0.04) -0.14 (0.06)

4.5 hours)



Mid post-wake DCS (4.5

hours-15 hours) -0.15 (0.04) -0.16 (0.05)
Late post-wake DCS (after 15 1012 (0.03) 1013 (0.06)
hours)

CDR 2.36 (0.70) 2.30 (0.63)
AUC 4.73 (0.40) 4.77 (0.31)

-0.16 (0.05)

-0.13 (0.04)

2.18 (0.69)
4.67 (0.42)

-0.16 (0.04)

-0.14 (0.04)

2.32(0.56)
4.64 (0.46)

-0.16 (0.04)

-0.13 (0.04)

2.48 (0.44)/*
4.92 (0.30)*/**
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-0.16 (0.04)

-0.13 (0.04)

2.25(0.72)
4.68 (0.45)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001 (ANOVA; before the '/', columns "No pain" and "Low interference pain" or
"Chronic pain with 1-2 sites" were compared; after the '/', the columns "Low interference pain" or "Chronic pain with 1-2 sites" and "High

interference pain" or "Chronic pain with 3 or more sites" were compared)
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Supplementary Materials for the Biomarker Project Stream Sample in the Mediation Analysis Chapter

Supplementary Table 3-1 High-risk values for AL biomarkers

Biomarker Simple High Risk Quartile
Hypothalamic Pituitary Adrenal

Axis

DHEA-s (ug/dL) <54 or 2146

Urine cortisol (ng/g) <7.3o0r2>21

Sympathetic Nervous System

Urine epinephrine (ug/g) >2.5
Urine norepinephrine (pg/g) >33
Urine Dopamine (ug/g) >175
Parasympathetic Nervous System
High-frequency HRV <54
Low-frequency HRV <111
RMSSD <12
SDRR (m s) <24
Cardiovascular

Resting heart rate (bpm) >80
Resting SBP (mmHg) >142
Resting DBP (mmHg) >82

Metabolic-glucose



Fasting glucose
Hemoglobin Alc%
HOMA-IR
Metabolic-lipids
Triglycerides (mg/dL)
WHR

BMI

LDL cholesterol (mg/dL)
HDL cholesterol (mg/dL)
Inflammation

CRP (mg/L)

IL6 (pg/mL)

TNF-a (pg/mL)
Fibrinogen (mg/dL)
E-Selectin (ng/mL)
ICAM-1 (ng/mL)

Blood Fasting IGF1
Growth Factor 1) ng/mL)

(Insulin-like

230

2104
26.1

>159
>0.96
232
2129
<42

23.1
1.1

22.5
2386
2326
>50

2159




Supplementary Table 3-2 Fit statistics for latent class analysis of AL

Model Loglikelihood AIC BIC Gsq SABIC Entropy %

1 -12602.86 25259.72 25387.68 13975.38 25205.72 NaN 1.000

2 -11963.06 24036.11 24296.77 12695.77 23926.11 85.1% 0.626 0.374

3 -11688.87 23543.74 23937.10 12147.40 23377.74 85.2% 0.246 0.497 0.257

4 -11571.45 23364.90 23890.96 11912.56 23142.90 84.4% 0.462 0.226 0.179 0.132

5 -11467.10 23212.20 23870.96 11703.86 22934.20 84.1% 0.157 0.134 0.099 0.429 0.181

6 -11386.33 23106.66 23898.13 11542.32 22772.66 81.9% 0.265 0.102 0.202 0.180 0.128 0.123

7 -11319.70 23029.41 23953.58 11409.07 22639.41 NaN 0.255 0.137 0.106 0.050 0.176 0.188 0.088
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Supplementary Figure 3-1 Identified phenotypes of AL
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Supplementary Table 3-3 Fit indices of test for measurement invariance
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Model Degree of freedom AIC BIC Chisq Chisq diff RMSEA diff Df diff Pr(>Chisq)
Configural invariance model 65 18759 19157 158.22

Metric invariance model 70 18762 19137 171.17 12.95 0.047255 5 0.024
Scalar invariance model 75 18819 19171 238.44 67.27 0.132255 5 0.000
Strict invariance model 81 18924 19248 354.72 116.28 0.160673 6 0.000




Supplementary Table 3-4 Analytic sample characteristics of Covariates, stratified by CP conditions

Pain interference No pain Low interference pain High interference pain
Variable N Mean SD N Mean SD N Mean SD  Test
Childhood covariates
Live with biological parents until 16 548 208 113 X2=5.677
No 99 18% 46 22% 31 27%
Yes 449  82% 162  78% 82 73%
Parental emotional abuse 509 2.5 1.3 103 3 1.5 193 27 1.4  F=5.067"""
Parental physical abuse 512 2.2 1.3 105 2.6 1.4 196 2.3 1.3  F=6.541"""
Sociodemographics - time invariant
Sex 548 208 113 X2=9.516"""
Male 261 48% 91 44% 36 32%
Female 287  52% 117  56% 77 68%
Ethnicity 540 204 109 X2=0.037
White 507 94% 192 94% 102 94%
non-White 33 6% 12 6% 7 6%
MIDUS 1 covariates
Age in MIDUS 1 548 45 11 208 46 11 113 44 10 F=1.235
Marital status in MIDUS 1 548 208 113 X2=0.739
Not married 160 29% 55 26% 30 27%
Married 388 71% 153  74% 83 73%
Multimorbidity in MIDUS 1 540 204 109 X2=35.997""*
No 293 54% 95 47% 25 23%
Yes 247  46% 109 53% 84 77%
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Marital status in MIDUS 2
Not married
Married
MIDUS 2 covariates
Age in MIDUS 2
Multimorbidity in MIDUS 2
No
Yes
Chronic pain in MIDUS 2
No
Yes
Health insurance in MIDUS 2
Yes
No
Physical activity in MIDUS 2
Smoking status in MIDUS 2
Current smoker
Ex-smoker
non-Smoker
Drinking status in MIDUS 2
Moderate + Drinker
Light Drinker
non-Drinker or Rarley Drink
Medications
Antihyperlipidemic agents
No
Yes

547
151
396

548
548
295
253
540
421
119
543
516
27

520
548
50

331
167
548
180
172
196

547
380
167

28%
72%

54

54%
46%

78%
22%

95%
5%
30

9%
60%
30%

33%
31%
36%

69%
31%

11

10

208
51
157

208
208
79
129
205
110
95
208
195
13
193
208
20
130
58
208
83
55
70

113
83
30

25%
75%

55

38%
62%

54%
46%

94%
6%
30

10%
62%
28%

40%
26%
34%

73%
27%

11

10

113
25
88

113
113
25
88
113
35
78
112
100
12
102
113
18
68
27
113
34
28
51

208
142
66

22%
78%

53

22%
78%

31%
69%

89%
11%
30

16%
60%
24%

30%
25%
45%

68%
32%

10

11

X2=1.835

F=1.099
X2=44.861

* %k %k

X2=110.082"""

X2=5.431"

F=0.004
X2=5.99

X2=7.862"

X2=0.968
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Beta adrenergic blocking agents 547 113 208 X2=7.943"
No 489  89% 92 81% 174  84%
Yes 58 11% 21 19% 34 16%
Antihypertensive combinations 547 113 208 X2=0.796
No 505 92% 103  91% 188  90%
Yes 42 8% 10 9% 20 10%
Analgesics 547 113 208 X2=22.966""
No 287 52% 35 31% 82 39%
Yes 260  48% 78 69% 126  61%
Anxiolytics sedatives and hypnotics 547 113 208 X2=18.987"""
No 493  90% 85 75% 179 86%
Yes 54 10% 28 25% 29 14%
Antidiabetic agents 547 113 208 X2=3.214
No 507 93% 99 88% 191  92%
Yes 40 7% 14 12% 17 8%
Sex hormones 547 113 208 X2=1.851
No 490 90% 100 88% 179 86%
Yes 57 10% 13 12% 29 14%
Thyroid hormones 547 113 208 X2=1.871
No 493  90% 104 92% 182 88%
Yes 54 10% 9 8% 26 12%
Antidepressants 547 113 208 X2=18.813"""
No 481 88% 82 73% 182 88%
Yes 66 12% 31 27% 26 12%
Pain locations 0 1-2 3+
Variable N Mean SD N Mean SD N Mean SD  Test
Live with biological parents until 16 548 208 127 X2=4.385



No

Yes
Parental emotional abuse
Parental physical abuse
Sex

Male

Female

Ethnicity
White
non-White
Age in MIDUS 1
Marital status in MIDUS 1
Not married
Married
Multimorbidity in MIDUS 1
No
Yes
Marital status in MIDUS 2
Not married
Married
Age in MIDUS 2
Multimorbidity in MIDUS 2
No

Yes

99

449
509
512
548
261
287

540
507
33

548
548
160
388
540
293
247
547
151
396
548
548
295
253

18%
82%
2.5
2.2

48%
52%

94%
6%
45

29%
71%

54%
46%

28%
72%
54

54%
46%

13
13

11

11

49
159
193
197
208
99

109

203
192
11

208
208
51

157
203
89

114
208
46

162
208
208
79

129

24%
76%
2.7
2.3

48%
52%

95%
5%
45

25%
75%

44%
56%

22%
78%
54

38%
62%

13
13

11

11

31
96
115
117
127
34
93
124

115

127
127
37
90
124
36
88
127
36
91
127
127
31
96

24%
76%
2.8
2.6

27%
73%

93%
7%
47

29%
71%

29%
71%

28%
72%
56

24%
76%

1.5
14

11

11

F=3.482"
F=6.488"""
X2=19.124

* %k %k

X2=0.454

F=2.054
X2=1.714

* %k %k

X2=27.731

X2=2.62

F=2.192
X2=42.763"""
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Chronic pain in MIDUS 2
No
Yes
Health insurance in MIDUS 2
Yes
No
Physical activity in MIDUS 2
Smoking status in MIDUS 2
Current smoker
Ex-smoker
non-Smoker
Drinking status in MIDUS 2
Moderate + Drinker
Light Drinker
non-Drinker or Rarley Drink
Antihyperlipidemic agents
No
Yes
Beta adrenergic blocking agents
No
Yes
Antihypertensive combinations
No

540
421
119
543
516
27

520
548
50

331
167
548
180
172
196
547
380
167
547
489
58

547
505

78%
22%

95%
5%
30

9%
60%
30%

33%

31%

36%

69%
31%

89%
11%

92%

10

204
108
96
207
197
10
190
208
17
132
59
208
73
58
77
208
145
63
208
175
33
208
193

53%
47%

95%
5%
31

8%
63%
28%

35%

28%

37%

70%
30%

84%
16%

93%

10

127
43
84
127
109
18
113
127
23
77
27
127
47
29
51
127
87
40
127
103
24
127
111

34%
66%

86%
14%
29

18%
61%
21%

37%

23%

40%

69%
31%

81%
19%

87%

11

* %k %k

X2=107.868

X2=15.78

F=1.881
X2=12.558""

X2=3.941

X2=0.059

X2=8.172""

X2=3.693
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Yes
Analgesics
No
Yes
Anxiolytics sedatives and hypnotics
No
Yes
Antidiabetic agents
No
Yes
Sex hormones
No
Yes
Thyroid hormones
No
Yes
Antidepressants
No

Yes

42
547
287
260
547
493
54

547
507
40

547
490
57

547
493
54

547
481
66

8%

52%
48%

90%
10%

93%
7%

90%
10%

90%
10%

88%
12%

15
208
78
130
208
177
31
208
187
21
208
181
27
208
186
22
208
173
35

7%

38%
62%

85%
15%

90%
10%

87%
13%

89%
11%

83%
17%

16
127
42
85
127
100
27
127
116
11
127
112
15
127
114
13
127
100
27

13%

33%
67%

79%
21%

91%
9%

88%
12%

90%
10%

79%
21%

239

%k ¥

X2=23.791

* k%

X2=13.251

X2=1.607

X2=1.043

X2=0.086

X2=8.198""

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001



Supplementary Table 3-5 Baseline sample characteristics

Variables in MIDUS 1

Attrtition

Retention

N Mean SD

N Mean SD Test

Sex
Male

Female
Ethnicity

White

non-White

Age

Marital status in MIDUS 1
Married
Not married

Parental emotional abuse

Parental physical abuse

Live with biological parents until 16

No

Yes
Multimorbidity

<2

2+

6161
3020 49%
3141 51%
5331

4781 90%
550 10%
6104 47
5353

3988 75%
1365 25%
4847 2.6
4921 2.4
6158

1402 23%
4756 77%

5386

2395 44%
2991 56%

13

1.4
1.3

945
420 44%
525 56%
923

867 94%
56 6%
945 45
831

678 82%
153 18%
868 2.6
878 2.3
945

193 20%
752 80%
922

442 48%
480 52%

11

1.4
1.3

3 %k %

X2=6.68

3% %k %

X2=15.757

3% %k

F=8.056

% %k k

X2=19.132

F=0.062
F=3.647"
X2=2.452

X2=3.696"
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Fathers education
less than high school
high school/GED/some college
bachelor's degree or more
Mother education
less than high school
high school/GED/some college
bachelor's degree or more

Financial level growing up
A lot better off
Somewhat better off
A little better off
Same as average family
A little worse off
Somewhat worse off
A lot worse off
Father's occupation
Managerial And Professional Specialty Occupations
Technical, Sales, And Administrative Support Occupations
Service Occupations
Farming, Forestry, And Fishing Occupations

Precision Production, Craft, And Repair Occupations

5227
2123
2186
918

5698
1994
3066
638

5365
189
631
709
2287
941
421
187

5387

1298
765
250
681
1292

41%
42%
18%

35%
54%
11%

4%
12%
13%
43%
18%
8%
3%

24%
14%
5%

13%
24%

874
308
383
183
920
246
533
141

922
23
120
148
362
176
70
23

870

258
146
35

123
157

35%
44%
21%

27%
58%
15%

2%
13%
16%
39%
19%
8%
2%

30%
17%
4%

14%
18%

241

3% %k %

X2=10.87

% %k %k

X2=29.904

X2=13.704""

% %k k

X2=30.695



Operators, Fabricators, And Laborers

Experienced Unemployed Not Classified By Occupations
Rate current financial situation
Money to meet needs

More than enough money

Just enough money

Not enough money
How difficult to pay monthly bills

Not at all difficult

Not very difficult

Somewhat difficult

Very difficult
Education

less than high school

high school/GED/some college

bachelor's degree or more
Income-to-needs ratio

Affluent

Adequate-income

Low-income

Poor

Extreme poverty

981
120

5317
5331
825

3019
1487
5328
1455
2016
1540
317

6151
647

3745
1759

5199

3152
1207
447

128
265

18%
2%
6.1

15%
57%
28%

27%
38%
29%
6%

11%
61%
29%

61%
23%
9%
2%
5%

2.2

130
21

914
921
192
519
210
921
288
351
229
53

944
34

488
422
911
666
164
47

12

22

15%
2%
6.3

21%
56%
23%

31%
38%
25%
6%

4%
52%
45%

73%
18%
5%
1%
2%

242

2.2 F=3.89""

3% %k

X2=21.442

X2=9.011""

% %k %k

X2=121.443

* %k %

X2=56.353



Occupation 5902
Managerial And Professional Specialty Occupations 2057
Technical, Sales, And Administrative Support Occupations 1629
Service Occupations 528
Farming, Forestry, And Fishing Occupations 117
Precision Production, Craft, And Repair Occupations 664
Operators, Fabricators, And Laborers 584

Experienced Unemployed Not Classified By Occupations 323

35%
28%
9%
2%
11%
10%
5%

919
422
239
77
20
70
61
30

243
X2=54.144"""
46%
26%
8%
2%
8%
7%
3%

Statistical significance markers: * p<0.05; ** p<0.05; *** p<0.01
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Supplementary Table 3-6 Sensitivity analyses for the significant associations between lifecourse SES and CP conditions in the main

analyses

AL Stream Main results Complete-case analysis  Estimator = "MLR"
High pain interference vs no pain P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> CP 0.485 0.648 0.519
MIDUS 1 SES -> CP 0.552 0.892 0.613
MIDUS 2 SES -> CP 0.001 0.003 0.003
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 1 SES -> CP 0.554 0.892 0.618
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.013 0.026 0.020
Childhood SES -> MIDUS 2 SES -> CP 0.005 0.009 0.009
MIDUS1 SES -> MIDUS 2 SES -> CP 0.002 0.005 0.005

Main results

Complete-case analysis

Estimator = "MLR"

Pain with 3 or more locations vs no pain P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> CP 0.528 0.694 0.540
MIDUS 1 SES -> CP 0.064 0.227 0.124
MIDUS 2 SES -> CP 0.040 0.064 0.069



Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 1 SES -> CP 0.087 0.248 0.143
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.076 0.110 0.098
Childhood SES -> MIDUS 2 SES -> CP 0.057 0.080 0.079
MIDUS1 SES -> MIDUS 2 SES -> CP 0.044 0.069 0.074
Main results Complete-case analysis  Estimator = "MLR"
Pain with 1-2 locations vs no pain P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> CP 0.176 0.135 0.187
MIDUS 1 SES -> CP 0.221 0.202 0.208
MIDUS 2 SES -> CP 0.028 0.018 0.028
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 1 SES -> CP 0.231 0.217 0.204
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.056 0.045 0.052
Childhood SES -> MIDUS 2 SES -> CP 0.043 0.027 0.040
MIDUS1 SES -> MIDUS 2 SES -> CP 0.033 0.021 0.031

Note: MLR denotes maximum likelihood with robust standard errors
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Supplementary Table 3-7 Sensitivity analyses for the associations between lifecourse SES and AL

Main results Complete-case analysis  Estimator = "MLR"
Metabolic dysregulation vs baseline phenotype of AL P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> AL 0.028 0.010 0.025
MIDUS 1 SES -> AL 0.905 0.597 0.904
MIDUS 2 SES -> AL 0.049 0.007 0.046
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS1 SES -> AL 0.905 0.601 0.349
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES -> AL 0.092 0.043 0.069
Childhood SES -> MIDUS 2 SES -> AL 0.070 0.018 0.051
MIDUS1 SES -> MIDUS 2 SES -> AL 0.053 0.009 0.057

Note: MLR denotes maximum likelihood with robust standard errors
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Supplementary Table 3-8 Sensitivity analyses for the associations between metabolic dysregulation of AL and high interference CP

Main results Complete-case analysis  Estimator = "MLR"
High pain interference vs no pain P-value P-value P-value
AL - metabolic dysregulation 0.022 0.038 0.028

Note: MLR denotes maximum likelihood with robust standard errors



Supplementary Table 3-9 Covariate associations within the main

remained robust following sequential sensitivity analyses

Covariates in MIDUS 1

High interference pain

1-2 pain location

Metabolic dysregulation of AL

Estimate (SE)

Estimate (SE)

Estimate (SE)

Sex (Ref: male)

Ethnicity (Ref: white)

Emotional abuse

Physical abuse

Live with biological parents until 16 (Ref: no)
Age in MIDUS 1

Marital status in MIDUS 1 (Ref: married)
Multimorbidity in MIDUS 1 (Ref: no)
Covariates in MIDUS 2

Age in MIDUS 2

Marital status in MIDUS 2 (Ref: married)
Multimorbidity in MIDUS 2 (Ref: no)
Chronic pain in MIDUS 2 (Ref: no)
Health insurance in MIDUS 2 (ref: yes)

0.060 (0.027)*
-0.072 (0.057)
0.000 (0.013)
0.025 (0.013)
-0.025 (0.034)
-0.043 (0.025)
0.041 (0.037)
0.086 (0.028)*

0.042 (0.025)
0.081 (0.037)*
0.065 (0.029)*

0.245 (0.030)***

0.032 (0.060)

-0.004 (0.033)
-0.039 (0.070)
0.010 (0.016)
0.005 (0.017)
-0.054 (0.042)
-0.016 (0.031)
0.058 (0.045)
0.031 (0.034)

0.013 (0.031)
0.044 (0.045)
0.090 (0.034)**

0.209 (0.036)***

-0.028 (0.079)

-0.255 (0.037)***

-0.013 (0.075)
0.002 (0.018)
0.002 (0.019)
-0.011 (0.045)
0.029 (0.033)
0.056 (0.048)
0.053 (0.038)

-0.027 (0.033)
0.029 (0.049)
0.118 (0.039)**
-0.019 (0.040)
0.088 (0.078)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
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Supplementary Table 4-1 Day level characteristics of cortisol collection

Day-level characteristics

Variable N Mean Sd
Cortisol: awakening 3841 15 8.3
Cortisol: 30 mins after awakening 3841 22 11
Cortisol: lunchtime 3841 6.7 4.4
Cortisol: bedtime 3841 2.8 3.8
S;)rllt(iascg:on time for awakening 3841 6.7 13
g\c,:,ll,i(:rl,?:gtlme for 30 mins after 3841 73 13
Collection time for lunch 3836 12.7 1.4
Collection time for bedtime 3841 22.5 1.3
Average waking hours 3841 17 0.86
Weekday 3841

... Weekday 2879 75%

... Weekend 962 25%

Average sleeping hours 3701

... 6-8 2776 75%

..<6 320 9%

..>8 605 16%
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Supplementary Table 4-2 Computation for cortisol diurnal trajectory and its parameters

Fixed effects: Estimate P-value
(Intercept) 3.48 (0.25) 0.000
CAR (0-30mins) 0.50(0.11) 0.000
Early post-wake DCS (30mins-4.5hours) -0.13(0.01) 0.000
Mid post-wake DCS (4.5mins-15hours) -0.16 (0.00) 0.000
Evening DCS (after 15hours) -0.13 (0.00) 0.000
Waking time -0.04 (0.01) 0.000
Average wake-day length (individual-level) -0.03 (0.01) 0.078
Length of sleep the previous night

6-8 hours Ref

<6 hours -0.06 (0.01) 0.000

>8 hours -0.04 (0.02) 0.113
Weekend vs. workday status

Weekday Ref

Weekend -0.04 (0.02) 0.042
Random effects: Variance Std.Dev.
Between persons SD
(Intercept) 0.146 0.383
CAR (0-30mins) 0.211 0.459
Early post-wake DCS (30mins-4.5hours) 0.009 0.095
Mid post-wake DCS (4.5mins-15hours) 0.003 0.050
Evening DCS (after 15hours) 0.002 0.046
Between days SD
(Intercept) 0.000 0.000
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Early post-wake DCS (30mins-4.5hours) 0.000 0.000
Between family SD

(Intercept) 0.0323 0.1799
Residual SD 0.336 0.580
R? 0.761

tAdjusted for waking time on day of measurement, weekend vs. workday
status, length of sleep the previous night, average wake-day length
(individual-level).
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Supplementary Figure 4-1 Correlation matrix of cortisol parameters
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Supplementary Table 4-3 Fit indices of test for measurement invariance

253

Model Degree of freedom AIC BIC Chisq Chisq diff RMSEA diff Df diff Pr(>Chisq)
Configural invariance model 65 23414 23833 178.27

Metric invariance model 70 23429 23823 202.93 24.658 0.065766 5 0.000
Scalar invariance model 75 23502 23873 286.7 83.767 0.131646 5 0.000
Strict invariance model 81 23603 23945 399.39 112.690 0.139863 6 0.000




Supplementary Table 4-4 Analytic sample characteristics of Covariates, stratified by CP conditions

CP inteference No pain Low interference pain  High interference pain
Variable N Mean Sd N Mean Sd N Mean Sd Test
Childhood covariates
Live with biological parents until 16 700 276 152 X2=3.182
.. No 124 18% 56 20% 36 24%
... Yes 576 82% 220 80% 116 76%
Parental emotional abuse 655 2.4 1.3 138 29 1.4 253 2.7 1.4 F=6.31"""
Parental physical abuse 655 2.1 13 139 25 1.3 259 2.2 1.3 F=3.39"
Sociodemographics - time invariant
Sex 700 276 152 X2=9.12"
Male 336 48% 113 41% 55 36%
Female 364 52% 163  59% 97 64%
Ethnicity 693 272 147 X2=0.328
White 659 95% 261  96% 140 95%
non-White 34 5% 11 4% 7 5%
MIDUS 1 covariates
Age in MIDUS 1 700 46 11 276 47 12 152 47 11 F=1.472
Marital status in MIDUS 1 700 276 152 X2=0.862
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... Not married
... Married

Multimorbidity in MIDUS 1
.. No

... Yes

MIDUS 2 covariates
Marital status in MIDUS 2
... Not married

... Married

Age in MIDUS 2
Multimorbidity in MIDUS 2

.. No

.. Yes

BMI in MIDUS 2

Chronic pain in MIDUS 2
..No

... Yes

Health insurance in MIDUS 2
... Yes

.. No

Physical activity (high scores=high levels)

179
521

693
399
294

700
699
178

521
691
356
335
668
672
525
147
687
657
30

659

26%
74%

58%
42%

55

25%
75%

52%
48%
27

78%
22%

96%
4%
30

11

5.1

11

78
198

272
117
155

276
276
69

207
273
102
171
262
270
137
133
272
253
19
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28%
72%

43%
57%

56

25%
75%

37%
63%
28

51%
49%

93%
7%
29

12

5.4

10

38
114

147
34
113

152
152
38

114
150
35

115
143
150
50

100
148
133
15

131

25%
75%

23%
77%

56

25%
75%

23%
77%
30

33%
67%

90%
10%
28

11

6.3

11

X2=63.552*""

F=1.565
X2=0.03

X2=46.653

F=11.179""
X2=141.492

X2=8.398°

F=1.593

3% %k %

% %k
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Smoking status in MIDUS 2
... Current smoker

... Ex-smoker

... hon-Smoker

Drinking status in MIDUS 2
... Moderate + Drinker

... Light Drinker

... non-Drinker or Rarley Drink
NSDE covariates

Steroid inhaler in NSDE
..No

... Yes
Oral steroid meds in NSDE

.. No

... Yes
Other hormonal meds in NSDE
.. No

... Yes
Anti-depressant or anti- anxiety meds in NSDE
..No

... Yes

700
66

413
221
700
225

215
260

700

677

23
700

685
15
700
685
15

700
629
71

9%
59%
32%

32%
31%
37%

97%
3%

98%
2%

98%
2%

90%
10%

276
26
177
73
276
92

76
108

276
271

276
267

276
268

276
236
40

9%
64%
26%

33%
28%
39%

98%
2%

97%
3%

97%
3%

86%
14%

152
26
94
32
152
40

35
77

152
147

152
147

152
147

152
139
13

17%
62%
21%

26%
23%
51%

97%
3%

97%
3%

97%
3%

91%
9%
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3% %k %

X2=13.856

X2=10.248""

X2=1.597

X2=1.35

X2=0.94

*

X2=4.897
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3% %k %

Birth control pills in NSDE 700 276 152 X2=28.06
.. No 631 90% 235  85% 113 74%
... Yes 69 10% 41 15% 39 26%
CP locations 0 1-2 3 or more
Variable Mean Sd N Mean Sd N Mean Sd Test
Childhood covariates
Live with biological parents until 16 700 275 178 X2=1.903
..No 124 18% 58 21% 37 21%
... Yes 576 82% 217 79% 141 79%
Parental emotional abuse 655 2.4 1.3 256 2.6 1.3 158 2.9 1.5 F=6.489""
Parental physical abuse 655 2.1 1.3 261 2.2 1.3 161 2.5 1.4 F=5.208""
Sociodemographics - time invariant
Sex 700 275 178 X2=8.915™"
Male 336 48% 118  43% 64 36%
Female 364 52% 157  57% 114 64%
Ethnicity 693 270 174 X2=0.644
White 659 95% 260 96% 166 95%
Non-White 34 5% 10 4% 8 5%
MIDUS 1 covariates
Age in MIDUS 1 700 46 11 275 47 12 178 49 11 F=6.316"""
Marital status in MIDUS 1 700 275 178 X2=0.144
... Not married 179 26% 71 26% 48 27%



... Married

Multimorbidity in MIDUS 1
. <2

.. 2+

MIDUS 2 covariates

Age in MIDUS 2

Marital status in MIDUS 2

... Not married
... Married

Multimorbidity in MIDUS 2

. <2

.2+

BMI in MIDUS 2

Chronic pain in MIDUS 2
..No

... Yes

Health insurance in MIDUS 2
... Yes

..No

Physical activity (high scores=high levels)
Smoking status in MIDUS 2

521
693
399
294

700
699

178
521

691

356
335

668
672

525
147
687

657
30

659
700

74%

58%
42%

55

25%
75%

52%
48%
27

78%
22%

96%
4%
30

11

5.1

11

204
270
113
157

275
275

64
211

271

104
167

261
267

144
123
269

259
10

237
275

74%

42%
58%

56

23%
77%

38%
62%
28

54%
46%

96%
4%
31

12

5.2

10

130
174
43

131

178
178
52

126
177

39
138

168
177

50
127
175

148
27

160
178

73%

25%
75%

58

29%
71%

22%
78%
30

28%
72%

85%
15%
26

11

6.4

11
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% %k

X2=66.982

EET)

F=6.819
X2=2.009

X2=54.03"""

F=12.846"""

3% %k %

X2=168.93

% %k k

X2=33.706

3% %k %

F=10.377
X2=11.161""



... Current smoker
... Ex-smoker

... Non-Smoker

Drinking status in MIDUS 2

... Moderate+ Drinker

... Light Drinker

... Non-Drinker or Rarley Drink
NSDE covariates

Steroid inhaler in NSDE

..No

... Yes

Oral steroid meds in NSDE
..No

... Yes
Other hormonal meds in NSDE
.. No

... Yes

Anti-depressant or anti- anxiety meds in NSDE

.. No

... Yes
Birth control pills in NSDE
..No

66
413
221

700
225

215
260

700
677
23

700

685
15

700
685
15

700
629
71

700
631

9%
59%
32%

32%

31%
37%

97%
3%

98%
2%

98%
2%

90%
10%

90%

29
176
70

275
84

82
109

275
269

275
267

275
265
10

275
242
33

275
229

11%
64%
25%

31%

30%
40%

98%
2%

97%
3%

96%
4%

88%
12%

83%

26
114
38

178
53

36
89

178
174

178
172

178
175

178

157
21

178
139

15%
64%
21%

30%

20%
50%

98%
2%

97%
3%

98%
2%

88%
12%

78%

X2=11.759""

X2=1.152

X2=1.101

X2=2.349

X2=0.904

X2=21.361"""
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... Yes 69 10% 46 17% 39 22%

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
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Supplementary Table 4-5 Baseline sample characteristics

Attrtition Retention
Variables in MIDUS 1 N Mean SD N Mean SD Test
Sex 5860 1246 X2=9.62"""
Male 2887 49% 553 44%
Female 2973 51% 693 56%
Ethnicity 5029 1225 X2=44.882"*"
White 4479 89% 1169 95%
Non-White 550 11% 56 5%
Age 5803 46 13 1246 47 11 F=0.149
Marital status 5069 1115 X2=38.951"""
... Married 3743 74% 923 83%
... Not married 1326 26% 192 17%
Parental emotional abuse 4563 2.6 1.4 1152 2.5 1.4 F=0.983
Parental physical abuse 4638 2.4 1.3 1161 2.2 1.3 F=12.32"""
Live with biological parents until 16 5857 1246 X2=10.476""
..No 1359 23% 236 19%
... Yes 4498 77% 1010 81%
Multimorbidity 5084 1224 X2=6.889""

. <2 2245 44% 592 48%



.2+
Fathers education
Less than high school
High school/GED/some college
Bachelor's degree or more
Mother education
Less than high school
High school/GED/some college
Bachelor's degree or more
Financial level growing up

A lot better off

Somewhat better off
A little better off
Same as average family

A little worse off
Somewhat worse off

A lot worse off

Father's occupation

Managerial And Professional Specialty Occupations
Technical, Sales, And Administrative

Occupations
Service Occupations

2839
4968
2007
2078
883

5407
1890
2906
611

5065

183
597

676
2158

876
395
180

5118
1250

711

236

56%

40%
42%
18%

35%
54%
11%

4%
12%
13%
43%
17%
8%

4%

24%
14%

5%

632
1133
424
491
218
1211
350
693
168
1222

29
154

181
491
241

96
30

1139
306

200

49

52%

37%
43%
19%

29%
57%
14%

2%
13%
15%
40%
20%
8%
2%

27%
18%

4%

X2=3.65

3% %k %

X2=18.477

X2=14.788""

X2=24.789™""
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Farming, Forestry, And Fishing Occupations

Precision Production, Craft, And Repair Occupations

Operators, Fabricators, And Laborers

Experienced Unemployed
Occupations

Rate current financial situation
Money to meet needs
More than enough money
Just enough money
Not enough money
How difficult to pay monthly bills
Not at all difficult
Not very difficult

Somewhat difficult
Very difficult

Education

Less than high school
High school/GED/some college

Bachelor's degree or more
Income-to-needs ratio
Affluent

Adequate-income

Not

Classified

By

643
1221
940

117

5015
5031
750

2855
1426
5028
1355
1887
1472
314

5852
627

3557
1668
4899
2954
1129

13%
24%
18%
2%

6.1

15%
57%
28%

27%
38%
29%
6%

11%
61%
29%

60%
23%

2.2

161
228
171
24

1216
1221
267
683
271
1221
388
480

297
56
1243

54
676
513
1211
864
242

14%
20%
15%
2%

6.4

22%
56%
22%

32%
39%
24%
5%

4%
54%
41%

71%
20%

2.1
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3% %k %k

F=22.804

% %k %k

X2=43.06

3% %k %

X2=22.108

3% %k %

X2=104.747

X2=64.393"""



Low-income 438

Poor 126

Extreme poverty 252
Occupation 5615

Managerial And Professional Specialty Occupations 1938
Technical, Sales, And Administrative Support

. 1544
Occupations
Service Occupations 519
Farming, Forestry, And Fishing Occupations 113

Precision Production, Craft, And Repair Occupations 630

Operators, Fabricators, And Laborers 554

Experienced Unemployed Not Classified By

17
Occupations 3

9%
3%
5%

35%
27%
9%
2%
11%
10%

6%

56
14
35

1206
541

324

86

24
104
91

36

5%
1%
3%

X2=59.823
45%
27%
7%
2%
9%
8%

3%
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Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
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Supplementary Table 4-6 Sensitivity analyses for the significant associations between lifecourse SES and CP conditions in the main

analyses
NSDE Stream Main results Complete-case analysis  Estimator = "MLR"
High pain interference vs no pain P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> CP 0.395 0.604 0.408
MIDUS 1 SES -> CP 0.131 0.302 0.182
MIDUS 2 SES -> CP 0.001 0.000 0.002
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 1 SES -> CP 0.146 0.311 0.194
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.005 0.005 0.016
Childhood SES -> MIDUS 2 SES -> CP 0.003 0.001 0.006
MIDUS1 SES -> MIDUS 2 SES -> CP 0.001 0.000 0.002
Main results Complete-case analysis  Estimator = "MLR"

Pain with 3 or more locations vs no pain P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> CP 0.367 0.280 0.375
MIDUS 1 SES -> CP 0.026 0.199 0.054
MIDUS 2 SES -> CP 0.028 0.005 0.043
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 1 SES -> CP 0.043 0.217 0.067
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Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.048 0.026 0.069
Childhood SES -> MIDUS 2 SES -> CP 0.039 0.010 0.048
MIDUS1 SES -> MIDUS 2 SES -> CP 0.031 0.006 0.044

Note: MLR denotes maximum likelihood with robust standard errors



Supplementary Table 4-7 Sensitivity analyses for the associations between lifecourse SES and cortisol parameters

Main results Complete-case analysis  With robust SEs
Outcome: Early post-wake DCS P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> Outcome 0.610 0.702 0.375
MIDUS 1 SES -> Outcome 0.947 0.736 0.054
MIDUS 2 SES -> Outcome 0.015 0.066 0.043
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS1 SES -> Outcome 0.926 0.737 0.067
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES -> Outcome  0.030 0.095 0.069
Childhood SES -> MIDUS 2 SES -> Outcome 0.023 0.074 0.048
MIDUS1 SES -> MIDUS 2 SES -> Outcome 0.016 0.068 0.044
Main results Complete-case analysis  With robust SEs
Outcome: Mid post-wake DCS P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> Outcome 0.359 0.540 0.358
MIDUS 1 SES -> Outcome 0.947 0.742 0.947
MIDUS 2 SES -> Outcome 0.010 0.040 0.015
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS1 SES -> Qutcome 0.947 0.742 0.947
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES -> Outcome  0.023 0.069 0.038
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Childhood SES -> MIDUS 2 SES -> Outcome 0.017 0.048 0.024
MIDUS1 SES -> MIDUS 2 SES -> Outcome 0.011 0.042 0.015
Main results Complete-case analysis  With robust SEs
Outcome: CDR P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> Outcome 0.472 0.857 0.580
MIDUS 1 SES -> Outcome 0.608 0.637 0.645
MIDUS 2 SES -> Outcome 0.003 0.015 0.013
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS1 SES -> Outcome 0.610 0.639 0.642
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES -> Outcome  0.011 0.038 0.040
Childhood SES -> MIDUS 2 SES -> Outcome 0.007 0.021 0.023
MIDUS1 SES -> MIDUS 2 SES -> Outcome 0.003 0.016 0.015
Main results Complete-case analysis  With robust SEs
Outcome: AUC P-value P-value P-value
Childhood SES -> MIDUS 1 SES 0.000 0.000 0.000
Childhood SES -> MIDUS 2 SES 0.000 0.000 0.000
MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> Outcome 0.834 0.911 0.837
MIDUS 1 SES -> Outcome 0.528 0.441 0.578
MIDUS 2 SES -> Outcome 0.045 0.102 0.090
Childhood SES -> MIDUS1 SES -> MIDUS 2 SES 0.000 0.000 0.000
Childhood SES -> MIDUS1 SES -> Outcome 0.531 0.447 0.573
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Childhood SES -> MIDUS1 SES -> MIDUS 2 SES -> Outcome  0.063 0.131 0.131

Childhood SES -> MIDUS 2 SES -> Outcome 0.054 0.111 0.109

MIDUS1 SES -> MIDUS 2 SES -> Outcome 0.046 0.104 0.092
Note: MLR denotes maximum likelihood with robust standard errors
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Supplementary Table 4-8 Sensitivity analyses for the associations between CDR, AUC and pain with 3 or more locations

Main results Complete-case analysis  Estimator = "MLR"
Pain with 3 or more locations vs no pain P-value P-value P-value
CDR 0.014 0.023 0.015
AUC 0.015 0.011 0.019

Note: MLR denotes maximum likelihood with robust standard errors
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Supplementary Table 4-9 Covariate associations within the main associations between lifecourse SES and key outcomes, which

remained robust following sequential sensitivity analyses

Covariates in MIDUS 1

High interference pain

3 or more pain locations

Mid post-wake DCS

CDR

Estimate (SE)

Estimate (SE)

Estimate (SE)

Estimate (SE)

Sex (Ref: male)

Ethnicity (Ref: White)

Emotional abuse

Physical abuse

Live with biological parents until 16 (Ref: no)
Age in MIDUS 1

Marital status in MIDUS 1 (Ref: married)
Multimorbidity in MIDUS 1 (Ref: no)
Covariates in MIDUS 2

Age in MIDUS 2

Marital status in MIDUS 2 (Ref: married)
Multimorbidity in MIDUS 2 (Ref: no)

CP in MIDUS 2 (Ref: no)

Health insurance in MIDUS 2 (ref: yes)

0.026 (0.025)
-0.040 (0.061)
0.016 (0.012)
0.008 (0.013)
-0.001 (0.031)
-0.029 (0.021)
0.048 (0.035)

0.110 (0.026)***

0.029 (0.021)
0.048 (0.035)
0.047 (0.027)
0.043 (0.057)

0.242 (0.028)***

0.029 (0.025)
-0.062 (0.059)
0.008 (0.012)
0.018 (0.013)
0.006 (0.032)
-0.033 (0.021)
0.023 (0.035)
0.096 (0.026)***

0.036 (0.021)

0.042 (0.035)

0.044 (0.027)
0.137 (0.053)**
0.294 (0.027)***

-0.126 (0.059)*
0.405 (0.147)**
0.022 (0.028)
-0.022 (0.030)
-0.013 (0.075)
-0.106 (0.050)*
0.125 (0.083)
-0.013 (0.063)

0.116 (0.050)*
-0.181 (0.084)*
0.065 (0.064)
-0.004 (0.134)
0.050 (0.064)

-0.098 (0.031)**
-0.077 (0.076)
-0.011 (0.015)
0.025 (0.016)
-0.044 (0.039)
0.046 (0.026)
-0.044 (0.043)
-0.040 (0.032)

-0.044 (0.026)
0.035 (0.043)
-0.076 (0.033)*
0.109 (0.069)
-0.060 (0.033)

Statistical significance markers: * p<0.05; ** p<0.01; *** p<0.001
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Supplementary Table 4-10 The mediating role of cortisol parameters in the association between life course SES and 3 or more pain

locations among respondents without baseline CP

3 or more pain locations

Mediator (M): CAR Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.170 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.466 0.042  0.000
Childhood SES -> CP 0.000 0.014 0.975
MIDUS 1 SES -> CP 0.019 0.016 0.249
MIDUS 2 SES -> CP 0.023 0.016  0.150
Childhood SES -> M -0.002 0.044 0.959
MIDUS 1 SES -> M 0.060 0.052 0.249
MIDUS 2 SES -> M -0.066 0.052 0.204
M -> CP -0.020 0.013 0.126
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021 0.000
Childhood SES -> MIDUS 1 SES -> M 0.011 0.010 0.263
Childhood SES -> MIDUS 2 SES -> M -0.011 0.009 0.221
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -0.006 0.005 0.224
MIDUS 1 SES -> MIDUS 2 SES -> M -0.001 0.020 0.959
Childhood SES -> MIDUS 1 SES -> CP 0.004 0.003  0.265
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.363
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.001 0.001 0.190
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.000 0.339
Childhood SES -> MIDUS 2 SES -> CP 0.004 0.003 0.172
Childhood SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.329
Childhood SES -> M -> CP 0.000 0.001 0.959



MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.329
MIDUS 1 SES -> MIDUS 2 SES ->CP 0.011 0.008 0.154
MIDUS 1 SES -> M -> CP -0.001 0.001 0.353
MIDUS 2 SES -> M -> CP 0.001 0.001 0.327
Chi-square (df)=430.668 (167); CFI=0.941; TLI=0.910; RMSEA=0.054

Mediator (M): Early post-wake DCS Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.171 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.464 0.042  0.000
Childhood SES -> CP 0.001 0.014 0.921
MIDUS 1 SES -> CP 0.018 0.016 0.256
MIDUS 2 SES -> CP 0.022 0.016 0.177
Childhood SES -> M -0.021 0.047 0.661
MIDUS 1 SES -> M -0.023 0.056 0.673
MIDUS 2 SES -> M 0.084 0.056 0.135
M ->CP 0.036 0.012 0.004
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021 0.000
Childhood SES -> MIDUS 1 SES -> M -0.004 0.011 0.674
Childhood SES -> MIDUS 2 SES -> M 0.014 0.010 0.158
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M 0.007 0.005 0.157
MIDUS 1 SES -> MIDUS 2 SES -> M -0.010 0.022 0.661
Childhood SES -> MIDUS 1 SES -> CP 0.003 0.003 0.271
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.677
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.001 0.001 0.213
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.000 0.202
Childhood SES -> MIDUS 2 SES -> CP 0.004 0.003 0.197
Childhood SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.184
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Childhood SES -> M -> CP -0.001 0.002 0.664
MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.184
MIDUS 1 SES -> MIDUS 2 SES ->CP 0.010 0.008 0.181
MIDUS 1 SES -> M -> CP -0.001 0.002 0.675
MIDUS 2 SES -> M -> CP 0.003 0.002 0.182
Chi-square (df)=432.051 (167); CFI=0.940; TLI=0.910; RMSEA=0.054

Mediator (M): Mid post-wake DCS Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.170 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.464 0.042  0.000
Childhood SES -> CP 0.002 0.014 0.899
MIDUS 1 SES -> CP 0.019 0.016  0.237
MIDUS 2 SES -> CP 0.022 0.016 0.174
Childhood SES -> M -0.033 0.047 0.489
MIDUS 1 SES -> M -0.043 0.055 0.435
MIDUS 2 SES -> M 0.080 0.056 0.154
M ->CP 0.036 0.012 0.003
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021 0.000
Childhood SES -> MIDUS 1 SES -> M -0.008 0.011 0.441
Childhood SES -> MIDUS 2 SES -> M 0.014 0.010 0.175
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M 0.007 0.005 0.176
MIDUS 1 SES -> MIDUS 2 SES -> M -0.015 0.022 0.489
Childhood SES -> MIDUS 1 SES -> CP 0.004 0.003 0.253
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.454
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES ->CP 0.001 0.001 0.211
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.000 0.217
Childhood SES -> MIDUS 2 SES -> CP 0.004 0.003 0.194
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Childhood SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.200
Childhood SES -> M -> CP -0.001 0.002 0.499
MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.200
MIDUS 1 SES -> MIDUS 2 SES ->CP 0.010 0.008 0.178
MIDUS 1 SES -> M -> CP -0.002 0.002 0.448
MIDUS 2 SES -> M -> CP 0.003 0.002 0.198
Chi-square (df)=432.032 (167); CFI=0.941; TLI=0.910; RMSEA=0.054

Mediator (M): Evening DCS Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.170 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.465 0.042 0.000
Childhood SES -> CP 0.001 0.014 0.943
MIDUS 1 SES -> CP 0.018 0.016 0.272
MIDUS 2 SES -> CP 0.025 0.016 0.128
Childhood SES -> M -0.029 0.049 0.549
MIDUS 1 SES -> M -0.017 0.058 0.773
MIDUS 2 SES -> M 0.016 0.059 0.781
M -> CP 0.023 0.012 0.050
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021  0.000
Childhood SES -> MIDUS 1 SES -> M -0.003 0.011 0.773
Childhood SES -> MIDUS 2 SES -> M 0.003 0.010 0.781
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M 0.001 0.005 0.781
MIDUS 1 SES -> MIDUS 2 SES -> M -0.014 0.023 0.549
Childhood SES -> MIDUS 1 SES -> CP 0.003 0.003 0.287
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.775
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.001 0.001 0.170
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.000 0.783
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Childhood SES -> MIDUS 2 SES -> CP 0.004 0.003 0.151
Childhood SES -> MIDUS 2 SES -> M -> CP 0.000 0.001 0.783
Childhood SES -> M -> CP -0.001 0.001 0.565
MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.001 0.783
MIDUS 1 SES -> MIDUS 2 SES ->CP 0.011 0.008 0.133
MIDUS 1 SES -> M -> CP 0.000 0.001 0.775
MIDUS 2 SES -> M -> CP 0.000 0.001 0.783
Chi-square (df)=433.305 (167); CFI=0.941; TLI=0.910; RMSEA=0.054

Mediator (M): CDR Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.170 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.465 0.042 0.000
Childhood SES -> CP 0.001 0.014 0.950
MIDUS 1 SES -> CP 0.019 0.016 0.239
MIDUS 2 SES -> CP 0.022 0.016 0.173
Childhood SES -> M 0.021 0.044 0.639
MIDUS 1 SES -> M 0.071 0.052 0.172
MIDUS 2 SES -> M -0.117 0.052  0.025
M -> CP -0.023 0.013 0.085
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021 0.000
Childhood SES -> MIDUS 1 SES -> M 0.014 0.010 0.190
Childhood SES -> MIDUS 2 SES -> M -0.020 0.010 0.046
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -0.010 0.005 0.047
MIDUS 1 SES -> MIDUS 2 SES -> M 0.010 0.020 0.639
Childhood SES -> MIDUS 1 SES -> CP 0.004 0.003 0.256
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.294
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP 0.001 0.001 0.210
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Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.000 0.000 0.192
Childhood SES -> MIDUS 2 SES -> CP 0.004 0.003 0.193
Childhood SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.174
Childhood SES -> M -> CP 0.000 0.001 0.650
MIDUS 1 SES -> MIDUS 2 SES -> M -> CP 0.001 0.001 0.174
MIDUS 1 SES -> MIDUS 2 SES ->CP 0.010 0.008 0.177
MIDUS 1 SES -> M -> CP -0.002 0.002 0.281
MIDUS 2 SES -> M -> CP 0.003 0.002 0.171
Chi-square (df)=430.499 (167); CFI=0.941; TLI=0.910; RMSEA=0.054

Mediator (M): AUC Estimate SE P-value
Childhood SES -> MIDUS 1 SES 0.190 0.041 0.000
Childhood SES -> MIDUS 2 SES 0.170 0.038 0.000
MIDUS 1 SES -> MIDUS 2 SES 0.465 0.041 0.000
Childhood SES -> CP 0.001 0.014 0.953
MIDUS 1 SES -> CP 0.019 0.016 0.246
MIDUS 2 SES -> CP 0.023 0.016 0.163
Childhood SES -> M 0.017 0.044 0.701
MIDUS 1 SES -> M 0.070 0.053 0.184
MIDUS 2 SES -> M -0.093 0.053 0.081
M -> CP -0.018 0.013 0.181
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES 0.088 0.021  0.000
Childhood SES -> MIDUS 1 SES -> M 0.013 0.010 0.202
Childhood SES -> MIDUS 2 SES -> M -0.016 0.010 0.105
Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -0.008 0.005 0.106
MIDUS 1 SES -> MIDUS 2 SES -> M 0.008 0.020 0.701
Childhood SES -> MIDUS 1 SES -> CP 0.004 0.003 0.263
Childhood SES -> MIDUS 1 SES -> M -> CP 0.000 0.000 0.353
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Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> CP

Childhood SES -> MIDUS 1 SES -> MIDUS 2 SES -> M -> CP
Childhood SES -> MIDUS 2 SES -> CP

Childhood SES -> MIDUS 2 SES -> M -> CP

Childhood SES -> M -> CP

MIDUS 1 SES -> MIDUS 2 SES -> M -> CP

MIDUS 1 SES -> MIDUS 2 SES ->CP

MIDUS 1 SES -> M -> CP

MIDUS 2 SES -> M -> CP

Chi-square (df)=431.116 (167); CFI=0.941; TLI=0.910; RMSEA=0.054

0.001
0.000
0.004
0.001
0.000
0.001
0.011
-0.001
0.002

0.001
0.000
0.003
0.001
0.001
0.001
0.008
0.001
0.002

0.201
0.302
0.184
0.289
0.711
0.289
0.167
0.343
0.287

278



279

Reference

Abdallah, C.G., Geha, P., 2017. Chronic Pain and Chronic Stress: Two Sides of the Same Coin?
Chronic Stress 1, 247054701770476. https://doi.org/10.1177/2470547017704763

Abelson, J.L., Sdnchez, B.N., Mayer, S.E., Briggs, H., Liberzon, I., Rajaram, N., 2023. Do
diurnal salivary cortisol curves carry meaningful information about the regulatory
biology of the HPA axis in healthy humans? Psychoneuroendocrinology 150, 106031.
https://doi.org/10.1016/j.psyneuen.2023.106031

Adam, E.K., Hawkley, L.C., Kudielka, B.M., Cacioppo, J.T., 2006. Day-to-day dynamics of
experience—cortisol associations in a population-based sample of older adults. Proc.
Natl. Acad. Sci. U.S.A. 103, 17058-17063. https://doi.org/10.1073/pnas.0605053103

Adam, E.K., Kumari, M., 2009. Assessing salivary cortisol in large-scale, epidemiological
research. Psychoneuroendocrinology 34, 1423-1436.
https://doi.org/10.1016/j.psyneuen.2009.06.011

Adam, E.K., Quinn, M.E., Tavernier, R., McQuillan, M.T., Dahlke, K.A., Gilbert, K.E., 2017.
Diurnal cortisol slopes and mental and physical health outcomes: A systematic
review and meta-analysis. Psychoneuroendocrinology 83, 25—41.
https://doi.org/10.1016/j.psyneuen.2017.05.018

Aneshensel, C.S., 1992. Social Stress: Theory and Research. Annal Review of Sociology 18,
15-38. https://doi.org/10.1146/annurev.s0.18.080192.000311

Apkarian, A.V., Hashmi, J.A., Baliki, M.N., 2011. Pain and the brain: Specificity and plasticity
of the brain in clinical chronic pain. Pain 152, S49-564.
https://doi.org/10.1016/j.pain.2010.11.010

Aroke, E.N., Srinivasasainagendra, V., Kottae, P., Quinn, T.L., Wiggins, A.M., Hobson, J.,
Kinnie, K., Stoudmire, T., Tiwari, H.K., Goodin, B.R., 2024. The Pace of Biological
Aging Predicts Nonspecific Chronic Low Back Pain Severity. J Pain 25, 974—-983.
https://doi.org/10.1016/j.jpain.2023.10.018

Atkins, N., Mukhida, K., 2022. The relationship between patients’ income and education and
their access to pharmacological chronic pain management: A scoping review. Can J
Pain 6, 142—170. https://doi.org/10.1080/24740527.2022.2104699

Bandalos, D.L., 2014. Relative Performance of Categorical Diagonally Weighted Least
Squares and Robust Maximum Likelihood Estimation. Structural Equation Modeling:
A Multidisciplinary Journal 21, 102-116.
https://doi.org/10.1080/10705511.2014.859510

Barboza Solis, C., Fantin, R., Castagné, R., Lang, T., Delpierre, C., Kelly-Irving, M., 2016.
Mediating pathways between parental socio-economic position and allostatic load in
mid-life: Findings from the 1958 British birth cohort. Social Science & Medicine 165,
19-27. https://doi.org/10.1016/j.socscimed.2016.07.031

Barker, D.J.P., 1997. Fetal nutrition and cardiovascular disease in later life. British Medical
Bulletin 53, 96-108. https://doi.org/10.1093/oxfordjournals.bmb.a011609

Baum, A., Garofalo, J.P., Yali, A.M., 1999. Socioeconomic Status and Chronic Stress: Does
Stress Account for SES Effects on Health? Annals of the New York Academy of
Sciences 896, 131-144. https://doi.org/10.1111/j.1749-6632.1999.tb08111.x

Begum, N., Taylor, J.R., Brown, C., Rajan, J., Keevil, B., Pye, E., Rainey, T., Jones, A., 2022.
Morning and evening salivary cortisol levels in patients with chronic widespread pain



280

and those at high risk. European Journal of Pain 26, 197-206.
https://doi.org/10.1002/ejp.1854

Beiner, E., Lucas, V., Reichert, J., Buhai, D.-V., Jesinghaus, M., Vock, S., Drusko, A.,
Baumeister, D., Eich, W., Friederich, H.-C., Tesarz, J., 2023. Stress biomarkers in
individuals with fibromyalgia syndrome: a systematic review with meta-analysis.
PAIN 164, 1416. https://doi.org/10.1097/j.pain.0000000000002857

Bennett, M., 2001. The LANSS Pain Scale: the Leeds assessment of neuropathic symptoms
and signs. PAIN 92, 147. https://doi.org/10.1016/50304-3959(00)00482-6

Ben-Shlomo, Y., Mishra, G., Diana, K., 2014. Life Course Epidemiology, in: Ahrens, W., Pigeot,
I. (Eds.), Handbook of Epidemiology. Springer New York, New York, NY.
https://doi.org/10.1007/978-0-387-09834-0

Bernard, K., Frost, A., Bennett, C.B., Lindhiem, O., 2017. Maltreatment and diurnal cortisol
regulation: A meta-analysis. Psychoneuroendocrinology 78, 57—67.
https://doi.org/10.1016/j.psyneuen.2017.01.005

Bonica, J.J., Hoffman, J.F., 1954. The Management of Pain with Special Emphasis on the Use
of Analgesic Blocks in Diagnosis, Prognosis, and Therapy. Anesthesia & Analgesia 34,
57-58.

Borsook, D., Maleki, N., Becerra, L., McEwen, B., 2012. Understanding Migraine through the
Lens of Maladaptive Stress Responses: A Model Disease of Allostatic Load. Neuron
73, 219-234. https://doi.org/10.1016/j.neuron.2012.01.001

Bouhassira, D., Attal, N., Alchaar, H., Boureau, F., Brochet, B., Bruxelle, J., Cunin, G.,
Fermanian, J., Ginies, P., Grun-Overdyking, A., Jafari-Schluep, H., Lantéri-Minet, M.,
Laurent, B., Mick, G., Serrie, A., Valade, D., Vicaut, E., 2005. Comparison of pain
syndromes associated with nervous or somatic lesions and development of a new
neuropathic pain diagnostic questionnaire (DN4). Pain 114, 29-36.
https://doi.org/10.1016/j.pain.2004.12.010

Bouhassira, D., Attal, N., Fermanian, J., Alchaar, H., Gautron, M., Masquelier, E., Rostaing, S.,
Lanteri-Minet, M., Collin, E., Grisart, J., Boureau, F., 2004. Development and
validation of the Neuropathic Pain Symptom Inventory. PAIN 108, 248.
https://doi.org/10.1016/j.pain.2003.12.024

Bradley, R.H., Corwyn, R.F., 2002. Socioeconomic Status and Child Development. Annual
Review of Psychology 53, 371-399.
https://doi.org/10.1146/annurev.psych.53.100901.135233

Brandtstadter, J., Baltes-Gotz, B., Kirschbaum, C., Hellhammer, D., 1991. Developmental and
personality correlates of adrenocortical activity as indexed by salivary cortisol:
Observations in the age range of 35 to 65 years. Journal of Psychosomatic Research
35, 173-185. https://doi.org/10.1016/0022-3999(91)90072-V

Branham, E.M., McLean, S.A., Deliwala, |., Mauck, M.C., Zhao, Y., McKibben, L.A,, Lee, A.,
Spencer, A.B., Zannas, A.S., Lechner, M., Danza, T., Velilla, M.-A., Hendry, P.L.,
Pearson, C., Peak, D.A., Jones, J., Rathlev, N.K., Linnstaedt, S.D., 2023. CpG
methylation levels in HPA axis genes predict chronic pain outcomes following trauma
exposure. The journal of pain 24, 1127. https://doi.org/10.1016/j.jpain.2023.03.001

Brim, O.G., Baltes, P.B., Bumpass, L.L., Cleary, P.D., Featherman, D.L., Hazzard, W.R., Kessler,
R.C., Lachman, M.E., Markus, H.R., Marmot, M.G., Rossi, A.S., Ryff, C.D., Shweder,
R.A., 2020. Midlife in the United States (MIDUS 1), 1995-1996.
https://doi.org/10.3886/ICPSR02760.v19



281

Bryant, F.B., Yarnold, P.R., 1995. Principal-components analysis and exploratory and
confirmatory factor analysis, in: Reading and Understanding Multivariate Statistics.
American Psychological Association, Washington, DC, US, pp. 99-136.

Bumgarner, J.R., Walker, W.H., Nelson, R.J., 2021. Circadian Rhythms and Pain. Neurosci
Biobehav Rev 129, 296-306. https://doi.org/10.1016/j.neubiorev.2021.08.004

Bunk, S., Zuidema, S., Koch, K., Lautenbacher, S., De Deyn, P.P., Kunz, M., 2021. Pain
processing in older adults with dementia-related cognitive impairment is associated
with frontal neurodegeneration. Neurobiology of Aging 106, 139-152.
https://doi.org/10.1016/j.neurobiolaging.2021.06.009

Bushnell, M.C,, Case, L.K., Ceko, M., Cotton, V.A., Gracely, J.L., Low, L.A., Pitcher, M.H.,
Villemure, C., 2015. Effect of environment on the long-term consequences of chronic
pain. PAIN 156, S42. https://doi.org/10.1097/01.j.pain.0000460347.77341.bd

Buuren, S. van, Groothuis-Oudshoorn, K., 2011. MICE:Multivariate Imputation by Chained
Equations in R. J. Stat. Soft. 45. https://doi.org/10.18637/jss.v045.i03

Carbone, J.T., 2021. Allostatic load and mental health: a latent class analysis of physiological
dysregulation. Stress 24, 394-403. https://doi.org/10.1080/10253890.2020.1813711

Carbone, J.T., Clift, J., Alexander, N., 2022. Measuring allostatic load: Approaches and
limitations to algorithm creation. Journal of Psychosomatic Research 163, 111050.
https://doi.org/10.1016/j.jpsychores.2022.111050

Carbone, J.T., Holzer, K.J., Clift, J., Fu, Q., 2023. Latent profiles of biological dysregulation
and risk of mortality: time-to-event analysis using the Midlife in the US longitudinal
study. J Epidemiol Community Health 77, 182—-188. https://doi.org/10.1136/jech-
2021-218073

Carpenter, J., Bithell, J., 2000. Bootstrap confidence intervals: when, which, what? A
practical guide for medical statisticians. Statist. Med. 19, 1141-1164.
https://doi.org/10.1002/(SICI)1097-0258(20000515)19:9<1141::AlD-
SIM479>3.0.CO;2-F

Case, A,, Deaton, A., 2022. The Great Divide: Education, Despair, and Death. Annual Review
of Economics 14, 1-21.

Case, A,, Deaton, A., 2017. Mortality and morbidity in the 21st century. Brookings Pap Econ
Act 2017, 397-476.

Case, A, Deaton, A,, Stone, A.A., 2020. Decoding the mystery of American pain reveals a
warning for the future. Proc. Natl. Acad. Sci. U.S.A. 117, 24785-24789.
https://doi.org/10.1073/pnas.2012350117

Chandola, T., Rouxel, P., Marmot, M.G., Kumari, M., 2018. Retirement and Socioeconomic
Differences in Diurnal Cortisol: Longitudinal Evidence From a Cohort of British Civil
Servants. The Journals of Gerontology: Series B 73, 447—-456.
https://doi.org/10.1093/geronb/gbx058

Charles, S.T., Mogle, J., Piazza, J.R., Karlamangla, A., Almeida, D.M., 2020. Going the
distance: The diurnal range of cortisol and its association with cognitive and
physiological functioning. Psychoneuroendocrinology 112, 104516.
https://doi.org/10.1016/j.psyneuen.2019.104516

Cleeland, C.S., Ryan, K.M., 1994. Pain assessment: global use of the Brief Pain Inventory.
Annals of the Academy of Medicine, Singapore 23, 129-38.

Clouston, S.A.P,, Link, B.G., 2021. A Retrospective on Fundamental Cause Theory: State of
the Literature and Goals for the Future. Annu. Rev. Sociol. 47, 131-156.
https://doi.org/10.1146/annurev-soc-090320-094912



282

Clouston, S.A.P., Natale, G., Link, B.G., 2021. Socioeconomic inequalities in the spread of
coronavirus-19 in the United States: A examination of the emergence of social
inequalities. Social Science & Medicine 268, 113554.
https://doi.org/10.1016/j.socscimed.2020.113554

Clouston, S.A.P., Rubin, M.S., Chae, D.H., Freese, J., Nemesure, B., Link, B.G., 2017.
Fundamental causes of accelerated declines in colorectal cancer mortality: Modeling
multiple ways that disadvantage influences mortality risk. Social Science & Medicine
187, 1-10. https://doi.org/10.1016/j.socscimed.2017.06.013

Clouston, S.A.P., Rubin, M.S., Phelan, J.C,, Link, B.G., 2016. A Social History of Disease:
Contextualizing the Rise and Fall of Social Inequalities in Cause-Specific Mortality.
Demography 53, 1631-1656. https://doi.org/10.1007/s13524-016-0495-5

Cockerham, W.C., 2005. Health Lifestyle Theory and the Convergence of Agency and
Structure. J Health Soc Behav 46, 51-67.
https://doi.org/10.1177/002214650504600105

Cohen, S., Doyle, W.J., Baum, A., 2006a. Socioeconomic Status Is Associated With Stress
Hormones. Psychosomatic Medicine 68, 414.
https://doi.org/10.1097/01.psy.0000221236.37158.b9

Cohen, S., Schwartz, J.E., Epel, E., Kirschbaum, C., Sidney, S., Seeman, T., 2006b.
Socioeconomic Status, Race, and Diurnal Cortisol Decline in the Coronary Artery Risk
Development in Young Adults (CARDIA) Study. Psychosomatic Medicine 68, 41.
https://doi.org/10.1097/01.psy.0000195967.51768.ea

Cohen, S.P., Vase, L., Hooten, W.M., 2021. Chronic pain: an update on burden, best
practices, and new advances. The Lancet 397, 2082—-2097.
https://doi.org/10.1016/50140-6736(21)00393-7

Cook, R.J., Sackett, D.L., 1995. The number needed to treat: a clinically useful measure of
treatment effect. BMJ 310, 452—-454. https://doi.org/10.1136/bm;j.310.6977.452

Crielaard, L., Nicolaou, M., Sawyer, A., Quax, R., Stronks, K., 2021. Understanding the impact
of exposure to adverse socioeconomic conditions on chronic stress from a
complexity science perspective. BMC Medicine 19, 242.
https://doi.org/10.1186/s12916-021-02106-1

Cutler, D.M., Meara, E., Stewart, S., 2020. Socioeconomic Status and the Experience of Pain:
An Example from Knees. Working Paper Series. https://doi.org/10.3386/w27974

Dahlhamer, J., Lucas, J., Zelaya, C., Nahin, R., Mackey, S., DeBar, L., Kerns, R., Von Korff, M.,
Porter, L., Helmick, C., 2018. Prevalence of Chronic Pain and High-Impact Chronic
Pain Among Adults — United States, 2016. MMWR Morb. Mortal. Wkly. Rep. 67,
1001-1006. https://doi.org/10.15585/mmwr.mm6736a2

Descalzi, G., Ikegami, D., Ushijima, T., Nestler, E.J., Zachariou, V., Narita, M., 2015. Epigenetic
mechanisms of chronic pain. Trends in Neurosciences 38, 237-246.
https://doi.org/10.1016/j.tins.2015.02.001

Diederichs, C., Berger, K., Bartels, D.B., 2011. The Measurement of Multiple Chronic
Diseases—A Systematic Review on Existing Multimorbidity Indices. The Journals of
Gerontology: Series A 66A, 301-311. https://doi.org/10.1093/gerona/glq208

Diemer, M.A., Mistry, R.S., Wadsworth, M.E., Lopez, |., Reimers, F., 2013. Best Practices in
Conceptualizing and Measuring Social Class in Psychological Research: Social Class
Measurement. Analyses of Social Issues and Public Policy 13, 77-113.
https://doi.org/10.1111/asap.12001



283

Dienberg Love, G., Seeman, T.E., Weinstein, M., Ryff, C.D., 2010. Bioindicators in the MIDUS
National Study: Protocol, Measures, Sample, and Comparative Context. J Aging
Health 22, 1059-1080. https://doi.org/10.1177/0898264310374355

Dmitrieva, N.O., Almeida, D.M., Dmitrieva, J., Loken, E., Pieper, C.F., 2013. A day-centered
approach to modeling cortisol: Diurnal cortisol profiles and their associations among
U.S. adults. Psychoneuroendocrinology 38, 2354—-2365.
https://doi.org/10.1016/j.psyneuen.2013.05.003

Dominick, C.H., Blyth, F.M., Nicholas, M.K., 2012. Unpacking the burden: Understanding the
relationships between chronic pain and comorbidity in the general population. Pain
153, 293-304. https://doi.org/10.1016/j.pain.2011.09.018

Dowd, J.B., Simanek, A.M., Aiello, A.E., 2009. Socio-economic status, cortisol and allostatic
load: a review of the literature. International Journal of Epidemiology 38, 1297—-
1309. https://doi.org/10.1093/ije/dyp277

Durkheim, E., 2002. Suicide: A Study in Sociology. Taylor & Francis Group, Milton, UNITED
KINGDOM.

Egli, M., Koob, G.F., Edwards, S., 2012. Alcohol dependence as a chronic pain disorder.
Neuroscience & Biobehavioral Reviews 36, 2179-2192.
https://doi.org/10.1016/j.neubiorev.2012.07.010

Elo, I.T., Martikainen, P., Myrskyld, M., 2014. Socioeconomic status across the life course
and all-cause and cause-specific mortality in Finland. Social Science & Medicine 119,
198-206. https://doi.org/10.1016/j.socscimed.2013.11.037

Enders, C.K., 2001. The impact of nonnormality on full information maximum-likelihood
estimation for structural equation models with missing data. Psychological Methods,
New Approaches to Missing Data 6, 352—370. https://doi.org/10.1037/1082-
989X.6.4.352

Enders, C.K., Bandalos, D.L., 2001. The Relative Performance of Full Information Maximum
Likelihood Estimation for Missing Data in Structural Equation Models. Structural
Equation Modeling: A Multidisciplinary Journal 8, 430—-457.
https://doi.org/10.1207/515328007SEMO0803_5

Ezzati, A., Wang, C., Katz, M.J,, Derby, C.A., Zammit, A.R., Zimmerman, M.E., Pavlovic, J.M.,
Sliwinski, M.J., Lipton, R.B., 2019. The Temporal Relationship between Pain Intensity
and Pain Interference and Incident Dementia. Current Alzheimer Research 16, 109—
115.

Farrell, S.F., Kho, P.-F., Lundberg, M., Campos, A.l., Renteria, M.E., Zoete, R.M.J. de, Sterling,
M., Ngo, T.T., Cuéllar-Partida, G., 2023. A Shared Genetic Signature for Common
Chronic Pain Conditions and its Impact on Biopsychosocial Traits. The Journal of Pain
24, 369-386. https://doi.org/10.1016/j.jpain.2022.10.005

Ferrari, A.J., Santomauro, D.F., Aali, A., Abate, Y.H., Abbafati, C., Abbastabar, H., EIHafeez,
S.A., Abdelmasseh, M., Abd-Elsalam, S., Abdollahi, A., Abdullahi, A., Abegaz, K.H.,
Zuiiiga, R.A.A., Aboagye, R.G., Abolhassani, H., Abreu, L.G., Abualruz, H., Abu-
Gharbieh, E., Abu-Rmeileh, N.M., Ackerman, I.N., Addo, I.Y., Addolorato, G., Adebiyi,
A.O., Adepoju, A.V., Adewuyi, H.O., Afyouni, S., Afzal, Saira, Afzal, Sina, Agodi, A.,
Ahmad, A., Ahmad, D., Ahmad, F., Ahmad, S., Ahmed, A., Ahmed, L.A., Ahmed, M.B.,
Ajami, M., Akinosoglou, K., Akkaif, M.A., Hasan, S.M.A., Alalalmeh, S.0., Al-Aly, Z.,
Albashtawy, M., Aldridge, R.W., Alemu, M.D., Alemu, Y.M., Alene, K.A., Al-Gheethi,
A.A.S., Alharrasi, M., Alhassan, R.K., Ali, M.U., Ali, R, Ali, S.S.S., Alif, S.M., Aljunid,
S.M., Al-Marwani, S., Almazan, J.U., Alomari, M.A., Al-Omari, B., Altaany, Z., Alvis-



284

Guzman, N., Alvis-Zakzuk, N.J., Alwafi, H., Al-Wardat, M.S., Al-Worafi, Y.M., Aly, S.,
Alzoubi, K.H., Amare, A.T., Amegbor, P.M., Ameyaw, E.K., Amin, T.T., Amindarolzarbi,
A., Amiri, S., Amugsi, D.A., Ancuceanu, R., Anderlini, D., Anderson, D.B., Andrade,
P.P., Andrei, C.L., Ansari, H., Antony, C.M., Anwar, S., Anwar, S.L., Anwer, R.,
Anyanwu, P.E., Arab, J.P., Arabloo, J., Arafat, M., Araki, D.T., Aravkin, A.Y., Arkew, M.,
Armocida, B., Arndt, M.B., Arooj, M., Artamonov, A.A,, Aruleba, R.T., Arumugam, A.,
Ashbaugh, C., Ashemo, M.Y., Ashraf, M., Asika, M.O., Askari, E., Astell-Burt, T., Athari,
S.S., Atorkey, P., Atout, M.M.W., Atreya, A., Aujayeb, A., Ausloos, M., Avan, A,
Awotidebe, A.W., Awuviry-Newton, K., Quintanilla, B.P.A., Ayuso-Mateos, J.L.,
Azadnajafabad, S., Azevedo, R.M.S., Babu, A.S., Badar, M., Badiye, A.D., Baghdadi, S.,
Bagheri, N., Bah, S., Bai, R., Baker, J.L., Bakkannavar, S.M., Bako, A.T., Balakrishnan,
S., Bam, K., Banik, P.C., Barchitta, M., Bardhan, M., Bardideh, E., Barker-Collo, S.L.,
Barqgawi, H.J., Barrow, A., Barteit, S., Barua, L., Aliabadi, S.B., Basiru, A., Basu, Sanjay,
Basu, Saurav, Bathini, P.P., Batra, K., Baune, B.T., Bayileyegn, N.S., Behnam, B.,
Behnoush, A.H., Beiranvand, M., Ramirez, D.F.B., Bell, M.L., Bello, 0.0., Beloukas, A.,
Bensenor, I.M., Berezvai, Z., Bernabe, E., Bernstein, R.S., Bettencourt, P.J.G,,
Bhagavathula, A.S., Bhala, N., Bhandari, D., Bhargava, A., Bhaskar, S., Bhat, V., Bhatti,
G.K., Bhatti, J.S., Bhatti, M.S., Bhatti, R., Bhutta, Z.A., Bikbov, B., Bishai, J.D.,
Bisignano, C., Bitra, V.R., Bjgrge, T., Bodolica, V., Bodunrin, A.O., Bogale, E.K.,
Hashemi, M.B., Bonny, A., Basara, B.B., Borhany, H., Boxe, C., Brady, O.J., Bragazzi,
N.L., Braithwaite, D., Brant, L.C., Brauer, M., Breitner, S., Brenner, H., Brown, J.,
Brugha, T., Bulamu, N.B., Buonsenso, D., Burkart, K., Burns, R.A., Busse, R., Bustanji,
Y., Butt, Z.A., Byun, J., Santos, F.L.C. dos, Calina, D., Cdmera, L.A., Campos-Nonato,
I.R., Cao, C., Capodici, A., Carr, S., Carreras, G., Carugno, A., Carvalho, M., Castaldelli-
Maia, J.M., Castaneda-Orjuela, C.A., Castelpietra, G., Catapano, A.L., Cattaruzza,
M.S., Caye, A., Cegolon, L., Cembranel, F., Cenderadewi, M., Cerin, E., Chakraborty,
P.A., Chan, J.S.K,, Chan, R.N.C., Chandika, R.M., Chandrasekar, E.K., Charalampous,
P., Chattu, V.K., Chatzimavridou-Grigoriadou, V., Chen, A.W., Chen, A.-T., Chen, C.S,,
Chen, H., Chen, N.M., Cheng, E.T.W., Chimed-Ochir, O., Chimoriya, R., Ching, P.R,,
Cho, W.C.S,, Choi, S., Chong, B., Chong, Y.Y., Choudhari, S.G., Chowdhury, R.,
Christensen, S.W.M.,, Chu, D.-T., Chukwu, I.S., Chung, Eric, Chung, Eunice, Chutiyami,
M., Claassens, M.M., Cogen, R.M., Columbus, A., Conde, J., Cortesi, P.A., Cousin, E.,
Criqui, M.H., Cruz-Martins, N., Dadras, O., Dai, S., Dai, X., Dai, Z., Dalaba, M.A.,
Damiani, G., Das, J.K., Das, S., Dashti, M., Davila-Cervantes, C.A., Davletov, K., Leo,
D.D., Debele, A.T., Debopadhaya, S., DeCleene, N.K., Deeba, F., Degenhardt, L., Bo’,
C.D., Delgado-Enciso, I., Demetriades, A.K., Denova-Gutiérrez, E., Dervenis, N., Desai,
H.D., Desai, R., Deuba, K., Dhama, K., Dharmaratne, S.D., Dhingra, S., Silva, D.D. da,
Diaz, D., Diaz, L.A., Diaz, M.J., Dima, A., Ding, D.D., Dirac, M.A., Do, T.H.P., Prado, C.B.
do, Dohare, S., Dominguez, R.-M.V., Dong, W., Dongarwar, D., D’Oria, M., Dorsey,
E.R., Doshmangir, L., Dowou, R.K., Driscoll, T.R., Dsouza, H.L., Dsouza, V., Dube, J.,
Dumith, S.C., Duncan, B.B., Duraes, A.R., Duraisamy, S., Durojaiye, O.C., Dzianach,
P.A., Dziedzic, A.M., Eboreime, E., Ebrahimi, A., Edinur, H.A., Edvardsson, D., Eikemo,
T.A., Eini, E., Ekholuenetale, M., Ekundayo, T.C., Sayed, I.E., Tantawi, M.E., Elbarazi, I.,
Elemam, N.M., ElIGohary, G.M.T., Elhadi, M., EImeligy, O.A.A., ELNahas, G., Elshaer,
M., Elsohaby, I., Bain, L.E., Erkhembayar, R., Eshrati, B., Estep, K., Fabin, N.,
Fagbamigbe, A.F., Falzone, L., Fareed, M., Farinha, C.S. e S., Faris, M.E.M., Faro, A,,
Farrokhi, P., Fatehizadeh, A., Fauk, N.K., Feigin, V.L., Feng, X., Fereshtehnejad, S.-M.,



285

Feroze, A.H., Ferreira, N., Ferreira, P.H., Fischer, F., Flavel, J., Flood, D., Flor, L.S.,
Foigt, N.A., Folayan, M.O., Force, L.M., Fortuna, D., Foschi, M., Franklin, R.C., Freitas,
A., Fukumoto, T., Furtado, J.M., Gaal, P.A., Gadanya, M.A., Gaidhane, A.M., Gaihre,
S., Galali, Y., Ganbat, M., Gandhi, A.P., Ganesan, B., Ganie, M.A., Ganiyani, M.A,,
Gardner, W.M.,, Gebi, T.G., Gebregergis, M.W., Gebrehiwot, M., Gebremariam,
T.B.B., Gebremeskel, T.G., Gela, Y.Y., Georgescu, S.R., Obsa, A.G., Gething, P.W.,
Getie, M., Ghadiri, K., Ghadirian, F., Ghailan, K.Y., Ghajar, A., Ghasemi, M., Dabaghi,
G.G., Ghasemzadeh, A., Ghazy, R.M., Gholamrezanezhad, A., Ghorbani, M., Ghotbi,
E., Gibson, R.M., Gill, T.K., Ginindza, T.G., Girmay, A., Glasbey, J.C., GOboIos, L.,
Godinho, M.A., Goharinezhad, S., Goldust, M., Golechha, M., Goleij, P., Gona, P.N.,
Gorini, G., Goulart, A.C., Grada, A., Grivha, M., Guan, S.-Y., Guarducci, G., Gubari,
M.I.M., Gudeta, M.D., Guha, A., Guicciardi, S., Gulati, S., Gulisashvili, D.,
Gunawardane, D.A., Guo, C., Gupta, A.K., Gupta, B., Gupta, I., Gupta, M., Gupta, R.,
Gupta, V.B., Gupta, Vijai Kumar, Gupta, Vivek Kumar, Gutiérrez, R.A., Habibzadeh, F.,
Habibzadeh, P., Haddadi, R., Hadi, N.R., Haep, N., Hafezi-Nejad, N., Hafiz, A., Hagins,
H., Halboub, E.S., Halimi, A., Haller, S., Halwani, R., Hamilton, E.B., Hankey, G.J.,
Hannan, M.A,, Haque, M.N., Harapan, H., Haro, J.M., Hartvigsen, J., Hasaballah, A.l.,
Hasan, I., Hasanian, M., Hasnain, M.S., Hassan, A., Haubold, J., Havmoeller, R.J., Hay,
S.I., Hayat, K., Hebert, J.J., Hegazi, O.E., Heidari, G., Helfer, B., Hemmati, M., Hendrie,
D., Henson, C.A., Hezam, K., Hiraike, Y., Hoan, N.Q., Holla, R., Hon, J., Hossain, M.M.,
Hosseinzadeh, H., Hosseinzadeh, M., Hostiuc, M., Hostiuc, S., Hsu, J.M., Huang, J.,
Hugo, F.N., Hushmandi, K., Hussain, J., Hussein, N.R., Huynh, C.K., Huynh, H.-H.,
Hwang, B.-F., lannucci, V.C., lhler, A.L., Ikiroma, A.l., lkuta, K.S., llesanmi, O.S., llic,
I.M,, llic, M.D., Imam, M.T., Immurana, M., Irham, L.M,, Islam, M.R., Islam, S.M.S.,
Islami, F., Ismail, F., Ismail, N.E., Isola, G., Iwagami, M., Iwu, C.C.D., lyer, M., Jaafari,
J., Jacobsen, K.H., Jadidi-Niaragh, F., Jafarinia, M., Jaggi, K., Jahankhani, K.,
Jahanmehr, N., Jahrami, H., Jain, A., Jain, N., Jairoun, A.A., Jaiswal, A., Jakovljevic, M.,
Jatau, A.l,, Javadov, S., Javaheri, T., Jayapal, S.K., Jayaram, S., Jee, S.H., Jeganathan, J.,
Jeyakumar, A., Jha, A.K., Jiang, H., Jin, Y., Jonas, J.B., Joo, T., Joseph, A., Joseph, N.,
Joshua, C.E., Jozwiak, J.J., Jurisson, M., K, V., Kaambwa, B., Kabir, A., Kabir, Z.,
Kadashetti, V., Kalani, R., Kalankesh, L.R., Kaliyadan, F., Kalra, S., Kamenov, K.,
Kamyari, N., Kanagasabai, T., Kandel, H., Kanmanthareddy, A.R., Kanmodi, K.K.,
Kantar, R.S., Karaye, I.M., Karim, A., Karimi, S.E., Karimi, Y., Kasraei, H., Kassel, M.B.,
Kauppila, J.H., Kawakami, N., Kayode, G.A., Kazemi, F., Kazemian, S., Keikavoosi-
Arani, L., Keller, C., Kempen, J.H., Kerr, J.A., Keshtkar, K., Kesse-Guyot, E., Keykhaei,
M., Khajuria, H., Khalaji, A., Khalid, A., Khalid, N., Khalilian, A., Khamesipour, F., Khan,
A., Khan, ., Khan, M., Khan, M.A., Khanmohammadi, S., Khatab, K., Khatami, F.,
Khatatbeh, M.M., Khater, A.M., Kashani, H.R.K., Khidri, F.F., Khodadoust, E.,
Khormali, M., Khorrami, Z., Kifle, Z.D., Kim, M.S., Kimokoti, R.W., Kisa, A., Kisa, S.,
Knudsen, A.K.S., Kocarnik, J.M., Kochhar, S., Koh, H.Y., Kolahi, A.-A., Kompani, F.,
Koren, G., Korzh, O., Kosen, S., Laxminarayana, S.L.K., Krishan, K., Krishna, V.,
Krishnamoorthy, V., Defo, B.K., Kuddus, M.A., Kuddus, M., Kuitunen, I., Kulkarni, V.,
Kumar, M., Kumar, N., Kumar, R., Kurmi, O.P., Kusuma, D., Kyu, H.H., Vecchia, C.L.,
Lacey, B., Ladan, M.A., Laflamme, L., Lafranconi, A., Lahariya, C., Lai, D.T.C,, Lal, D.K.,
Lalloo, R., Lallukka, T., Ldm, J., Lan, Q., Lan, T., Landires, |., Lanfranchi, F., Langguth,
B., Laplante-Lévesque, A., Larijani, B., Larsson, A.O., Lasrado, S., Lauriola, P., Le, H.-
H., Le, L.K.D., Le, N.H.H., Le, T.D.T,, Leasher, J.L,, Ledda, C., Lee, M., Lee, P.H., Lee, S.,



286

Lee, S.W., Lee, W.-C,, Lee, Y.H., LeGrand, K.E., Lenzi, J., Leong, E., Leung, J., Li, M.-C,,
Li, W., Li, X,, Li, Yichong, Li, Yongze, Lim, L.-L., Lim, S.S., Lindstrom, M., Linn, S., Liu, G.,
Liu, R., Liu, S., Liu, W., Liu, Xiaofeng, Liu, Xuefeng, Llanaj, E., Lo, C.-H., Lopez-Bueno,
R., Loreche, A.M., Lorenzovici, L., Lozano, R., Lubinda, J., Lucchetti, G., Lunevicius, R.,
Lusk, J.B., Lv, H., Ma, Z.F., Machairas, N., Madureira-Carvalho, A.M., Gémez, J.A.M.,
Maghazachi, A.A., Maharjan, P., Mahasha, P.W., Maheri, M., Mahjoub, S., Mahmoud,
M.A., Mahmoudi, E., Majeed, A., Makris, K.C., Rad, E.M., Malhotra, K., Malik, A.A.,
Malik, 1., Malta, D.C., Manla, Y., Mansour, A., Mansouri, P., Mansournia, M.A.,
Herrera, A.M.M., Mantovani, L.G., Manu, E., Marateb, H.R., Mardi, P., Martinez, G.,
Martinez-Piedra, R., Martini, D., Martins-Melo, F.R., Martorell, M., Marx, W.,
Maryam, S., Marzo, R.R., Mathangasinghe, Y., Mathieson, S., Mathioudakis, A.G.,
Mattumpuram, J., Maugeri, A., Mayeli, M., Mazidi, M., Mazzotti, A., McGrath, J.J.,
McKee, M., McKowen, A.L.W., McPhail, M.A., Mehrabani-Zeinabad, K., Nasab, E.M.,
Meto, T.M., Mendoza, W., Menezes, R.G., Mensah, G.A., Mentis, A.-F.A., Meo, S.A.,
Meresa, H.A., Meretoja, A., Meretoja, T.J., Mersha, A.M., Mestrovic, T., Mettananda,
K.C.D., Mettananda, S., Michalek, I.M., Miller, P.A., Miller, T.R., Mills, E.J., Minh,
L.H.N., Mirijello, A., Mirrakhimov, E.M., Mirutse, M.K., Mirza-Aghazadeh-Attari, M.,
Mirzaei, M., Mirzaei, R., Misganaw, A., Mishra, A.K., Mitchell, P.B., Mittal, C.,
Moazen, B., Moberg, M.E., Mohamed, J., Mohamed, M.F.H., Mohamed, N.S.,
Mohammadi, E., Mohammadi, S., Mohammed, H., Mohammed, Salahuddin,
Mohammed, Shafiu, Mohr, R.M., Mokdad, A.H., Molinaro, S., Momtazmanesh, S.,
Monasta, L., Mondello, S., Ghalibaf, A.M., Moradi, M., Moradi, Y., Moradi-Lakeh, M.,
Moraga, P., Morawska, L., Moreira, R.S., Morovatdar, N., Morrison, S.D., Morze, J.,
Mosapour, A., Mosser, J.F., Mossialos, E., Motappa, R., Mougin, V., Mouodi, S.,
Mrejen, M., Msherghi, A., Mubarik, S., Mueller, U.O., Mulita, F., Munjal, K., Murillo-
Zamora, E., Murlimaniju, B.V., Mustafa, G., Muthu, S., Muzaffar, M., Myung, W.,
Nagarajan, A.J., Naghavi, P., Naik, G.R., Nainu, F., Nair, S., Najmuldeen, H.H.R.,
Nangia, V., Nagvi, A.A., Narayana, A.l,, Nargus, S., Nascimento, G.G., Nashwan, A.J,,
Nasrollahizadeh, Ali, Nasrollahizadeh, Amir, Natto, Z.S., Nayak, B.P., Nayak, V.C,,
Nduaguba, S.0., Negash, H., Negoi, I., Negoi, R.l., Nejadghaderi, S.A., Nesbit, O.D.,
Netsere, H.B., Ng, M., Nguefack-Tsague, G., Ngunjiri, J.W., Nguyen, D.H., Nguyen,
H.Q., Niazi, R.K., Nikolouzakis, T.K., Nikoobar, A., Nikoomanesh, F., Nikpoor, A.R.,
Nnaji, C.A., Nnyanzi, L.A., Noman, E.A., Nomura, S., Norrving, B., Nri-Ezedi, C.A.,
Ntaios, G., Ntsekhe, M., Nurrika, D., Nzoputam, C.l., Nzoputam, O.J., Oancea, B.,
Odetokun, I.A., O’'Donnell, M.J., Oguntade, A.S., Oguta, J.O., Okati-Aliabad, H.,
Okeke, S.R., Okekunle, A.P., Okonji, O.C., Olagunju, A.T., Olasupo, 0.0., Olatubi, M.l.,
Oliveira, G.M.M.,, Olufadewa, l.1., Olusanya, B.O., Olusanya, J.0., Omar, H.A., Omer,
G.L., Omonisi, A.E.E., Onie, S., Onwujekwe, O.E., Ordak, M., Orish, V.N., Ortega-
Altamirano, D.V., Ortiz, A., Ortiz-Brizuela, E., Osman, W.M.S., Ostroff, S.M., Osuagwu,
U.L.,, Otoiu, A., Otstavnov, N., Otstavnov, S.S., Ouyahia, A., Ouyang, G., Owolabi,
M.O., A, M.P.P., Padron-Monedero, A., Padubidri, J.R., Palicz, T., Palladino, C., Pan,
F., Pandi-Perumal, S.R., Pangaribuan, H.U., Panos, G.D., Panos, L.D., Stoian, A.M.P.,
Pardhan, S., Parikh, R.R., Pashaei, A., Pasovic, M., Passera, R., Patel, J., Patel, S.K.,
Patil, S., Patoulias, D., Patthipati, V.S., Pawar, S., Toroudi, H.P., Pease, S.A., Peden,
A.E., Pedersini, P., Peng, M., Pensato, U., Pepito, V.C.F., Peprah, E.K., Peprah, P.,
Perdigdo, J., Pereira, M.O., Perianayagam, A., Perico, N., Pesudovs, K., Petermann-
Rocha, F.E., Petri, W.A., Pham, H.T., Philip, A.K., Phillips, M.R., Pigeolet, M., Pigott,



287

D.M,, Pillay, J.D., Piracha, Z.Z., Pirouzpanah, S., Plass, D., Plotnikov, E., Poddighe, D.,
Polinder, S., Postma, M.J., Pourtaheri, N., Prada, S.1., Pradhan, P.M.S., Prakash, V.,
Prasad, M., Prates, E.J.S., Priscilla, T., Pritchett, N., Puri, P., Puvvula, J., Qasim, N.H.,
Qattea, I., Qazi, A.S., Qian, G., Rad, M.R., Radhakrishnan, R.A., Radhakrishnan, V.,
Shahraki, H.R., Rafferty, Q., Raggi, A., Raghav, P.R., Rahim, M.J., Rahman, M.M.,
Rahman, M.H.U., Rahman, M., Rahman, M.A., Rahmani, S., Rahmanian, M.,
Rahmawaty, S., Rajaa, S., Ramadan, M.M., Ramasamy, S.K., Ramasubramani, P.,
Ramazanu, S., Rana, K., Ranabhat, C.L., Rancic, N., Rane, A., Rao, C.R., Rao, K., Rao,
M., Rao, S.J., Rashidi, M.-M., Babu, G.R., Rauniyar, S.K., Rawaf, D.L., Rawaf, S., Razo,
C., Reddy, M.M.R.K., Redwan, E.M.M., Reifels, L., Jr, R.C.R., Remuzzi, G., Renzaho,
A.M.N., Reshmi, B., Reyes, L.F., Rezaei, Nazila, Rezaei, Negar, Rezaei, Nima, Hachesu,
P.R., Rezaeian, M., Rickard, J., Rodrigues, C.F., Rodriguez, J.A.B., Roever, L., Ronfani,
L., Roshandel, G., Rotimi, K., Rout, H.S., Roy, B., Roy, N., Roy, P., Rubagotti, E., N, C.S.,
Saad, A.M.A,, Saber-Ayad, M.M., Sabour, S., Sacco, S., Sachdev, P.S., Saddik, B.,
Saddler, A., Sadee, B.A., Sadeghi, E., Sadeghi, M., Saeb, M.R., Saeed, U., Safi, S.Z.,
Sagar, R., Sagoe, D., Saif, Z., Sajid, M.R., Sakshaug, J.W., Salam, N., Salami, A.A,,
Salaroli, L.B., Saleh, M.A,, Salem, M.R., Salem, M.Z.Y., Sallam, M., Samadzadeh, S.,
Samargandy, S., Samodra, Y.L., Samy, A.M., Sanabria, J., Sanna, F., Santos, I.S.,
Santric-Milicevic, M.M., Sarasmita, M.A., Sarikhani, Y., Sarmiento-Suarez, R., Sarode,
G.S., Sarode, S.C., Sarveazad, A., Sathian, B., Sathyanarayan, A., Satpathy, M.,
Sawhney, M., Scarmeas, N., Schaarschmidt, B.M., Schmidt, M.I., Schneider, 1.J.C.,
Schumacher, A.E., Schwebel, D.C., Schwendicke, F., Sedighi, M., Senapati, S.,
Senthilkumaran, S., Sepanlou, S.G., Sethi, Y., Setoguchi, S., Seylani, A., Shadid, J.,
Shafie, M., Shah, H., Shah, N.S., Shah, P.A., Shahbandi, A., Shahid, S., Shahid, W.,
Shahwan, M.J,, Shaikh, M.A.,, Shakeri, A., Shalash, A.S., Sham, S., Shamim, M.A.,
Shamshirgaran, M.A., Shamsi, M.A., Shanawaz, M., Shankar, A., Shannawaz, M.,
Sharath, M., Sharifan, A., Sharifi-Rad, J., Sharma, M., Sharma, R., Sharma, S., Sharma,
U., Sharma, V., Shastry, R.P., Shavandi, A., Shayan, A.M., Shayan, M., Shehabeldine,
A.M.E., Shetty, P.H., Shibuya, K., Shifa, J.E., Shiferaw, D., Shiferaw, W.S., Shigematsu,
M., Shiri, R., Shitaye, N.A,, Shittu, A., Shivakumar, K.M., Shivarov, V., Eshkiki, Z.S.,
Shool, S., Shrestha, S., Shuval, K., Sibhat, M.M., Siddig, E.E., Sigfusdottir, I.D., Silva,
D.A.S,, Silva, J.P., Silva, L.M.L.R,, Silva, S., Simpson, C.R., Singal, A., Singh, A., Singh,
B.B., Singh, H., Singh, J.A., Singh, M., Singh, P., Skou, S.T., Sleet, D.A., Slepak, E.L.N.,
Solanki, R., Soliman, S.S.M., Song, S., Song, Y., Sorensen, R.J.D., Soriano, J.B., Soyiri,
I.N., Spartalis, M., Sreeramareddy, C.T., Stark, B.A., Starodubova, A.V., Stein, C.,
Stein, D.J., Steiner, C., Steiner, T.J., Steinmetz, J.D., Steiropoulos, P., Stockfelt, L.,
Stokes, M.A., Subedi, N.S., Subramaniyan, V., Suemoto, C.K., Suleman, M.,
Abdulkader, R.S., Sultana, A., Sundstrém, J., Swain, C.K., Szarpak, L., Damavandi, P.T.,
Tabarés-Seisdedos, R., Malazy, O.T., Tabatabaeizadeh, S.-A., Tabatabai, S., Tabche,
C., Tabish, M., Tadakamadla, S.K., Abkenar, Y.T., Soodejani, M.T., Taherkhani, A.,
Taiba, J., Talaat, I.M., Talukder, A., Tampa, M., Tamuzi, J.L., Tan, K.-K., Tandukar, S.,
Tang, H., Oliaee, R.T., Tavangar, S.M., Teimoori, M., Temsah, M.-H., Teramoto, M.,
Thangaraju, P., Thankappan, K.R., Thapar, R., Thayakaran, R., Thirunavukkarasu, S.,
Thomas, N., Thomas, N.K., Thum, C.C.C., Tichopad, A., Ticoalu, J.H.V., Tillawi, T.,
Tiruye, T.Y., Tobe-Gai, R., Tonelli, M., Topor-Madry, R., Torre, A.E., Touvier, M.,
Tovani-Palone, M.R., Tran, J.T., Tran, M.T.N., Tran, N.M., Tran, N.-H., Trico, D.,
Tromans, S.J., Truyen, T.T.T.T., Tsatsakis, A., Tsegay, G.M., Tsermpini, E.E.,



288

Tumurkhuu, M., Tyrovolas, S., Udoh, A., Umair, M., Umakanthan, S., Umar, T.P.,
Undurraga, E.A., Unim, B., Unnikrishnan, B., Unsworth, C.A., Upadhyay, E., Urso, D.,
Usman, J.S., Vahabi, S.M., Vaithinathan, A.G., Eynde, J.V. den, Varga, O., Varma, R.P.,
Vart, P., Vasankari, T.J., Vasic, M., Vaziri, S., Vellingiri, B., Venketasubramanian, N.,
Veroux, M., Verras, G.-l., Vervoort, D., Villafafie, J.H., Violante, F.S., Vlassov, V.,
Vollset, S.E., Volovat, S.R., Vongpradith, A., Waheed, Y., Wang, C., Wang, F., Wang,
N., Wang, S., Wang, Y., Wang, Y.-P., Ward, P., Wassie, E.G., Weaver, M.R,,
Weerakoon, K.G., Weintraub, R.G., Weiss, D.J.,, Weldemariam, A.H., Wells, K.M,,
Wen, Y.F., Whisnant, J.L., Whiteford, H.A., Wiangkham, T., Wickramasinghe, D.P.,
Wickramasinghe, N.D., Wilandika, A., Wilkerson, C., Willeit, P., Wimo, A,,
Woldegebreal, D.H., Wolf, AW., Wong, Y.J., Woolf, A.D., Wu, C., Wu, F., Wu, X., Wu,
Z., Hanson, S.W,, Xia, Y., Xiao, H., Xu, X., Xu, Y.Y., Yadav, L., Yadollahpour, A.,
Yaghoubi, S., Yamagishi, K., Yang, L., Yano, Y., Yao, Y., Yaribeygi, H., Yazdanpanah,
M.H., Ye, P., Yehualashet, S.S., Yesuf, S.A., Yezli, S., Yigit, A., Yigit, V., Yigzaw, Z.A,,
Yismaw, Y., Yon, D.K., Yonemoto, N., Younis, M.Z., Yu, C., Yu, Y., Yusuf, H., Zahid,
M.H., Zakham, F., Zaki, L., Zaki, N., Zaman, B.A., Zamora, N., Zand, R., Zandieh, G.G.Z.,
Zar, H.).,, Zarrintan, A., Zastrozhin, M.S., Zhang, H., Zhang, N., Zhang, Y., Zhao, H.,
Zhong, C., Zhong, P., Zhou, J., Zhu, Z., Ziafati, M., Zielinska, M., Zimsen, S.R.M., Zolad|,
M., Zumla, A., Zyoud, S.H., Vos, T., Murray, C.J.L., 2024. Global incidence, prevalence,
years lived with disability (YLDs), disability-adjusted life-years (DALYs), and healthy
life expectancy (HALE) for 371 diseases and injuries in 204 countries and territories
and 811 subnational locations, 1990-2021: a systematic analysis for the Global
Burden of Disease Study 2021. The Lancet 403, 2133-2161.
https://doi.org/10.1016/S0140-6736(24)00757-8

Fillingim, R.B., Loeser, J.D., Baron, R., Edwards, R.R., 2016. Assessment of Chronic Pain:
Domains, Methods, and Mechanisms. The Journal of Pain 17, T10-T20.
https://doi.org/10.1016/j.jpain.2015.08.010

Findling, J.W., Raff, H., Aron, D.C., 2004. The Low-Dose Dexamethasone Suppression Test: A
Reevaluation in Patients with Cushing’s Syndrome. The Journal of Clinical
Endocrinology & Metabolism 89, 1222-1226. https://doi.org/10.1210/jc.2003-
030207

Fine, P.G., 2011. Long-Term Consequences of Chronic Pain: Mounting Evidence for Pain as a
Neurological Disease and Parallels with Other Chronic Disease States. Pain Medicine
12, 996—-1004. https://doi.org/10.1111/j.1526-4637.2011.01187.x

Fliesser, M., De Witt Huberts, J., Wippert, P.-M., 2018. Education, job position, income or
multidimensional indices? Associations between different socioeconomic status
indicators and chronic low back pain in a German sample: a longitudinal field study.
BMJ Open 8, €020207. https://doi.org/10.1136/bmjopen-2017-020207

Fonseca-Rodrigues, D., Rodrigues, A., Martins, T., Pinto, J., Amorim, D., Almeida, A., Pinto-
Ribeiro, F., 2022. Correlation between pain severity and levels of anxiety and
depression in osteoarthritis patients: a systematic review and meta-analysis.
Rheumatology 61, 53—75. https://doi.org/10.1093/rheumatology/keab512

Forrester, S.N., Leoutsakos, J.-M., Gallo, J.J., Thorpe, R.J., Seeman, T.E., 2019. Association
between allostatic load and health behaviours: a latent class approach. J Epidemiol
Community Health 73, 340-345. https://doi.org/10.1136/jech-2018-211289

Freese, J., Lutfey, K., 2011. Fundamental Causality: Challenges of an Animating Concept for
Medical Sociology, in: Pescosolido, B.A., Martin, J.K., McLeod, J.D., Rogers, A. (Eds.),



289

Handbook of the Sociology of Health, Iliness, and Healing: A Blueprint for the 21st
Century. Springer, New York, NY, pp. 67-81. https://doi.org/10.1007/978-1-4419-
7261-3_4

Freynhagen, R., Baron, R., Gockel, U., Télle, T.R., 2006. painDETECT: a new screening
questionnaire to identify neuropathic components in patients with back pain.
Current Medical Research and Opinion 22, 1911-1920.
https://doi.org/10.1185/030079906X132488

Fries, E., Hesse, J., Hellhammer, J., Hellhammer, D.H., 2005. A new view on hypocortisolism.
Psychoneuroendocrinology, Stress, sensitisation and somatisation: A special issue in
honour of Holger Ursin 30, 1010-1016.
https://doi.org/10.1016/j.psyneuen.2005.04.006

Galer, B.S., Jensen, M.P., 1997. Development and preliminary validation of a pain measure
specific to neuropathic pain. Neurology 48, 332—-338.
https://doi.org/10.1212/WNL.48.2.332

Galobardes, B., Lynch, J., Smith, G.D., 2007. Measuring socioeconomic position in health
research. British Medical Bulletin 81-82, 21-37.
https://doi.org/10.1093/bmb/Idm001

Galobardes, B., Shaw, M., Lawlor, D.A., Lynch, J.W., 2006a. Indicators of socioeconomic
position (part 2). J Epidemiol Community Health 60, 95-101.
https://doi.org/10.1136/jech.2004.028092

Galobardes, B., Shaw, M., Lawlor, D.A., Lynch, J.W., Smith, G.D., 2006b. Indicators of
socioeconomic position (part 1). Journal of Epidemiology & Community Health 60, 7—
12. https://doi.org/10.1136/jech.2004.023531

Gao, Y., Xiang, L., Yi, H., Song, J., Sun, D., Xu, B., Zhang, G., Wu, |.X., 2025. Confounder
adjustment in observational studies investigating multiple risk factors: a
methodological study. BMC Medicine 23, 132. https://doi.org/10.1186/s12916-025-
03957-8

Generaal, E., Vogelzangs, N., Macfarlane, G.J., Geenen, R., Smit, J.H., de Geus, E.J.C.N.,
Dekker, J., Penninx, B.W.J.H., 2017. Biological Stress Systems, Adverse Life Events,
and the Improvement of Chronic Multisite Musculoskeletal Pain Across a 6-Year
Follow-Up. The Journal of Pain 18, 155-165.
https://doi.org/10.1016/j.jpain.2016.10.010

Generaal, E., Vogelzangs, N., Macfarlane, G.J., Geenen, R., Smit, J.H., de Geus, E.J.C.N.,
Penninx, B.W.J.H., Dekker, J., 2016. Biological stress systems, adverse life events and
the onset of chronic multisite musculoskeletal pain: a 6-year cohort study. Ann
Rheum Dis 75, 847—854. https://doi.org/10.1136/annrheumdis-2014-206741

Generaal, E., Vogelzangs, N., Macfarlane, G.J., Geenen, R., Smit, J.H., Penninx, B.W., Dekker,
J., 2014. Reduced hypothalamic-pituitary-adrenal axis activity in chronic multi-site
musculoskeletal pain: partly masked by depressive and anxiety disorders. BMC
Musculoskelet Disord 15, 227. https://doi.org/10.1186/1471-2474-15-227

Gerdle, B., Bjork, J., Coster, L., Henriksson, K., Henriksson, C., Bengtsson, A., 2008.
Prevalence of widespread pain and associations with work status: a population
study. BMC Musculoskelet Disord 9, 102. https://doi.org/10.1186/1471-2474-9-102

Ghafouri, B., Edman, E., L6f, M., Lund, E., Leinhard, O.D., Lundberg, P., Forsgren, M.F.,
Gerdle, B., Dong, H.-J., 2022. Fibromyalgia in women: association of inflammatory
plasma proteins, muscle blood flow, and metabolism with body mass index and pain



290

characteristics. PAIN Reports 7, €1042.
https://doi.org/10.1097/PR9.0000000000001042

Glei, D.A., Weinstein, M., 2023. Is the Pain killing you? Could Pain interference be a warning
signal for midlife mortality? SSM - Population Health 24, 101513.
https://doi.org/10.1016/j.ssmph.2023.101513

Glover, L.M., Martin, C.L., Green-Howard, A., Adatorwovor, R., Loehr, L., Staley-Salil, B.,
North, K.E., Sims, M., 2023. Cumulative socioeconomic status and incident type 2
diabetes among African American adults from the Jackson heart study. SSM -
Population Health 101389. https://doi.org/10.1016/j.ssmph.2023.101389

Gluckman, P.D., Hanson, M.A., Buklijas, T., Low, F.M., Beedle, A.S., 2009. Epigenetic
mechanisms that underpin metabolic and cardiovascular diseases. Nat Rev
Endocrinol 5, 401-408. https://doi.org/10.1038/nrendo.2009.102

Gonzalez, A., Boyle, M.H., Kyu, H.H., Georgiades, K., Duncan, L., MacMillan, H.L., 2012.
Childhood and family influences on depression, chronic physical conditions, and their
comorbidity: Findings from the Ontario Child Health Study. Journal of Psychiatric
Research 46, 1475-1482. https://doi.org/10.1016/j.jpsychires.2012.08.004

Goosby, B.J., 2013. Early Life Course Pathways of Adult Depression and Chronic Pain. J
Health Soc Behav 54, 75-91. https://doi.org/10.1177/0022146512475089

Graves, K.Y., Nowakowski, A.C.H., 2017. Childhood Socioeconomic Status and Stress in Late
Adulthood: A Longitudinal Approach to Measuring Allostatic Load. Global Pediatric
Health 4, 2333794X1774495. https://doi.org/10.1177/2333794X17744950

Green, M.J., Popham, F., 2017. Life course models: improving interpretation by
consideration of total effects. Int J Epidemiol 46, 1057-1062.
https://doi.org/10.1093/ije/dyw329

Grichnik, K.P., Ferrante, F.M., 1991. The difference between acute and chronic pain. Mt
Sinai ] Med 58, 217-220.

Griffith, G.J., Morris, T.T., Tudball, M.J., Herbert, A., Mancano, G., Pike, L., Sharp, G.C.,
Sterne, J., Palmer, T.M., Davey Smith, G., Tilling, K., Zuccolo, L., Davies, N.M.,,
Hemani, G., 2020. Collider bias undermines our understanding of COVID-19 disease
risk and severity. Nat Commun 11, 5749. https://doi.org/10.1038/s41467-020-
19478-2

Groffen, D.A.l., Bosma, H., Koster, A., von Bonsdorff, M.B., Aspelund, T., Eiriksdottir, G.,
Penninx, B.W.J.H., Kempen, G.I.J.M., Kirschbaum, C., Gudnason, V., Harris, T.B., 2015.
A blunted diurnal cortisol response in the lower educated does not explain
educational differences in coronary heart disease: Findings from the AGES-Reykjavik
Study. Social Science & Medicine, Special Issue: Educational Attainment and Adult
Health: Contextualizing Causality 127, 143-149.
https://doi.org/10.1016/j.socscimed.2014.09.050

Grol-Prokopczyk, H., 2017. Sociodemographic disparities in chronic pain, based on 12-year
longitudinal data. Pain 158, 313-322.
https://doi.org/10.1097/].pain.0000000000000762

Gruenewald, T.L., Karlamangla, A.S., Hu, P., Stein-Merkin, S., Crandall, C., Koretz, B.,
Seeman, T.E., 2012. History of socioeconomic disadvantage and allostatic load in
later life. Social Science & Medicine 74, 75—-83.
https://doi.org/10.1016/j.socscimed.2011.09.037



291

Guerriero, F., Reid, M.C., 2019. Pain and Healthy Aging, in: Coll, P.P. (Ed.), Healthy Aging: A
Complete Guide to Clinical Management. Springer International Publishing, Cham,
pp. 305-312. https://doi.org/10.1007/978-3-030-06200-2_26

Guidi, J., Lucente, M., Sonino, N., Fava, G.A., 2021. Allostatic Load and Its Impact on Health:
A Systematic Review. Psychother Psychosom 90, 11-27.
https://doi.org/10.1159/000510696

Gustafsson, P.E., San Sebastian, M., Janlert, U., Theorell, T., Westerlund, H., Hammarstrom,
A., 2014. Life-Course Accumulation of Neighborhood Disadvantage and Allostatic
Load: Empirical Integration of Three Social Determinants of Health Frameworks. Am J
Public Health 104, 904-910. https://doi.org/10.2105/AJPH.2013.301707

Hannibal, K.E., Bishop, M.D., 2014. Chronic Stress, Cortisol Dysfunction, and Pain: A
Psychoneuroendocrine Rationale for Stress Management in Pain Rehabilitation.
Physical Therapy 94, 1816—-1825. https://doi.org/10.2522/ptj.20130597

Harris, J.R., Gruenewald, T.L., Seeman, T., 2008. An Overview of Biomarker Research from
Community and Population-Based Studies on Aging, in: Biosocial Surveys. National
Academies Press (US).

Hastings, W.J., Almeida, D.M., Shalev, |., 2022. Conceptual and Analytical Overlap Between
Allostatic Load and Systemic Biological Aging Measures: Analyses From the National
Survey of Midlife Development in the United States. The Journals of Gerontology:
Series A 77, 1179-1188. https://doi.org/10.1093/gerona/glab187

He, Y., 2010. Missing Data Analysis Using Multiple Imputation. Circulation: Cardiovascular
Quality and Outcomes 3, 8. https://doi.org/10.1161/CIRCOUTCOMES.109.875658

Held, M., Karl, F., Vickova, E., Rajdova, A., Escolano-Lozano, F., Stetter, C., Bharti, R.,
Forstner, K.U., Leinders, M., Dusek, L., Birklein, F., Bednarik, J., Sommer, C., Ugeyler,
N., 2019. Sensory profiles and immune-related expression patterns of patients with
and without neuropathic pain after peripheral nerve lesion. PAIN 160, 2316.
https://doi.org/10.1097/j.pain.0000000000001623

Hellhammer, J., Fries, E., Schweisthal, O.W., Schlotz, W., Stone, A.A., Hagemann, D., 2007.
Several daily measurements are necessary to reliably assess the cortisol rise after
awakening: State- and trait components. Psychoneuroendocrinology 32, 80—86.
https://doi.org/10.1016/j.psyneuen.2006.10.005

Herman, J.P., Cullinan, W.E., 1997. Neurocircuitry of stress: central control of the
hypothalamo—pituitary—adrenocortical axis. Trends in Neurosciences 20, 78—84.
https://doi.org/10.1016/50166-2236(96)10069-2

Herman, J.P., McKlveen, J.M., Ghosal, S., Kopp, B., Wulsin, A., Makinson, R., Scheimann, J.,
Myers, B., 2016. Regulation of the hypothalamic-pituitary-adrenocortical stress
response. Compr Physiol 6, 603—621. https://doi.org/10.1002/cphy.c150015

Hernan, M.A., Monge, S., 2023. Selection bias due to conditioning on a collider. BMJ 381,
p1135. https://doi.org/10.1136/bmj.p1135

Hickson, D.A., Diez Roux, A.V., Gebreab, S.Y., Wyatt, S.B., Dubbert, P.M., Sarpong, D.F., Sims,
M., Taylor, H.A., 2012. Social Patterning of Cumulative Biological Risk by Education
and Income Among African Americans. Am J Public Health 102, 1362-1369.
https://doi.org/10.2105/AJPH.2011.300444

Hider, S.L., Whitehurst, D.G.T., Thomas, E., Foster, N.E., 2015. Pain location matters: the
impact of leg pain on health care use, work disability and quality of life in patients
with low back pain. Eur Spine J 24, 444—-451. https://doi.org/10.1007/s00586-014-
3355-2



292

Hoffmann, R., Kroger, H., Pakpahan, E., 2018. Pathways between socioeconomic status and
health: Does health selection or social causation dominate in Europe? Advances in
Life Course Research 36, 23-36. https://doi.org/10.1016/j.alcr.2018.02.002

Hoftun, G.B., Romundstad, P.R., Rygg, M., 2012. Factors Associated With Adolescent Chronic
Non-Specific Pain, Chronic Multisite Pain, and Chronic Pain With High Disability:

The Young—HUNT Study 2008. The Journal of Pain 13, 874—-883.
https://doi.org/10.1016/].jpain.2012.06.001

Hruschka, D.J., Kohrt, B.A., Worthman, C.M., 2005. Estimating between- and within-
individual variation in cortisol levels using multilevel models.
Psychoneuroendocrinology 30, 698-714.
https://doi.org/10.1016/j.psyneuen.2005.03.002

Hu, L., Bentler, P.M., 1999. Cutoff criteria for fit indexes in covariance structure analysis:
Conventional criteria versus new alternatives. Structural Equation Modeling: A
Multidisciplinary Journal 6, 1-55. https://doi.org/10.1080/10705519909540118

Hussain, S.M., Urquhart, D.M., Wang, Y., Shaw, J.E., Magliano, D.J., Wluka, A.E., Cicuttini,
F.M., 2017. Fat mass and fat distribution are associated with low back pain intensity
and disability: results from a cohort study. Arthritis Res Ther 19, 26.
https://doi.org/10.1186/s13075-017-1242-z

Imai, K., Keele, L., Yamamoto, T., 2010. Identification, Inference and Sensitivity Analysis for
Causal Mediation Effects. Statist. Sci. 25. https://doi.org/10.1214/10-STS321

Interagency Pain Research Coordinating Committee, 2022. National pain strategy: A
Comprehensive Population Health-Level Strategy for Pain.

Jarcho, M.R,, Slavich, G.M., Tylova-Stein, H., Wolkowitz, O.M., Burke, H.M., 2013.
Dysregulated diurnal cortisol pattern is associated with glucocorticoid resistance in
women with major depressive disorder. Biological Psychology 93, 150-158.
https://doi.org/10.1016/j.biopsycho.2013.01.018

Jay, M.A., Bendayan, R., Cooper, R., Muthuri, S.G., 2019. Lifetime socioeconomic
circumstances and chronic pain in later adulthood: findings from a British birth
cohort study. BMJ Open 9, e024250. https://doi.org/10.1136/bmjopen-2018-024250

Jensen, J.T., Schlaff, W., Gordon, K., 2018. Use of combined hormonal contraceptives for the
treatment of endometriosis-related pain: a systematic review of the evidence. Fertil
Steril 110, 137-152.e1. https://doi.org/10.1016/j.fertnstert.2018.03.012

Jensen, M.P., 2011. Measuring pain interference, in: The Pain Stethoscope: A Clinician’s
Guide to Measuring Pain. Springer Healthcare Ltd., Tarporley, pp. 23-27.
https://doi.org/10.1007/978-1-908517-43-2_6

Jensen, M.P., Chodroff, M.J., Dworkin, R.H., 2007. The impact of neuropathic pain on health-
related quality of life. Neurology 68, 1178-1182.
https://doi.org/10.1212/01.wnl.0000259085.61898.9¢

Jensen, M.P., Tomé-Pires, C., de la Vega, R., Galan, S., Solé, E., Mir¢, J., 2017. What
Determines Whether a Pain is Rated as Mild, Moderate, or Severe? The Importance
of Pain Beliefs and Pain Interference. The Clinical Journal of Pain 33, 414—-421.
https://doi.org/10.1097/AJP.0000000000000429

Jevtovic-Todorovic, V., Covey, D.F., Todorovic, S.M., 2009. Are neuroactive steroids
promising therapeutic agents in the management of acute and chronic pain?
Psychoneuroendocrinology 3451, S178-5185.
https://doi.org/10.1016/j.psyneuen.2009.06.001



293

Ji, R.-R., Nackley, A., Huh, Y., Terrando, N., Maixner, W., 2018. Neuroinflammation and
central sensitization in chronic and widespread pain. Anesthesiology 129, 343-366.
https://doi.org/10.1097/ALN.0000000000002130

Ji, R.-R., Xu, Z.-Z., Gao, Y.-J., 2014. Emerging targets in neuroinflammation-driven chronic
pain. Nat Rev Drug Discov 13, 533-548. https://doi.org/10.1038/nrd4334

Johannes, C.B,, Le, T.K., Zhou, X., Johnston, J.A., Dworkin, R.H., 2010. The Prevalence of
Chronic Pain in United States Adults: Results of an Internet-Based Survey. The
Journal of Pain 11, 1230-1239. https://doi.org/10.1016/j.jpain.2010.07.002

Johnson, S.C., Cavallaro, F.L., Leon, D.A., 2017. A systematic review of allostatic load in
relation to socioeconomic position: Poor fidelity and major inconsistencies in
biomarkers employed. Social Science & Medicine 192, 66—73.
https://doi.org/10.1016/j.socscimed.2017.09.025

Jones, N.L., Gilman, S.E., Cheng, T.L., Drury, S.S., Hill, C.V., Geronimus, A.T., 2019. Life Course
Approaches to the Causes of Health Disparities. Am J Public Health 109, S48—S55.
https://doi.org/10.2105/AJPH.2018.304738

Jung, C,, Greco, S., Nguyen, H.H., Ho, J.T., Lewis, J.G., Torpy, D.J., Inder, W.J., 2014. Plasma,
salivary and urinary cortisol levels following physiological and stress doses of
hydrocortisone in normal volunteers. BMC Endocrine Disorders 14, 91.
https://doi.org/10.1186/1472-6823-14-91

Juster, R.-P., McEwen, B.S., Lupien, S.J., 2010. Allostatic load biomarkers of chronic stress
and impact on health and cognition. Neuroscience & Biobehavioral Reviews 35, 2—
16. https://doi.org/10.1016/j.neubiorev.2009.10.002

Kamaleri, Y., Natvig, B., lhlebaek, C.M., Benth, J.S., Bruusgaard, D., 2008. Number of pain
sites is associated with demographic, lifestyle, and health-related factors in the
general population. European Journal of Pain 12, 742-748.
https://doi.org/10.1016/j.ejpain.2007.11.005

Kappelmann, N., Arloth, J., Georgakis, M.K., Czamara, D., Rost, N., Ligthart, S., Khandaker,
G.M., Binder, E.B., 2021. Dissecting the Association Between Inflammation,
Metabolic Dysregulation, and Specific Depressive Symptoms: A Genetic Correlation
and 2-Sample Mendelian Randomization Study. JAMA Psychiatry 78, 161-170.
https://doi.org/10.1001/jamapsychiatry.2020.3436

Karlamangla, A.S., Almeida, D.M., Lachman, M.E., Merkin, S.S., Thomas, D., Seeman, T.E.,
2022. Diurnal dynamic range as index of dysregulation of system dynamics. A cortisol
examplar using data from the Study of Midlife in the United States.
Psychoneuroendocrinology 142, 105804.
https://doi.org/10.1016/j.psyneuen.2022.105804

Karlamangla, A.S., Friedman, E.M., Seeman, T.E., Stawksi, R.S., Almeida, D.M., 2013. Daytime
trajectories of cortisol: Demographic and socioeconomic differences—Findings from
the National Study of Daily Experiences. Psychoneuroendocrinology 38, 2585-2597.
https://doi.org/10.1016/j.psyneuen.2013.06.010

Karlamangla, A.S., Miller-Martinez, D., Lachman, M.E., Tun, P.A., Koretz, B.K., Seeman, T.E.,
2014. Biological correlates of adult cognition: Midlife in the United States (MIDUS).
Neurobiology of Aging 35, 387-394.
https://doi.org/10.1016/j.neurobiolaging.2013.07.028

Katz, J., Melzack, R., 2011. The McGill Pain Questionnaire: Development, psychometric
properties, and usefulness of the long form, short form, and short form-2., in:



294

Handbook of Pain Assessment, 3rd Ed. The Guilford Press, New York, NY, US, pp. 45—
66.

Kawasaki, Y., Zhang, L., Cheng, J.-K., Ji, R.-R., 2008. Cytokine Mechanisms of Central
Sensitization: Distinct and Overlapping Role of Interleukin-1B, Interleukin-6, and
Tumor Necrosis Factor-a in Regulating Synaptic and Neuronal Activity in the
Superficial Spinal Cord. J Neurosci 28, 5189-5194.
https://doi.org/10.1523/INEUROSCI.3338-07.2008

Keller, S., Bann, C.M., Dodd, S.L., Schein, J., Mendoza, T.R., Cleeland, C.S., 2004. Validity of
the Brief Pain Inventory for Use in Documenting the Outcomes of Patients With
Noncancer Pain. The Clinical Journal of Pain 20, 309.

Kenny, D.A., McCoach, D.B., 2003. Effect of the Number of Variables on Measures of Fit in
Structural Equation Modeling. Structural Equation Modeling: A Multidisciplinary
Journal 10, 333—-351. https://doi.org/10.1207/5S15328007SEM1003_1

Khalatbari-Soltani, S., Blyth, F.M., 2022. Socioeconomic position and pain: a topical review.
Pain 163, 1855—-1861. https://doi.org/10.1097/].pain.0000000000002634

Kim, Y., 2024. Hypothalamic-Pituitary-Adrenal (HPA) Axis. [WWW Document]. URL
https://app.biorender.com/biorender-templates/figures/all/t-
65fc5afb9970e99daadb45f5-hypothalamic-pituitary-adrenal-hpa-axis (accessed
4.22.25).

King, L., Scheiring, G., Nosrati, E., 2022. Deaths of Despair in Comparative Perspective.
Annual Review of Sociology 48, 299-317. https://doi.org/10.1146/annurev-soc-
030320-031757

Kirschbaum, C., Kudielka, B.M., Gaab, J., Schommer, N.C., Hellhammer, D.H., 1999. Impact of
Gender, Menstrual Cycle Phase, and Oral Contraceptives on the Activity of the
Hypothalamus-Pituitary-Adrenal Axis. Psychosomatic Medicine 61, 154.

Kiviméaki, M., Batty, G.D., Pentti, J., Shipley, M.J,, Sipila, P.N., Nyberg, S.T., Suominen, S.B.,
Oksanen, T., Stenholm, S., Virtanen, M., Marmot, M.G., Singh-Manoux, A., Brunner,
E.J., Lindbohm, J.V., Ferrie, J.E., Vahtera, J., 2020. Association between
socioeconomic status and the development of mental and physical health conditions
in adulthood: a multi-cohort study. The Lancet Public Health 5, e140—e149.
https://doi.org/10.1016/52468-2667(19)30248-8

Kloet, E.R.D., Vreugdenhil, E., Oitzl, M.S., Ls, M.J., 1998. Brain Corticosteroid Receptor
Balance in Health and Disease. Endocrine Reviews 19, 269-301.

Knorr, U., Vinberg, M., Kessing, L.V., Wetterslev, J., 2010. Salivary cortisol in depressed
patients versus control persons: A systematic review and meta-analysis.
Psychoneuroendocrinology 35, 1275-1286.
https://doi.org/10.1016/j.psyneuen.2010.04.001

Koechlin, H., Coakley, R., Schechter, N., Werner, C., Kossowsky, J., 2018. The role of emotion
regulation in chronic pain: A systematic literature review. Journal of Psychosomatic
Research 107, 38-45. https://doi.org/10.1016/].jpsychores.2018.02.002

Krieger, N., Williams, D.R., Moss, N.E., 1997. Measuring Social Class in US Public Health
Research: Concepts, Methodologies, and Guidelines. Annual Review of Public Health
18, 341-378. https://doi.org/10.1146/annurev.publhealth.18.1.341

Kuh, D., Ben-Shlomo, Y., Lynch, J., Hallgvist, J., Power, C., 2003. Life course epidemiology.
Journal of Epidemiology & Community Health 57, 778-783.
https://doi.org/10.1136/jech.57.10.778



295

Kumari, M., Badrick, E., Chandola, T., Adler, N.E., Epel, E., Seeman, T., Kirschbaum, C.,
Marmot, M.G., 2010. Measures of Social Position and Cortisol Secretion in an Aging
Population: Findings From the Whitehall 1l Study. Psychosomatic Medicine 72, 27.
https://doi.org/10.1097/PSY.0b013e3181c85712

Kumari, M., Shipley, M., Stafford, M., Kivimaki, M., 2011. Association of Diurnal Patterns in
Salivary Cortisol with All-Cause and Cardiovascular Mortality: Findings from the
Whitehall Il Study. The Journal of Clinical Endocrinology & Metabolism 96, 1478—
1485. https://doi.org/10.1210/jc.2010-2137

Kunz-Ebrecht, S.R., Kirschbaum, C., Marmot, M., Steptoe, A., 2004a. Differences in cortisol
awakening response on work days and weekends in women and men from the
Whitehall Il cohort. Psychoneuroendocrinology 29, 516-528.
https://doi.org/10.1016/S0306-4530(03)00072-6

Kunz-Ebrecht, S.R., Kirschbaum, C., Steptoe, A., 2004b. Work stress, socioeconomic status
and neuroendocrine activation over the working day. Social Science & Medicine,
Health inequalities and the psychosocial environment 58, 1523-1530.
https://doi.org/10.1016/50277-9536(03)00347-2

LaRowe, L.R., Miaskowski, C., Miller, A., Mayfield, A., Keefe, F.J., Smith, A.K., Cooper, B.A.,
Wei, L.-J., Ritchie, C.S., 2024. Prevalence and Sociodemographic Correlates of
Chronic Pain Among a Nationally Representative Sample of Older Adults in the
United States. The Journal of Pain 25. https://doi.org/10.1016/j.jpain.2024.104614

Leonard, M.T., Cano, A., Johansen, A.B., 2006. Chronic Pain in a Couples Context: A Review
and Integration of Theoretical Models and Empirical Evidence. The Journal of Pain 7,
377-390. https://doi.org/10.1016/j.jpain.2006.01.442

Li, L., Power, C., Kelly, S., Kirschbaum, C., Hertzman, C., 2007. Life-time socio-economic
position and cortisol patterns in mid-life. Psychoneuroendocrinology 32, 824—-833.
https://doi.org/10.1016/j.psyneuen.2007.05.014

Li, R., Chapman, B.P., Smith, S.M., 2021a. Blood Dehydroepiandrosterone and
Dehydroepiandrosterone Sulfate as Pathophysiological Correlates of Chronic Pain:
Analyses Using a National Sample of Midlife Adults in the United States. Pain
Medicine 22, 243-254. https://doi.org/10.1093/pm/pnaa345

Li, R., Kreher, D.A., Jusko, T.A., Chapman, B.P., Bonham, A.D., Seplaki, C.L., 2021b.
Prospective Association between Dysmenorrhea and Chronic Pain Development in
Community-Dwelling Women. The Journal of Pain 22, 1084-1096.
https://doi.org/10.1016/j.jpain.2021.03.139

Liang, Y., 2024. Life course socioeconomic status, chronic pain, and the mediating role of
allostatic load: findings from the midlife in the United States. Front. Public Health 12.
https://doi.org/10.3389/fpubh.2024.1365105

Liang, Y., Booker, C., 2024. Allostatic load and chronic pain: a prospective finding from the
national survey of midlife development in the United States, 2004—2014. BMC Public
Health 24, 416. https://doi.org/10.1186/s12889-024-17888-1

Lightman, S.L., Birnie, M.T., Conway-Campbell, B.L., 2020. Dynamics of ACTH and Cortisol
Secretion and Implications for Disease. Endocrine Reviews 41, bnaa002.
https://doi.org/10.1210/endrev/bnaa002

Loevinger, B.L., Muller, D., Alonso, C., Coe, C.L., 2007. Metabolic syndrome in women with
chronic pain. Metabolism 56, 87-93. https://doi.org/10.1016/j.metabol.2006.09.001

Lunyera, J., Stanifer, J.W., Davenport, C.A., Mohottige, D., Bhavsar, N.A., Scialla, J.J.,
Pendergast, J., Boulware, L.E., Diamantidis, C.J., 2020. Life Course Socioeconomic



296

Status, Allostatic Load, and Kidney Health in Black Americans. Clin J Am Soc Nephrol
15, 341-348. https://doi.org/10.2215/CIN.08430719

Lynch, J., Kaplan, G., 2000. Socioeconomic position, in: Social Epidemiology. pp. 13-35.

Macchia, L., 2023. Understanding Despair: The Role of Physical Pain. Am J Health Promot 37,
763-765. https://doi.org/10.1177/08901171231177849

Macfarlane, G.J., Norrie, G., Atherton, K., Power, C., Jones, G.T., 2009. The influence of
socioeconomic status on the reporting of regional and widespread musculoskeletal
pain: results from the 1958 British Birth Cohort Study. Annals of the Rheumatic
Diseases 68, 1591-1595. https://doi.org/10.1136/ard.2008.093088

Maiaru, M., Tochiki, K.K., Cox, M.B., Annan, L.V., Bell, C.G., Feng, X., Hausch, F., Géranton,
S.M., 2016. The stress regulator FKBP51 drives chronic pain by modulating spinal
glucocorticoid signaling. Science Translational Medicine 8, 325ra19-325ra19.
https://doi.org/10.1126/scitransimed.aab3376

Maly, A., Vallerand, A.H., 2018. Neighborhood, Socioeconomic, and Racial Influence on
Chronic Pain. Pain Management Nursing 19, 14-22.
https://doi.org/10.1016/j.pmn.2017.11.004

Manthey, L., Leeds, C., Giltay, E.J., van Veen, T., Vreeburg, S.A., Penninx, B.W.J.H., Zitman,
F.G., 2011. Antidepressant use and salivary cortisol in depressive and anxiety
disorders. Eur Neuropsychopharmacol 21, 691-699.
https://doi.org/10.1016/j.euroneuro.2011.03.002

Mantyselka, P., Miettola, J., Niskanen, L., Kumpusalo, E., 2008. Chronic pain, impaired
glucose tolerance and diabetes: A community-based study. PAIN® 137, 34—40.
https://doi.org/10.1016/j.pain.2007.08.007

Marmot, M., 2005. Social determinants of health inequalities. The Lancet 365, 1099-1104.
https://doi.org/10.1016/5S0140-6736(05)71146-6

Martel, M.O., Shir, Y., Ware, M.A,, 2018. Substance-related disorders: A review of
prevalence and correlates among patients with chronic pain. Progress in Neuro-
Psychopharmacology and Biological Psychiatry, Chronic Pain and Psychiatric
Disorders 87, 245-254. https://doi.org/10.1016/j.pnpbp.2017.06.032

McBeth, J., Chiu, Y.H., Silman, A.J., Ray, D., Morriss, R., Dickens, C., Gupta, A., Macfarlane,
G.J., 2005. Hypothalamic-pituitary-adrenal stress axis function and the relationship
with chronic widespread pain and its antecedents. Arthritis Research & Therapy 7,
R992. https://doi.org/10.1186/ar1772

McBeth, J., Silman, A.J., Gupta, A., Chiu, Y.H., Ray, D., Morriss, R., Dickens, C., King, Y.,
Macfarlane, G.J., 2007. Moderation of psychosocial risk factors through dysfunction
of the hypothalamic—pituitary—adrenal stress axis in the onset of chronic widespread
musculoskeletal pain : Findings of a population-based prospective cohort study.
Arthritis Rheum 56, 360—371. https://doi.org/10.1002/art.22336

McEwen, B.S., 2007. Physiology and Neurobiology of Stress and Adaptation: Central Role of
the Brain. Physiological Reviews 87, 873-904.
https://doi.org/10.1152/physrev.00041.2006

McEwen, B.S., 1998. Stress, Adaptation, and Disease: Allostasis and Allostatic Load. Annals
of the New York Academy of Sciences 840, 33—44. https://doi.org/10.1111/j.1749-
6632.1998.tb09546.x

McEwen, B.S., Gianaros, P.J., 2010. Central role of the brain in stress and adaptation: Links
to socioeconomic status, health, and disease: Central links between stress and SES.



297

Annals of the New York Academy of Sciences 1186, 190-222.
https://doi.org/10.1111/j.1749-6632.2009.05331.x

McEwen, B.S., Seeman, T., 1999. Protective and Damaging Effects of Mediators of Stress:
Elaborating and Testing the Concepts of Allostasis and Allostatic Load. Annals of the
New York Academy of Sciences 896, 30-47. https://doi.org/10.1111/j.1749-
6632.1999.tb08103.x

McEwen, B.S., Stellar, E., 1993. Stress and the Individual: Mechanisms Leading to Disease.
Archives of Internal Medicine 153, 2093-2101.
https://doi.org/10.1001/archinte.1993.00410180039004

McGowan, V.J., Bambra, C., 2022. COVID-19 mortality and deprivation: pandemic, syndemic,
and endemic health inequalities. The Lancet Public Health 7, e966—e975.
https://doi.org/10.1016/52468-2667(22)00223-7

McGrath, P.J., Walco, G.A., Turk, D.C., Dworkin, R.H., Brown, M.T., Davidson, K., Eccleston,
C., Finley, G.A., Goldschneider, K., Haverkos, L., Hertz, S.H., Ljungman, G., Palermo,
T., Rappaport, B.A., Rhodes, T., Schechter, N., Scott, J., Sethna, N., Svensson, O.K,,
Stinson, J., Baeyer, C.L. von, Walker, L., Weisman, S., White, R.E., Zajicek, A., Zeltzer,
L., 2008. Core Outcome Domains and Measures for Pediatric Acute and
Chronic/Recurrent Pain Clinical Trials: PedIMMPACT Recommendations. The Journal
of Pain 9, 771-783. https://doi.org/10.1016/j.jpain.2008.04.007

Meghani, S.H., Polomano, R.C., Tait, R.C., Vallerand, A.H., Anderson, K.O., Gallagher, R.M.,,
2012. Advancing a National Agenda to Eliminate Disparities in Pain Care: Directions
for Health Policy, Education, Practice, and Research. Pain Medicine 13, 5-28.
https://doi.org/10.1111/j.1526-4637.2011.01289.x

Mehlum, LS., Kristensen, P., Kjuus, H., Wergeland, E., 2008. Are occupational factors
important determinants of socioeconomic inequalities in musculoskeletal pain?
Scandinavian Journal of Work, Environment & Health 34, 250-259.

Meints, S.M., Edwards, R.R., 2018. Evaluating psychosocial contributions to chronic pain
outcomes. Progress in Neuro-Psychopharmacology and Biological Psychiatry, Chronic
Pain and Psychiatric Disorders 87, 168—182.
https://doi.org/10.1016/j.pnpbp.2018.01.017

Meredith, W., 1993. Measurement invariance, factor analysis and factorial invariance.
Psychometrika 58, 525—543. https://doi.org/10.1007/BF02294825

Metten, M.-A., Costet, N., Multigner, L., Viel, J.-F., Chauvet, G., 2022. Inverse probability
weighting to handle attrition in cohort studies: some guidance and a call for caution.
BMC Medical Research Methodology 22, 45. https://doi.org/10.1186/s12874-022-
01533-9

Miettinen, T., Kautiainen, H., Mantyselka, P., Linton, S.J., Kalso, E., 2019. Pain interference
type and level guide the assessment process in chronic pain: Categorizing pain
patients entering tertiary pain treatment with the Brief Pain Inventory. PLoS One 14,
€0221437. https://doi.org/10.1371/journal.pone.0221437

Miller, G.E., Chen, E., Zhou, E.S., 2007. If it goes up, must it come down? Chronic stress and
the hypothalamic-pituitary-adrenocortical axis in humans. Psychological Bulletin 133,
25-45. https://doi.org/10.1037/0033-2909.133.1.25

Miller, K.G., Gianaros, P.J., Kamarck, T.W., Anderson, B.A., Muldoon, M.F., Manuck, S.B.,
2021. Cortisol activity partially accounts for a relationship between community
socioeconomic position and atherosclerosis. Psychoneuroendocrinology 131,
105292. https://doi.org/10.1016/j.psyneuen.2021.105292



298

Mills, S.E.E., Nicolson, K.P., Smith, B.H., 2019. Chronic pain: a review of its epidemiology and
associated factors in population-based studies. British Journal of Anaesthesia 123,
e273-e283. https://doi.org/10.1016/j.bja.2019.03.023

Misiak, B., Staficzykiewicz, B., Pawlak, A., Szewczuk-Bogustawska, 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. Psychoneuroendocrinology 136, 105602.
https://doi.org/10.1016/j.psyneuen.2021.105602

Morabia, A., 2011. History of the modern epidemiological concept of confounding. Journal
of Epidemiology & Community Health 65, 297-300.
https://doi.org/10.1136/jech.2010.112565

Mose, S., Kent, P., Smith, A., Andersen, J.H., Christiansen, D.H., 2021. Number of
musculoskeletal pain sites leads to increased long-term healthcare contacts and
healthcare related costs — a Danish population-based cohort study. BMC Health Serv
Res 21, 980. https://doi.org/10.1186/s12913-021-06994-0

Naaman, S.C,, Shen, S., Zeytinoglu, M., lyengar, N.M., 2022. Obesity and Breast Cancer Risk:
The Oncogenic Implications of Metabolic Dysregulation. The Journal of Clinical
Endocrinology & Metabolism 107, 2154-2166.
https://doi.org/10.1210/clinem/dgac241

Nelson, S., Bento, S., Enlow, M.B., 2021. Biomarkers of Allostatic Load as Correlates of
Impairment in Youth with Chronic Pain: An Initial Investigation. Children 8, 709.
https://doi.org/10.3390/children8080709

Nicholas, M., Vlaeyen, J.W.S., Rief, W., Barke, A., Aziz, Q., Benoliel, R., Cohen, M., Evers, S.,
Giamberardino, M.A., Goebel, A., Korwisi, B., Perrot, S., Svensson, P., Wang, S.-J.,
Treede, R.-D., The IASP Taskforce for the Classification of Chronic Pain, 2019. The
IASP classification of chronic pain for ICD-11: chronic primary pain. Pain 160, 28-37.
https://doi.org/10.1097/].pain.0000000000001390

Office of Disease Prevention and Health Promotion, 2008. 2008 Physical Activity Guidelines
for Americans.

Oster, H., Challet, E., Ott, V., Arvat, E., de Kloet, E.R., Dijk, D.-J., Lightman, S., Vgontzas, A.,
Van Cauter, E., 2017. The Functional and Clinical Significance of the 24-Hour Rhythm
of Circulating Glucocorticoids. Endocrine Reviews 38, 3—45.
https://doi.org/10.1210/er.2015-1080

Paananen, M., O’Sullivan, P., Straker, L., Beales, D., Coenen, P., Karppinen, J., Pennell, C,,
Smith, A., 2015. A low cortisol response to stress is associated with musculoskeletal
pain combined with increased pain sensitivity in young adults: a longitudinal cohort
study. Arthritis Research & Therapy 17, 355. https://doi.org/10.1186/s13075-015-
0875-z

Papadopoulos, A.S., Cleare, A.J., 2012. Hypothalamic—pituitary—adrenal axis dysfunction in
chronic fatigue syndrome. Nat Rev Endocrinol 8, 22—-32.
https://doi.org/10.1038/nrendo.2011.153

Pavlov, V.A., Wang, H., Czura, C.J., Friedman, S.G., Tracey, K.J., 2003. The Cholinergic Anti-
inflammatory Pathway: A Missing Link in Neuroimmunomodulation. Mol Med 9,
125-134. https://doi.org/10.1007/BF03402177

Phelan, J.C., Link, B.G., Tehranifar, P., 2010. Social Conditions as Fundamental Causes of
Health Inequalities: Theory, Evidence, and Policy Implications. J Health Soc Behav 51,
$28-540. https://doi.org/10.1177/0022146510383498



299

Pooleri, A., Yeduri, R., Horne, G., Frech, A., Tumin, D., 2023. Pain interference in young
adulthood and work participation. PAIN 164, 831.
https://doi.org/10.1097/].pain.0000000000002769

Prego-Dominguez, J., Khazaeipour, Z., Mallah, N., Takkouche, B., 2021a. Socioeconomic
status and occurrence of chronic pain: a meta-analysis. Rheumatology 60, 1091-
1105. https://doi.org/10.1093/rheumatology/keaa758

Prego-Dominguez, J., Skillgate, E., Orsini, N., Takkouche, B., 2021b. Social factors and pain
worsening: a retrospective cohort study. British Journal of Anaesthesia 127, 289—
295. https://doi.org/10.1016/j.bja.2021.04.021

Pruessner, J.C., Kirschbaum, C., Meinlschmid, G., Hellhammer, D.H., 2003. Two formulas for
computation of the area under the curve represent measures of total hormone
concentration versus time-dependent change. Psychoneuroendocrinology 28, 916—
931. https://doi.org/10.1016/50306-4530(02)00108-7

Pudrovska, T., Anikputa, B., 2014. Early-Life Socioeconomic Status and Mortality in Later
Life: An Integration of Four Life-Course Mechanisms. The Journals of Gerontology:
Series B 69, 451-460. https://doi.org/10.1093/geronb/gbt122

Putnick, D.L., Bornstein, M.H., 2016. Measurement Invariance Conventions and Reporting:
The State of the Art and Future Directions for Psychological Research. Dev Rev 41,
71-90. https://doi.org/10.1016/j.dr.2016.06.004

Rabey, M., Moloney, N., 2022. “I Don’t Know Why I’'ve Got this Pain!” Allostasis as a Possible
Explanatory Model. Physical Therapy 102, pzac017.
https://doi.org/10.1093/ptj/pzac017

Racine, M., 2018. Chronic pain and suicide risk: A comprehensive review. Progress in Neuro-
Psychopharmacology and Biological Psychiatry, Chronic Pain and Psychiatric
Disorders 87, 269—-280. https://doi.org/10.1016/j.pnpbp.2017.08.020

Rainville, P., 2002. Brain mechanisms of pain affect and pain modulation. Current Opinion in
Neurobiology 12, 195-204. https://doi.org/10.1016/50959-4388(02)00313-6

Raja, S.N., Carr, D.B., Cohen, M., Finnerup, N.B., Flor, H., Gibson, S., Keefe, F.J., Mogil, J.S.,
Ringkamp, M., Sluka, K.A., Song, X.-J., Stevens, B., Sullivan, M.D., Tutelman, P.R.,
Ushida, T., Vader, K., 2020. The revised International Association for the Study of
Pain definition of pain: concepts, challenges, and compromises. Pain 161, 1976—
1982. https://doi.org/10.1097/j.pain.0000000000001939

Ranjit, N., Young, E.A., Kaplan, G.A., 2005a. Material hardship alters the diurnal rhythm of
salivary cortisol. International Journal of Epidemiology 34, 1138-1143.
https://doi.org/10.1093/ije/dyi120

Ranjit, N., Young, E.A., Raghunathan, T.E., Kaplan, G.A., 2005b. Modeling cortisol rhythms in
a population-based study. Psychoneuroendocrinology 30, 615-624.
https://doi.org/10.1016/j.psyneuen.2005.02.003

Reyes del Paso, G.A., Garcia-Hernandez, A., Contreras-Merino, A.M., Galvez-Sanchez, C.M.,
de la Coba, P., Montoro, C.I., Davydov, D.M., 2024. A two-component model of hair
cortisol concentration in fibromyalgia: Independent effects of pain chronicity and
severity. European Journal of Pain 28, 821-830. https://doi.org/10.1002/ejp.2223

Rhudy, J.L., Kuhn, B.L., Demuth, M.J., Huber, F.A., Hellman, N., Toledo, T.A., Lannon, EW.,
Palit, S., Payne, M.F., Sturycz, C.A., Kell, P.A., Guereca, Y.M., Street, E.N., Shadlow,
J.0., 2021. Are Cardiometabolic Markers of Allostatic Load Associated With
Pronociceptive Processes in Native Americans?: A Structural Equation Modeling



300

Analysis From the Oklahoma Study of Native American Pain Risk. The Journal of Pain
22, 1429-1451. https://doi.org/10.1016/j.jpain.2021.04.014

Rijnhart, J.J.M., Lamp, S.J., Valente, M.J., MacKinnon, D.P., Twisk, J.W.R., Heymans, M.W,,
2021. Mediation analysis methods used in observational research: a scoping review
and recommendations. BMC Medical Research Methodology 21, 226.
https://doi.org/10.1186/s12874-021-01426-3

Rijnhart, J.J.M., Twisk, J.W.R., Valente, M.J., Heymans, M.W., 2022. Time lags and time
interactions in mixed effects models impacted longitudinal mediation effect
estimates. Journal of Clinical Epidemiology 151, 143—-150.
https://doi.org/10.1016/j.jclinepi.2022.07.004

Rikard, S.M., Strahan, A.E., Schmit, K.M., Guy, G.P., 2023. Chronic Pain Among Adults —
United States, 2019-2021. MMWR Morb. Mortal. Wkly. Rep. 72, 379-385.
https://doi.org/10.15585/mmwr.mm7215al

Rios, R., Zautra, A.J., 2011. Socioeconomic Disparities in Pain: The Role of Economic
Hardship and Daily Financial Worry. Health Psychol 30, 58—66.
https://doi.org/10.1037/a0022025

Riva, R., Mork, P.J., Westgaard, R.H., Lundberg, U., 2012. Comparison of the cortisol
awakening response in women with shoulder and neck pain and women with
fibromyalgia. Psychoneuroendocrinology 37, 299-306.
https://doi.org/10.1016/j.psyneuen.2011.06.014

Robertson, T., Benzeval, M., Whitley, E., Popham, F., 2015. The role of material, psychosocial
and behavioral factors in mediating the association between socioeconomic position
and allostatic load (measured by cardiovascular, metabolic and inflammatory
markers). Brain Behav Immun 45, 41-49. https://doi.org/10.1016/j.bbi.2014.10.005

Robertson, T., Popham, F., Benzeval, M., 2014. Socioeconomic position across the lifecourse
& allostatic load: data from the West of Scotland Twenty-07 cohort study. BMC
Public Health 14, 184. https://doi.org/10.1186/1471-2458-14-184

Rosseel, Y., 2012. lavaan: An R Package for Structural Equation Modeling. Journal of
Statistical Software 48, 1-36. https://doi.org/10.18637/jss.v048.i02

Rote, S., 2017. Marital Disruption and Allostatic Load in Late Life. J Aging Health 29, 688—
707. https://doi.org/10.1177/0898264316641084

Ryff, C.D., Almeida, D.M., 2009. Midlife in the United States (MIDUS 2): Daily Stress Project,
2004-2009 Saliva Collection. Inter-university Consortium for Political and Social
Research.

Ryff, C.D., Almeida, D.M., Ayanian, J.Z., Carr, D.S., Cleary, P.D., Coe, C., Davidson, R.J.,
Krueger, R.F., Lachman, M.E., Marks, N.F., Mroczek, D.K., Seeman, T.E., Seltzer,
M.M., Singer, B.H., Sloan, R.P., Tun, P.A., Weinstein, M., Williams, D.R., 2007. ICPSR
4652 Midlife in the United States (MIDUS 2), 2004-2006 Documentation of
Psychosocial Constructs and Composite Variables in MIDUS 2. Inter-university
Consortium for Political and Social Research.

Ryff, C.D., Seeman, T., Weinstein, M., 2022. Midlife in the United States (MIDUS 2):
Biomarker Project, 2004-2009. https://doi.org/10.3886/ICPSR29282.v10

Ryff, C.D., Seeman, T., Weinstein, M., 2018. ICPSR 29282 Midlife in the United States
(MIDUS 2): Biomarker Project, 2004-2009 Scales and Composite Variables.

Savalei, V., Rosseel, Y., 2022. Computational Options for Standard Errors and Test Statistics
with Incomplete Normal and Nonnormal Data in SEM. Structural Equation Modeling:



301

A Multidisciplinary Journal 29, 163-181.
https://doi.org/10.1080/10705511.2021.1877548

Schisterman, E.F., Cole, S.R., Platt, R.W., 2009. Overadjustment Bias and Unnecessary
Adjustment in Epidemiologic Studies. Epidemiology 20, 488—495.
https://doi.org/10.1097/EDE.Ob013e3181a819al

Sedgwick, P., 2012. Multiple significance tests: the Bonferroni correction. BMJ 344, e509.
https://doi.org/10.1136/bmj.e509

Seeman, T., Epel, E., Gruenewald, T., Karlamangla, A., McEwen, B.S., 2010. Socio-economic
differentials in peripheral biology: Cumulative allostatic load: SES peripheral biology.
Annals of the New York Academy of Sciences 1186, 223-239.
https://doi.org/10.1111/j.1749-6632.2009.05341.x

Shah, A.D., Bartlett, J.W., Carpenter, J., Nicholas, O., Hemingway, H., 2014. Comparison of
Random Forest and Parametric Imputation Models for Imputing Missing Data Using
MICE: A CALIBER Study. Am J Epidemiol 179, 764-774.
https://doi.org/10.1093/aje/kwt312

Shmagel, A., Ngo, L., Ensrud, K., Foley, R., 2018. Prescription medication use among
community-based US adults with chronic low back pain: a cross-sectional population
based study. J Pain 19, 1104-1112. https://doi.org/10.1016/].jpain.2018.04.004

Short, S.J., Stalder, T., Marceau, K.P., Entringer, S., Moog, N.K., Shirtcliff, E.A., Wadhwa, P.D.,
Buss, C., 2016. Correspondence between hair cortisol concentrations and 30-day
integrated daily salivary and weekly urinary cortisol measures.
Psychoneuroendocrinology 71, 12—-18.
https://doi.org/10.1016/j.psyneuen.2016.05.007

Sibille, K.T., McBeth, J., Smith, D., Wilkie, R., 2017. Allostatic load and pain severity in older
adults: Results from the English Longitudinal Study of Ageing. Experimental
Gerontology 88, 51-58. https://doi.org/10.1016/j.exger.2016.12.013

Sibille, K.T., Steingrimsdéttir, O.A., Fillingim, R.B., Stubhaug, A., Schirmer, H., Chen, H.,
McEwen, B.S., Nielsen, C.S., 2016. Investigating the Burden of Chronic Pain: An
Inflammatory and Metabolic Composite. Pain Research and Management 2016, 1-
11. https://doi.org/10.1155/2016/7657329

Sinha, P., Calfee, C.S., Delucchi, K.L., 2021. Practitioner’s Guide to Latent Class Analysis:
Methodological Considerations and Common Pitfalls. Crit Care Med 49, e63—e79.
https://doi.org/10.1097/CCM.0000000000004710

Slade, G.D., Sanders, A.E., By, K., 2012. Role of Allostatic Load in Sociodemographic Patterns
of Pain Prevalence in the U.S. Population. The Journal of Pain 13, 666—675.
https://doi.org/10.1016/j.jpain.2012.04.003

Stalder, T., Kirschbaum, C., 2012. Analysis of cortisol in hair — State of the art and future
directions. Brain, Behavior, and Immunity 26, 1019-1029.
https://doi.org/10.1016/j.bbi.2012.02.002

Stalder, T., Oster, H., Abelson, J.L., Huthsteiner, K., Klucken, T., Clow, A., 2024. The Cortisol
Awakening Response: Regulation and Functional Significance. Endocrine Reviews
bnae024. https://doi.org/10.1210/endrev/bnae024

Steglitz, J., Buscemi, J., Ferguson, M.J., 2012. The future of pain research, education, and
treatment: a summary of the IOM report “Relieving pain in America: a blueprint for
transforming prevention, care, education, and research.” Behav. Med. Pract. Policy
Res. 2, 6-8. https://doi.org/10.1007/s13142-012-0110-2



302

Steptoe, A., Brydon, L., Kunz-Ebrecht, S., 2005. Changes in Financial Strain Over Three Years,
Ambulatory Blood Pressure, and Cortisol Responses to Awakening. Psychosomatic
Medicine 67, 281. https://doi.org/10.1097/01.psy.0000156932.96261.d2

Sterling, P., Eyer, J., 1988. Allostasis: A new paradigm to explain arousal pathology, in:
Handbook of Life Stress, Cognition and Health. John Wiley & Sons, Oxford, England,
pp. 629-649.

Sterne, J.A.C., White, |.R., Carlin, J.B., Spratt, M., Royston, P., Kenward, M.G., Wood, A.M.,
Carpenter, J.R., 2009. Multiple imputation for missing data in epidemiological and
clinical research: potential and pitfalls. BMJ 338, b2393-b2393.
https://doi.org/10.1136/bmj.b2393

Stockbridge, E.L., Suzuki, S., Pagan, J.A., 2015. Chronic Pain and Health Care Spending: An
Analysis of Longitudinal Data from the Medical Expenditure Panel Survey. Health
Services Research 50, 847-870. https://doi.org/10.1111/1475-6773.12263

Stone, J., Netuveli, G., Blane, D., 2014. Life-course occupational social class and health in
later life: the importance of frequency and timing of measures. Eur J Ageing 11, 273—
284. https://doi.org/10.1007/s10433-014-0307-y

Strath, L.J., Peterson, J.A., Meng, L., Rani, A., Huo, Z., Foster, T.C., Fillingim, R.B., Cruz-
Almeida, Y., 2024. Socioeconomic Status, Knee Pain, and Epigenetic Aging in
Community-Dwelling Middle-to-Older Age Adults. The Journal of Pain 25, 293-301.
https://doi.org/10.1016/].jpain.2023.06.002

Surachman, A., Wardecker, B., Chow, S.-M., Almeida, D., 2019. Life Course Socioeconomic
Status, Daily Stressors, and Daily Well-Being: Examining Chain of Risk Models. The
Journals of Gerontology: Series B 74, 126—135.
https://doi.org/10.1093/geronb/gby014

Thayer, J.F., Lane, R.D., 2007. The role of vagal function in the risk for cardiovascular disease
and mortality. Biological Psychology, Special Issue of Biological Psychology on
Cardiac Vagal Control, Emotion, Psychopathology, and Health. 74, 224-242.
https://doi.org/10.1016/j.biopsycho.2005.11.013

Thayer, J.F., Sternberg, E., 2006. Beyond Heart Rate Variability. Annals of the New York
Academy of Sciences 1088, 361—372. https://doi.org/10.1196/annals.1366.014

Tracy, L.M., loannou, L., Baker, K.S., Gibson, S.J., Georgiou-Karistianis, N., Giummarra, M.J.,,
2016. Meta-analytic evidence for decreased heart rate variability in chronic pain
implicating parasympathetic nervous system dysregulation. Pain 157, 7-29.
https://doi.org/10.1097/j.pain.0000000000000360

Treede, R.-D., Rief, W., Barke, A., Aziz, Q., Bennett, M.I., Benoliel, R., Cohen, M., Evers, S.,
Finnerup, N.B., First, M.B., Giamberardino, M.A., Kaasa, S., Korwisi, B., Kosek, E.,
Lavand’homme, P., Nicholas, M., Perrot, S., Scholz, J., Schug, S., Smith, B.H.,
Svensson, P., Vlaeyen, J.W.S., Wang, S.-J., 2019. Chronic pain as a symptom or a
disease: the IASP Classification of Chronic Pain for the International Classification of
Diseases (ICD-11). Pain 160, 19-27.
https://doi.org/10.1097/].pain.0000000000001384

United States Census Bureau, 2022. Poverty Thresholds by Size of Family and Number of
Children [WWW Document]. Poverty Thresholds by Size of Family and Number of
Children. URL https://www.census.gov/data/tables/time-series/demo/income-
poverty/historical-poverty-thresholds.html

US Burden of Disease Collaborators, Mokdad, A.H., Ballestros, K., Echko, M., Glenn, S.,
Olsen, H.E., Mullany, E., Lee, A., Khan, A.R., Ahmadi, A,, Ferrari, A.J., Kasaeian, A,,



303

Werdecker, A., Carter, A., Zipkin, B., Sartorius, B., Serdar, B., Sykes, B.L., Troeger, C.,
Fitzmaurice, C., Rehm, C.D., Santomauro, D., Kim, D., Colombara, D., Schwebel, D.C.,
Tsoi, D., Kolte, D., Nsoesie, E., Nichols, E., Oren, E., Charlson, F.J., Patton, G.C., Roth,
G.A., Hosgood, H.D., Whiteford, H.A., Kyu, H., Erskine, H.E., Huang, H., Martopullo, I.,
Singh, J.A., Nachega, J.B., Sanabria, J.R., Abbas, K., Ong, K., Tabb, K., Krohn, K.J.,
Cornaby, L., Degenhardt, L., Moses, M., Farvid, M., Griswold, M., Criqui, M., Bell, M.,
Nguyen, M., Wallin, M., Mirarefin, M., Qorbani, M., Younis, M., Fullman, N., Liu, P.,
Briant, P., Gona, P., Havmoller, R., Leung, R., Kimokoti, R., Bazargan-Hejazi, S., Hay,
S.I., Yadgir, S., Biryukov, S., Vollset, S.E., Alam, T., Frank, T., Farid, T., Miller, T., Vos,
T., Barnighausen, T., Gebrehiwot, T.T., Yano, Y., Al-Aly, Z., Mehari, A., Handal, A.,
Kandel, A., Anderson, B., Biroscak, B., Mozaffarian, D., Dorsey, E.R., Ding, E.L., Park,
E.-K., Wagner, G., Hu, G., Chen, H., Sunshine, J.E., Khubchandani, J., Leasher, J.,
Leung, J., Salomon, J., Unutzer, J., Cahill, L., Cooper, L., Horino, M., Brauer, M.,
Breitborde, N., Hotez, P., Topor-Madry, R., Soneji, S., Stranges, S., James, S., Amrock,
S., Jayaraman, S., Patel, T., Akinyemiju, T., Skirbekk, V., Kinfu, Y., Bhutta, Z., Jonas,
J.B., Murray, C.J.L., 2018. The State of US Health, 1990-2016: Burden of Diseases,
Injuries, and Risk Factors Among US States. JAMA 319, 1444-1472.
https://doi.org/10.1001/jama.2018.0158

van Tilburg, M.A., Parisien, M., Boles, R.G., Drury, G.L., Smith-Voudouris, J., Verma, V.,
Khoury, S., Chabot-Doré, A.-J., Nackley, A.G., Smith, S.B., Whitehead, W.E., Zolnoun,
D.A., Slade, G.D., Tchivileva, I., Maixner, W., Diatchenko, L., 2020. A genetic
polymorphism that is associated with mitochondrial energy metabolism increases
risk of fibromyalgia. Pain 161, 2860-2871.
https://doi.org/10.1097/].pain.0000000000001996

VanderWeele, T.J., Ding, P., 2017. Sensitivity Analysis in Observational Research: Introducing
the E-Value. Ann Intern Med 167, 268—-274. https://doi.org/10.7326/M16-2607

Veldhuijzen, D.S., van Middendorp, H., Evers, AAW.M., 2018. Stress and Sensitization in
Chronic Pain, in: Karoly, P., Crombez, G. (Eds.), Motivational Perspectives on Chronic
Pain. Oxford University Press, pp. 177-208.
https://doi.org/10.1093/0s0/9780190627898.003.0005

Verdu, B., Decosterd, I., Buclin, T., Stiefel, F., Berney, A., 2008. Antidepressants for the
Treatment of Chronic Pain. Drugs 68, 2611-2632. https://doi.org/10.2165/0003495-
200868180-00007

Villemure, C., Bushnell, M.C., 2002. Cognitive modulation of pain: how do attention and
emotion influence pain processing? Pain 95, 195-199.
https://doi.org/10.1016/5S0304-3959(02)00007-6

Von Korff, M., Dworkin, S.F., Le Resche, L., 1990. Graded chronic pain status: an
epidemiologic evaluation. Pain 40, 279-291. https://doi.org/10.1016/0304-
3959(90)91125-3

Wagner, C., Carmeli, C., Jackisch, J., Kivimaki, M., Linden, B.W.A. van der, Cullati, S.,
Chiolero, A., 2024. Life course epidemiology and public health. The Lancet Public
Health 9, e261—-e269. https://doi.org/10.1016/52468-2667(24)00018-5

Walsh, D.A., McWilliams, D.F., 2014. Mechanisms, impact and management of pain in
rheumatoid arthritis. Nat Rev Rheumatol 10, 581-592.
https://doi.org/10.1038/nrrheum.2014.64



304

Ward, M.M., 2011. Concordance of sibling’s recall of measures of childhood socioeconomic
position. BMC Medical Research Methodology 11, 147.
https://doi.org/10.1186/1471-2288-11-147

Weber, M., 2009. Class, Status, Party, in: From Max Weber: Essays in Sociology. Routledge,
pp. 180-195.

Weller, B.E., Bowen, N.K., Faubert, S.J., 2020. Latent Class Analysis: A Guide to Best Practice.
Journal of Black Psychology 46, 287-311.
https://doi.org/10.1177/0095798420930932

Wesarg-Menzel, C., Marheinecke, R., Staaks, J., Engert, V., 2024. Associations of diurnal
cortisol parameters with cortisol stress reactivity and recovery: A systematic review
and meta-analysis. Psychoneuroendocrinology 163, 106976.
https://doi.org/10.1016/j.psyneuen.2024.106976

Wiech, K., Ploner, M., Tracey, |., 2008. Neurocognitive aspects of pain perception. Trends in
Cognitive Sciences 12, 306—313. https://doi.org/10.1016/j.tics.2008.05.005

Wippert, P.-M., Puerto Valencia, L., Drief3lein, D., 2022. Stress and Pain. Predictive
(Neuro)Pattern ldentification for Chronic Back Pain: A Longitudinal Observational
Study. Front. Med. 9, 828954. https://doi.org/10.3389/fmed.2022.828954

Woda, A, Picard, P., Dutheil, F., 2016. Dysfunctional stress responses in chronic pain.
Psychoneuroendocrinology 71, 127-135.
https://doi.org/10.1016/j.psyneuen.2016.05.017

Woo, J.M.P., Bookwalter, D.B., Green, G.Y., Sandler, D.P., 2023. Early life socioeconomic
position contributes to adult obesity independent of adult socioeconomic factors:
Findings from The Sister Study cohort. SSM - Population Health 24, 101556.
https://doi.org/10.1016/j.ssmph.2023.101556

Woods, C.P., Argese, N., Chapman, M., Boot, C., Webster, R., Dabhi, V., Grossman, A.B.,
Toogood, A.A., Arlt, W., Stewart, P.M., Crowley, R.K., Tomlinson, J.W., 2015. Adrenal
suppression in patients taking inhaled glucocorticoids is highly prevalent and
management can be guided by morning cortisol. European Journal of Endocrinology
173, 633—642. https://doi.org/10.1530/EJE-15-0608

Woolf, C.J., 2011. Central sensitization: Implications for the diagnosis and treatment of pain.
Pain 152, S2-S15. https://doi.org/10.1016/j.pain.2010.09.030

Woolf, S., Schoomaker, H., 2019. LIFE EXPECTANCY AND MORTALITY RATES IN THE UNITED
STATES, 1959-2017. JAMA 322, 1996-2016.
https://doi.org/10.1001/jama.2019.16932

Wright, C.E., Steptoe, A., 2005. Subjective socioeconomic position, gender and cortisol
responses to waking in an elderly population. Psychoneuroendocrinology 30, 582—
590. https://doi.org/10.1016/j.psyneuen.2005.01.007

Yang, G., Zhang, B., Zhang, M., 2023. Estimation of Knots in Linear Spline Models. Journal of
the American Statistical Association 118, 639—-650.
https://doi.org/10.1080/01621459.2021.1947307

Yong, R.J., Mullins, P.M., Bhattacharyya, N., 2022. Prevalence of chronic pain among adults
in the United States. Pain 163, e328—e332.
https://doi.org/10.1097/].pain.0000000000002291

Young, E.A., Lopez, J.F., Murphy-Weinberg, V., Watson, S.J., Akil, H., 1998. The Role of
Mineralocorticoid Receptors in Hypothalamic-Pituitary-Adrenal Axis Regulation in
Humans1. The Journal of Clinical Endocrinology & Metabolism 83, 3339-3345.
https://doi.org/10.1210/jcem.83.9.5077



305

Yuan, K.-H., Chan, W., Marcoulides, G.A., Bentler, P.M., 2016. Assessing Structural Equation
Models by Equivalence Testing With Adjusted Fit Indexes. Structural Equation
Modeling: A Multidisciplinary Journal 23, 319-330.
https://doi.org/10.1080/10705511.2015.1065414

Zajacova, A., Grol-Prokopczyk, H., Zimmer, Z., 2021a. Pain Trends Among American Adults,
2002-2018: Patterns, Disparities, and Correlates. Demography 58, 711-738.
https://doi.org/10.1215/00703370-8977691

Zajacova, A., Grol-Prokopczyk, H., Zimmer, Z., 2021b. Sociology of Chronic Pain. J Health Soc
Behav 62, 302—-317. https://doi.org/10.1177/00221465211025962

Zambreanu, L., Wise, R.G., Brooks, J.C.W., lannetti, G.D., Tracey, |., 2005. A role for the
brainstem in central sensitisation in humans. Evidence from functional magnetic
resonance imaging. Pain 114, 397-407. https://doi.org/10.1016/j.pain.2005.01.005

Zimmer, Z., Zajacova, A., 2018. Persistent, Consistent, and Extensive: The Trend of Increasing
Pain Prevalence in Older Americans. The Journals of Gerontology: Series B.
https://doi.org/10.1093/geronb/gbx162



	1 Introduction
	1.1 What is chronic pain and what are its consequences?
	1.2 Confounders, colliders, mediators, and moderators
	1.2.1 Confounders
	1.2.2 Colliders
	1.2.3 Mediators and moderators

	1.3 Biomarkers of chronic stress: potential risk factors and mediators for CP
	1.3.1 Biological response to chronic stress
	Figure ‎1-1 The hypothalamic-pituitary-adrenal axis pathway activated during stress (Kim, 2024)
	1.3.2 Two proposed biological risk factors of chronic stress for CP: HPA axis dysfunction and AL

	1.4 Theoretical framework on the association between socioeconomic status and health
	1.5 Association between SES indicators and CP
	1.6 Absence of life course studies on the association between SES and CP
	Figure ‎1-2 Life course model (Ben-Shlomo et al., 2014, p. 1529)

	1.7 Research aims
	Overview of the MIDUS study

	2 Allostatic Load and Chronic Pain: A Prospective Finding from the National Survey of Midlife Development in the United States, 2004-2014
	2.1 Background
	2.2 Methods
	2.2.1 Data
	2.2.2 Measures
	2.2.2.1 AL

	Table ‎2-1 Values for high-risk quartiles
	2.2.2.2 Outcome: CP
	2.2.2.3 Covariates

	Figure ‎2-2 DAG of the association between AL and CP with covariate adjustment
	2.2.3 Statistical Methods

	2.3 Results
	2.3.1 Descriptive Statistics
	Table ‎2-2 Sample description
	Figure ‎2-3 Identified phenotypes of AL.
	2.3.2 Model Results
	Table ‎2-3 Results from the logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP status at MIDUS 3
	Table ‎2-4 Results from the multinomial logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP interference and the number of CP sites at MIDUS 3
	2.3.3 Predicted Probabilities for CP outcomes by AL phenotypes
	Table ‎2-5 Adjusted prevalence for CP outcomes grouped by AL phenotypes

	2.4 Discussion
	2.5 Conclusion

	Figure ‎2-1 Flow diagram for the study cohort
	3 Association of Diurnal Cortisol Rhythm with Chronic Pain: Evidence from a Prospective Cohort Study in Community-Dwelling Adults
	3.1 Introduction
	3.2 Method
	3.2.1 Data
	3.2.2 Measures
	3.2.2.1 Salivary cortisol sample collection information and calculation of diurnal cortisol rhythm parameters
	3.2.2.2 Calculation of diurnal cortisol rhythm parameters
	3.2.2.3 Measurement of CP at follow-up
	3.2.2.4 Covariates

	3.2.3 Statistical methods

	3.3 Results
	3.3.1 Sample description
	Table ‎3-1 Baseline characteristics of study participants with non-standardized cortisol parameters stratified by the presence of baseline CP
	3.3.2 Regression results
	Table ‎3-2 Results from the mixed-effects logistic regression for the prospective association between diurnal cortisol rhythm and CP interference and pain at 1-2 regions/at 3 or more regions †
	3.3.3 Robustness Check

	3.4 Discussion

	Figure ‎3-1 Flow diagram for the study cohort
	Figure ‎3-2 Diurnal cortisol trajectories of participants by chronic pain conditions at follow-up, stratified by baseline chronic pain status
	4 Life Course Socioeconomic Status, Chronic Pain, and the Mediating Role of Biological Dysregulation in Stress Response Systems: Findings from the Midlife in the United States
	4.1 Introduction
	4.1.1 Association between life course SES and CP
	4.1.2 Biological dysregulations of chronic stress and its association with SES
	4.1.3 Biological dysregulations of chronic stress and its association with CP

	4.2 Methods
	4.2.1 Data
	Figure ‎4-1 Flowchart for the analytic sample
	4.2.2 Measures
	4.2.2.1 Dependent variable: CP in MIDUS 3
	4.2.2.2 AL - potential mediator
	4.2.2.3 Diurnal Cortisol Rhythm - potential mediator
	4.2.2.4 SES

	Table ‎4-1 SES indicators used to compute the latent SES score
	Table ‎4-2 Confirmatory factor analysis for SES
	4.2.2.5 Covariates

	4.2.3 Statistical methods
	Figure ‎4-2 Chain of risk additive model of SES

	4.3 Results
	4.3.1 Descriptive statistics
	Table ‎4-3 Analytic sample characteristics of SES and AL phenotype, stratified by CP conditions, among samples from Biomarker Project stream
	Table ‎4-4 Analytic sample characteristics of SES and diurnal cortisol parameters, stratified by CP conditions, among samples from NSDE stream
	4.3.2 Path analysis results for the Biomarker Project (AL) stream
	Figure ‎4-3 Path analysis of SES and CP among sample of Biomarker Project stream
	Figure ‎4-4 Path analysis of SES and AL phenotype
	Table ‎4-5 Path analysis of AL and CP outcomes
	Figure ‎4-5 Path analysis of the mediation effects of AL
	4.3.3 Path analysis results for the NSDE stream
	Figure ‎4-6 Path analysis of SES and CP among sample of NSDE stream
	Figure ‎4-7 Path analysis of SES and cortisol parameters
	Table ‎4-6 Path analysis of cortisol parameters and CP outcomes
	Figure ‎4-8 Path analysis of the mediation effects of CDR

	4.4 Discussion
	4.4.1 Discussion of lifecourse SES and CP
	4.4.2 Discussion of lifecourse SES and AL
	4.4.3 Discussion of lifecourse SES and cortisol parameters
	4.4.4 Discussion of AL, cortisol parameters, and CP
	4.4.5 Discussion of the mediation effects of AL, cortisol parameters on CP
	4.4.6 Advantages and limitations

	4.5 Conclusion

	5 Summary and Future Directions
	5.1 Summary of thesis work
	5.2 Future Directions

	Supplementary Materials to Chapter: Allostatic Load and Chronic Pain
	Supplementary Table 1-1 Fit statistics for latent classes of AL
	Supplementary Table 1-2 Biomarkers levels stratified by AL phenotype
	Supplementary Table 1-3 Full results from the main logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP status at MIDUS 3
	Supplementary Table 1-4 Full results from the main multinomial logistic regression for the association between AL at MIDUS 2 Biomarker Project and CP interference and the number of CP sites at MIDUS 3

	Supplementary materials to Chapter: Association of Diurnal Cortisol Rhythm with Chronic Pain
	Supplementary Table 2-1 Sample characteristics of NSDE
	Supplementary Table 2-2 Parameters of the mean log-cortisol trajectory
	Supplementary Figure 2-1 Sample-based cortisol diurnal pattern
	Supplementary Figure 2-2 Model-based cortisol diurnal pattern
	Supplementary Figure 2-3 Correlation matrix of cortisol parameters
	Supplementary Table 2-3 Principal Component Analysis of Cortisol Parameters
	Supplementary Table 2-4 Baseline characteristics of the analytic sample
	Supplementary Table 2-5 Robustness checks for the associations between cortisol parameters and presence of chronic pain at MIDUS 3 among respondents who did not report chronic pain at baseline†
	Supplementary Table 2-6 Robustness checks for the associations between cortisol parameters and high interference pain at MIDUS 3 among respondents who did not report chronic pain at baseline†
	Supplementary Table 2-7 Robustness checks for the associations between cortisol parameters and pain at 3 or more regions at MIDUS 3 among respondents who did not report chronic pain at baseline†
	Supplementary Table 2-8 Robustness checks for associations of cortisol parameters with pain interference (low vs. high) and pain multisite status (chronic non-multisite vs. chronic multisite) at MIDUS 3†
	Supplementary Table 2-9 Interacting chronic pain at baseline and diurnal cortisol rhythms as robustness checks for the subgroup analyses
	Supplementary Table 2-10 Supplementary analysis of the cross-sectional associations between cortisol parameters and 3 or more regions at baseline†
	Supplementary Table 2-11 Characteristics of non-standardized baseline cortisol parameters by chronic pain interference and by widespreadness of pain in follow-up period, stratified by chronic pain outcomes at baseline

	Supplementary Materials for the Biomarker Project Stream Sample in the Mediation Analysis Chapter
	Supplementary Table 3-1 High-risk values for AL biomarkers
	Supplementary Table 3-2 Fit statistics for latent class analysis of AL
	Supplementary Figure 3-1 Identified phenotypes of AL
	Supplementary Table 3-3 Fit indices of test for measurement invariance
	Supplementary Table 3-4 Analytic sample characteristics of Covariates, stratified by CP conditions
	Supplementary Table 3-5 Baseline sample characteristics
	Supplementary Table 3-6 Sensitivity analyses for the significant associations between lifecourse SES and CP conditions in the main analyses
	Supplementary Table 3-7 Sensitivity analyses for the associations between lifecourse SES and AL
	Supplementary Table 3-8 Sensitivity analyses for the associations between metabolic dysregulation of AL and high interference CP
	Supplementary Table 3-9 Covariate associations within the main associations between lifecourse SES and key outcomes, which remained robust following sequential sensitivity analyses

	Supplementary Materials for the NSDE Stream Sample in the Mediation Analysis Chapter
	Supplementary Table 4-1 Day level characteristics of cortisol collection
	Supplementary Table 4-2 Computation for cortisol diurnal trajectory and its parameters
	Supplementary Figure 4-1 Correlation matrix of cortisol parameters
	Supplementary Table 4-3 Fit indices of test for measurement invariance
	Supplementary Table 4-4 Analytic sample characteristics of Covariates, stratified by CP conditions
	Supplementary Table 4-5 Baseline sample characteristics
	Supplementary Table 4-6 Sensitivity analyses for the significant associations between lifecourse SES and CP conditions in the main analyses
	Supplementary Table 4-7 Sensitivity analyses for the associations between lifecourse SES and cortisol parameters
	Supplementary Table 4-8 Sensitivity analyses for the associations between CDR, AUC and pain with 3 or more locations
	Supplementary Table 4-9 Covariate associations within the main associations between lifecourse SES and key outcomes, which remained robust following sequential sensitivity analyses
	Supplementary Table 4-10 The mediating role of cortisol parameters in the association between life course SES and 3 or more pain locations among respondents without baseline CP

	Reference

