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Abstract

Since its conceptualization, there has been a lack of consensus on the best way to
operationalize allostatic load (AL). As a marker of the cumulative, physiological wear and tear
on the body resulting from chronic exposure to stressors, it follows that AL should be higher
among people who have faced more stressful life experiences. Thus, the purpose of this study
was to construct AL scores using different operationalizations and, as a measure of construct
validity, compare whether each construction produced expected disparities in AL by race and a
composite socioeconomic status (SES) variable which accounts for measures over the life
course; we also explored differences by sex. We conducted the study in a sample of 45-52-
year-old offspring from the Child Health and Development Studies, a longitudinal birth cohort
established in the early 1960s. AL scores were constructed in 6 different ways and included 10

biomarkers from inflammatory, neuroendocrine, cardiovascular, and metabolic systems. Our
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main approach to constructing AL was to sum across high-risk biomarker quartiles, correct for
medication use, and use sex-specific high-risk quartiles for specific biomarkers. Alternative
constructions did not use sex-specific quartiles and/or weighted biomarkers within subsystems
and/or did not correct for medication use. We estimated differences in AL scores by race, SES,
sex and their pairwise interactions. All constructions of AL, including the main approach,
produced expected disparities by race (higher scores for Black vs. non-Black participants) and
life course SES (higher scores for low vs. high SES participants). However, disparities by sex
only emerged when the AL score was constructed via approaches that did not use sex-specific
high-risk quartiles; for these alternative constructions, overall, female participants had higher AL
scores than male participants and Black female participants had the highest AL scores in the
sample. For most constructions, the pairwise interaction between sex and SES, showed a
stronger disparity in AL scores between low and high-SES female compared with low- and high-
SES male participants; this suggests that high life course SES may be more important for
female (in terms of lowering AL) than male participants. In conclusion, our results suggest that
the basic AL concept is consistently expressed in different operationalizations, making it an

especially useful and robust tool for understanding disparities by race and SES.
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1. Introduction

Allostatic load (AL) is a concept that specifies a mechanism through which social stressors
become embedded within a person to influence health over the life course (Carlson and
Chamberlain, 2005). According to AL theory, an individual's response to encounters with
stressors is characterized by the release of hormones from various physiological systems (e.g.,
the hypothalamic-pituitary-adrenal (HPA) axis), which may go on to influence the regulation of,
for example, inflammatory, metabolic, and cardiovascular activity (McEwen and Seeman, 1999).
This stress response has the capacity to be health protective and/or damaging depending on
the chronicity to which it is activated. In the short term, acute activation of this hormonally
mediated stress response can be protective for health and aid in survival by allowing an
individual to meet the demands of environmental challenges (McEwen and Seeman, 1999).
However, chronic exposure to stressors may require an individual to respond by making
alterations to their internal environment (i.e., changing the set points of physiological systems) in
order to meet the challenges of their external environment and maintain equilibrium, or
homeostasis (McEwen, 1998); this process is known as allostasis (Sterling and Eyer, 1988).
Over time this chronic fluctuation or operation within an allostatic state results in wear and tear

to the body known as AL.

Originally, AL was operationalized as a composite of 10 biomarkers from the cardiovascular,
metabolic, and sympathetic nervous systems, and the HPA-axis, which were dichotomized at
the high-risk sample-specific quartile; participants were assigned a score of 1 for each
biomarker if they were in the high-risk category, and scores were summed to create a measure
of AL (Seeman et al., 1997). This method of measuring AL is most common in the literature
(Rodriquez et al., 2019), although different biomarkers from the original 10 are sometimes used,
with disagreement over which biomarkers or physiological systems should be included in the
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measure. Further, there is no consensus on the most appropriate way to construct AL scores
from biomarkers, with alternative scoring procedures proposed, such as using clinically relevant
cut points for biomarkers (vs sample based cut points), sex-specific cut points, multiple cut
points (for biomarkers such as blood pressure where high and low values may represent
dysfunction), or methods based on continuous standardized scores (Beckie, 2012; Juster et al.,
2010; Szanton et al., 2005). More recently, it has been suggested that the definition of AL
include both biomarker and ‘clinical’ variables, such as a self-assessment of psychological
distress. While we acknowledge this, we note that only a few studies have defined AL in this

manner (Fava et al., 2019; Guidi et al., 2021).

As a marker of the cumulative, physiological wear and tear on the body resulting from chronic
exposure to stressors, it follows that AL should be higher among people who have faced more
lifetime adversities and/or stressful life experiences (Clark et al., 2007). For example, Black
Americans, who experience racialized stressors resulting from living in a society embedded with
structural racism, are expected to have higher AL scores compared with white Americans
(Goosby et al., 2018). Similarly, exposure to multiple stressors associated with chronic poverty
implies that AL scores should be higher among individuals of low compared with high
socioeconomic status (SES) (Johnson et al., 2017). Further, the AL scores of individuals
occupying more than one disadvantaged social status category may be even higher than those
for any one category alone; for example, Black women, who can experience both race- and sex-
based discrimination, may have even higher scores than individuals occupying just one of these

categories (Geronimus, 2013; Geronimus et al., 2006; Rodriguez et al., 2019).

In the AL disparities literature, evidence showing disparities by race and SES are consistent and
well-documented (Beckie, 2012; Carlson and Chamberlain, 2005; Chyu and Upchurch, 2011;
Geronimus et al., 2006; Howard and Sparks, 2016; Johnson et al., 2017; Szanton et al., 2005).
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In contrast, where prior studies have examined sex-differences (all using binary sex), they often
show that male participants have the same or higher scores than female participants; similarly,
where gender-differences have been examined (all using the gender binary), men often have
higher AL scores than women (Christensen et al., 2018; Gustafsson et al., 2011; Kinnunen et
al., 2005; Mair et al., 2011; Robertson and Watts, 2015; Salazar et al., 2016; Santos-Lozada
and Daw, 2018; Seeman et al., 2002). Both results are inconsistent with a disparities hypothesis
that individuals exposed to stressors resulting from sex-based discrimination should have higher
AL. However, some studies have shown that sex-differences may be driven by male participants
scoring higher on metabolic and cardiovascular biomarkers whereas female participants score
higher on neuroendocrine, immune, or inflammatory biomarkers (Beckie, 2012; Buckwalter et
al., 2016; Kinnunen et al., 2005; Mair et al., 2011; Santos-Lozada and Daw, 2018; Seeman et
al., 2002); this latter group, which encompasses “primary mediators” (McEwen, 2005), is
arguably closer to the construct of AL than the former. Further, as described above, observing
disparities by sex and/or gender might be complicated by the way that these factors interact with
each other (Juster et al., 2019) as well as other social status categories like race and SES

(Geronimus et al., 2006; Mair et al., 2011).

To help reconcile inconsistencies in the operationalization of AL in the literature, we compare
different methods of constructing AL indices in a unique sample designed to optimize the
examination of health disparities in mid-life, the Child Health and Development Studies
Disparities Study (Link et al., 2017). Specifically, we first compare summing high-risk biomarker
quartiles using a simple summary approach vs. weighting within subsystems prior to
summation. These are two of the most commonly utilized overarching approaches to summing
high risk biomarker quartiles in the AL literature. Then, for each operationalization, we
constructed a version of the AL score that corrected vs. did not correct for medication use and
that used vs. did not use age- and/or sex-specific high-risk quartiles for biomarkers with age-

5



Katrina L Kezios

and/or sex-specific reference values. Additionally, for all approaches, we examined if findings
were sensitive to implausibly high biomarker values and missing biomarker data. Finally, for
each version of the AL score, as a gauge of construct validity, we report AL patterning by
sociodemographic variables expected to be related to AL, including race and a composite SES
variable which accounts for measures over the life course (expecting to observe higher AL
scores for Black participants and participants of lower life course SES). We also explore AL

patterns by sex and within each pairwise grouping of race, SES and sex.

2. Material and Methods

2.1 Sample

Participants are the adult offspring of mother-infant dyads who participated in the Child Health

and Development Studies (CHDS, www.chdstudies.org), a prospective birth cohort that

recruited virtually all pregnant women receiving prenatal care in Kaiser Permanente Medical
Care Plan clinics in Alameda County, California from 1959 to 1967 (van den Berg et al., 1988).
The overall cohort includes data on 20,754 pregnancies and 19,044 live births, 89.4% of which
remained under observation at age 5. Subsets of this cohort participated in follow-up
assessments at age 5 years (5-year-old Exam), ages 9-11 years (9—11-year-old Exam), and

ages 15-17 years (The Adolescent Study) (van den Berg et al., 1988).

This analysis used data collected as part of the CHDS Disparities Study (CHDS-DS) which
includes 605 adult participants (252 Black and 353 non-Black), followed in mid-life (age 43-52
years), who completed a telephone interview between 2010 and 2013. To be eligible for the
CHDS-DS participants had to be offspring of CHDS mothers who participated in a childhood
follow-up study and who were not deceased, were not known to have moved out of California,
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and were not known to be ineligible for other reasons (e.g., current incarceration). Interview
participation represents a 61% response to the 985 eligible individuals who were able to be
located and recruited by phone (Link et al., 2017). Of the 605 individuals who participated in the
telephone interview, 510 (84%) completed a home visit. Among these 510 participants, 433
(85%) agreed to a blood draw. Due to blood draw failures in 33 participants, the final analytic
sample size for this study is 400. This study was approved by the Public Health Institute and

Columbia University Medical Center Institutional Review Boards.

To examine potential differences by race, sex, or life course SES between participants who did
and did not provide blood samples, we compared, where available, demographic and home visit
anthropometry and blood pressure measures for the 400 in our analytic sample to the 110 who

completed a home visit but did not provide a blood sample.

2.2 Measures

2.2.1 Home visit components

The CHDS-DS home visit included measurement of height, weight, waist circumference (WC),

percent body fat (%BF) and blood pressure (BP), collection of information on medication use,

and a blood draw. A licensed phlebotomist attended each home visit, and home visit personnel

were trained in all study measurements to ensure reliability.

2.2.1.1 Anthropometry
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Participant height (cm) was measured using a seca 217 stadiometer (seca GmbH & Co. KG.,
Hamburg, Germany), while weight (kg) and %BF were measured using a TANITA BF-350 Body
Composition Analyzer (TANITA Corporation, Tokyo, Japan). A FithessMart Gulick Il Tape
Measure (Model 67020, Country Technology, Inc., Wisconsin, USA) was used to obtain WC
(cm). Each measure was taken twice and the average of the two measures was used for

analysis.

2.2.1.2 Blood pressure

Systolic BP (SBP) and diastolic BP (DBP) measurements were obtained three times using
automated monitors (CareScape V100 Vital Signs Monitor, GE Healthcare, Wisconsin, USA)

and the average of the last two measurements were used to calculate mean BP values.

2.2.1.3 Medication use

At the home visit, examiners completed a medication inventory form by documenting the name,
dose, and frequency of every medication (prescription and non-prescription, such as
supplements) a participant was taking, with information obtained from medication bottles

provided by the participant.

2.2.1.4 Serology

In total, 20 mL of serum and 40 mL of whole blood were collected, processed within two hours,
and shipped on dry ice for storage in the laboratory of Dr. Regina Santella at Columbia
University’s Center for Environmental Health in Northern Manhattan. Serum samples were then
shipped to the Clinical & Epidemiologic Research Laboratory at the Boston Children’s Hospital
for analysis of hemoglobin A1C (HbA1c), total cholesterol, high density lipoprotein (HDL)
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cholesterol, dehydroepiandrosterone sulfate (DHEAS), interleukin-6 (IL-6), and C-reactive

protein (CRP). Samples were batched in a random order for analysis.

Total cholesterol was measured using standard methods (Allain et al., 1974). At cholesterol
concentrations of 132.8 and 280.4 mg/dL, the day-to-day reproducibility, reflected by the
coefficient of variation (CV), was 1.7% and 1.6%, respectively. HDL cholesterol concentrations
were determined using a direct enzymatic colorimetric assay (Sugiuchi et al., 1995). This assay
has been shown to meet the rigid requirements established by the Lipid Standardization
Program (Rifai et al., 1998). At HDL concentrations of 27.0 and 54.9 mg/dL, the day-to-day

reproducibility was 3.3% and 1.7%, respectively.

CRP concentrations were determined using an immunoturbidimetric assay on the Roche P
Modular system (Roche Diagnostics — Indianapolis, IN), using reagents and calibrators from
Roche. This high-sensitivity assay has a limit of detection of 0.03 mg/L. The day-to-day
variabilities of the assay at concentrations of 0.91, 1.60 and 18.40 mg/L were 3.8%, 3.3% and

1.9%, respectively.

DHEAS was measured by a competitive electrochemiluminescence immunoassay on the Roche
E Modular system (Roche Diagnostics, Indianapolis, IN). The lowest detection limit of this assay
is 0.1 pg/dL and the run-to-run imprecision values at DHEAS concentrations of 117, 395 and

984 ug/dL were 2.8%, 2.4% and 1.7%, respectively.

Determination of the %HbA1c in total Hemoglobin was based on turbidimetric immunoinhibition
using hemolyzed whole blood or packed red cells (Roche Diagnostics, Indianapolis, IN). The
assay is certified by the National Glycohemoglobin Standardization Program for no interference
by Hb C trait, Hb S trait, Hb E trait, elevated HbF, or Carbamyl-Hb. HbA1c measurements of
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blood from long-term storage are highly correlated to measurements from blood obtained before
storage (Selvin et al., 2005). The day-to-day variability at %HbA1c values of 5.5 and 9.1 are

1.9% and 3.0%, respectively.

IL-6 was measured by an ultra-sensitive ELISA assay from R & D Systems, Minneapolis, MN.
The minimum required volume for this assay is 200 uL. The assay has a sensitivity of 0.094
pg/mL, and the day-to-day variabilities of the assay at concentrations of 0.49, 2.78 and 5.65

pg/mL were 9.6%, 7.2% and 6.5%, respectively.

2.2.2 Covariates

Demographic variables included participants’ race (non-Hispanic Black and non-Black), sex
(male and female), and ‘cumulative life course SES’ (hereafter, ‘life course SES’). Participants
self-identified their race and sex. Few participants self-identified as Asian or Asian American
(N=15), Hispanic or Latino (N=11), American Indian (N=2), mixed race (N=5), or another race
(N=1); thus, these individuals were combined with non-Hispanic white participants (n=226) into
one category labelled “non-Black”. We also examined using just “non-Hispanic white” as the
comparison group. For participants’ sex, the following question was asked: “It says here that
you are [male/female], is this correct?”; no additional information about gender identity was
collected in the study. Because of this, we specifically refer to participants’ “sex” and “sex-

differences” in our study, to avoid conflating participants’ sex with their gender and assuming

only two genders.

Life course SES was a composite variable, with data collected at four time points: parental SES
at participant’s birth, in childhood (age 9-11), and in adolescence (age 15-17), and participant
SES at age 50. Each parental SES measure is a composite of parental household income,
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maternal education, and paternal occupational standing, extensively described in Link et al.
(Link et al., 2017). In brief, at each time point each component of the parental SES variable was
standardized and/or re-scaled as needed to range from 0 to 3. Components were then averaged
for a final continuous SES variable that ranged from 0 to 3. Participant SES in adulthood was
created in similar manner, as a composite of participant educational attainment, occupational
standing, and household income at age 50 (see Supplement), where components were
likewise standardized and/or re-scaled as necessary to range from 0 to 3 and then averaged.
Life course SES was created by summing the four composite SES variables (possible range: 0
to 12), and then, for analyses, it was dichotomized into “low” vs. “high” SES at the midpoint

value of the range (<6: low-SES and >6: high-SES).

2.3 AL score creation

2.3.1 Biomarkers included in AL scores

The AL score included 10 biomarkers from 4 physiological subsystems: metabolic (%BF, WC,
HDL cholesterol, the ratio of total to HDL cholesterol (tchol/HDL) and HbA1c); inflammation

(CRP and IL-6); cardiovascular: (SBP and DBP); neuroendocrine (DHEAS).

2.3.2 Primary operationalization of AL

Our primary method of constructing AL utilized the simple summary method of Seeman et al.,
(Seeman et al., 1997) corrected for medication use, and with age (<50 vs. 250) and sex-specific
high-risk quartiles for DHEAS and sex-specific high-risk quartiles for WC and %BF (Table 1,

version i).
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Here, each biomarker was dichotomized based on the sample high-risk quartile (the lowest
quartile for HDL and DHEAS and the highest quartile for all other biomarkers). Participants in
the high-risk quartile scored a 1 for the AL component (vs. 0 otherwise). Based on the
medications participants were taking, we created categories for medications used to control
blood pressure (e.g., ACE inhibitors), cholesterol (e.g., statins) and diabetes (e.g., insulin and
oral medications) (Prescribers' Digital Reference, 2016). For components where a participant
did not exceed the biomarker high-risk quartile, but was taking medications, scores were
recoded to 1 to capture underlying subsystem dysregulation masked/controlled via medical
intervention (91, 40, and 19 participants’ scores were recoded for SBP, HDL, and HbA1c,
respectively). One participant exceeded the limits of the measurement tools and was placed in
the high-risk quartile for %BF and WC. Scores for all components were summed and could
range from 0 to 10. For descriptive tables only, we created a “high” AL variable just for our
primary method of construction; “high” AL was considered to be a total AL score in the top 25"

percent of the sample distribution and a cut-point of =25 (20%) got us closest to this definition.

2.3.3 Alternative AL operationalizations

We first created two alternative versions of our primary AL measure that utilized the simple
summary method. In the first, we did not perform medication correction (Table 1, version ii), as
some have argued it is unfair to categorize individuals who have normal levels of a given
biomarker, even if due to pharmacological intervention, as being “high risk” (Rodriguez et al.,
2019). In the second, we performed medication correction but did not use age- and/or sex-

specific high-risk quartiles for DHEAS, WC, or %BF prior to summation (Table 1, version:iii).

Second, we constructed AL using the scoring algorithm utilized by studies in the Midlife in the
United States (MIDUS) cohort (Table 1, version iv) (Wiley et al., 2016). With the “MIDUS
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approach” of constructing AL, each subsystem is weighted equally rather than each biomarker
(Gruenewald et al., 2012). As before, each biomarker was dichotomized based on the sample
high-risk quartile, and participants in the high-risk quartile scored a 1 for the AL component (vs.
0 otherwise). However, here, subsystem scores were first created by taking the mean of all
components within a particular subsystem (each subsystem ranged from 0-1). The AL score
was then created by summing scores across subsystems (range: 0-4). As above, two alternative
versions of this score were created. In the first, medication correction was not performed (Table
1, version v). In the other, no high-risk quartiles were age- and/or sex-specific, for consistency

with the literature in which this approach is common (Table 1, version vi).

2.3.4 Treatment of missing or outlying biomarkers in AL score creation

To be included in this analysis, a participant could either i) have available data for either >50%
of biomarkers for a subsystem or ii) be missing only one subsystem (Robinette et al., 2016).
Nine participants were missing data on at least one of the following biomarkers: HbA1c
(Nmissing=6), BP (Nmissing=1), WC (Nmissing=1), and %BF (Nmissing=3); however, no participant

exceeded the a priori established missing data limits above.

We additionally examined biomarker values for participants at or above the 90" percentile of the
sample distribution to identify potential outliers or implausible values. First, we compared these
values with clinical high-risk standards for each biomarker. For all subsystems except
inflammatory markers, biomarker values were considered plausible and participants remained in
the high-risk quartile for that biomarker. For inflammatory markers we took additional steps to
examine outlying values, as CRP (90" percentile cut-point: 7.32) and IL-6 (90™ percentile cut-
point: 3.86) can register as high for factors unrelated to AL (Landry et al., 2017). For CRP and
IL-6 we additionally examined biomarker values against the medications the participant was
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taking. We identified 16 participants with values of CRP and IL-6 greater than the 90" percentile
and whose medication listing suggested treatment for an indication that may result in high CRP
for reasons other than AL (e.g., active infection, rheumatoid arthritis). Of these 16 participants, 4
were CRP outliers, 8 were IL-6 outliers, and 4 had outlying values for both. In primary analyses,
these participants remained in the high-risk quartile (value of 1). However, we performed two
sensitivity analyses to examine the potential for these outliers to influence our findings. First, we
removed the 16 participants with outlying biomarker values. Second, instead of removing, we

recoded these participants from the high-risk quartile to a value of 0 (low-risk quartile).

2.4 Statistical analysis

We first examined the distribution of each biomarker and the primary AL measure in the total
sample, comparing each biomarker’s high-risk quartile cut-points to standard reference values
where they existed. In descriptive analyses, we reported both the mean AL and the proportion of
individuals with high AL in the total DISPAR sample and within strata of race, life course SES,

and sex, and each pairwise strata.

Treating the primary AL score as a count variable, we next used negative binomial regression to
obtain measures of uncertainty (i.e., 95% confidence intervals) for the observed AL patterns in
our sample by race, life course SES, sex and their pairwise interactions. Exponentiating the
betas from these models gives predicted AL scores for different subgroups given the
combination of relevant parameters. We then repeated regression analyses using the
alternative AL measures (using linear regression instead when AL scores were constructed
using the MIDUS approach) to examine the robustness of our findings to the method of score
construction. Finally, we repeated analyses using non-Hispanic white rather than non-Black as
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the comparison group as a sensitivity analysis. All analyses were performed using R version

4.0.5 (R Core Team, 2013).

3. Results

3.1 Sample descriptives

The distributions of race, life course SES, and sex were similar between the participants who
completed the initial telephone interview (N=605) and the subset who went on to complete the
home visit (N=510). However, the serology sample (N=400) had a lower proportion of Black
participants, a slightly lower proportion of female participants, and a slightly higher proportion of
high-SES participants (Supplemental Tables S1a-b). Where physical measures were available
for comparison, participants in the serology sample were “healthier” on average than those not
in the sample (e.g., lower BMI, SBP, %BF). When these comparisons were repeated within
subgroups of participants who either “refused” the blood draw (Supplemental Table S1c) or
could not complete the blood draw for “technical reasons” (Supplemental Table S1d),
differences, particularly for physical measures, were especially pronounced in the “technical
issue” group, and Black female participants were more likely to be in the “technical issue” group

(Supplemental Table S1e-f).

The 400 serology participants were 35% Black, 48% female, and 56.5% low-SES. For the
primary AL measure (version i), the average score in the sample was 2.65 and ranged from 0 to
9 (Table 2). The sample high-risk cut points were more conservative (i.e., “worse”) than the

high-risk cut-point for the clinical standards for all biomarkers except SBP, DBP, and A1C.
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3.2 Results for primary AL measure

Table 3 shows that, for the primary AL measure (version i), consistent with expectations, Black
participants had higher mean AL scores than non-Black participants (3.42 vs. 2.24) and low-
SES participants had higher scores than high-SES participants (3.05 vs. 2.12). In the total
sample, male participants had slightly higher scores than female participants (2.87 vs. 2.42).
The racial disparity in the total sample was also observed within strata of sex (3.45 vs. 2.52 for
Black and non-Black male participants, respectively; 3.39 vs. 1.95 for Black and non-Black
female participants, respectively) and life course SES, albeit the disparity was quite a bit larger
for low- (3.88 vs. 2.52 for Black vs. non-Black participants, respectively) vs. high-SES
participants (2.58 vs. 2.52 for Black vs. non-Black participants, respectively). Further, for both
Black and non-Black participants, male participants had higher AL scores than female
participants, but only slightly, and this difference was greater for non-Black participants (2.52 vs.
1.95 for male and female participants, respectively) than Black participants (3.45 vs. 3.39 for
male and female participants, respectively). Finally, the difference in AL scores for male and
female participants was much greater within strata of high-SES (2.54 vs. 1.63 for male vs.
female participants, respectively) compared with low-SES (3.13 vs. 2.97 for male and female
participants, respectively). While this table enables comparisons within strata of race, life course
SES, and sex, we refrain from analyzing their three-way interaction given the limited sample

size within some strata.

Findings from regression models were consistent with those from descriptive analyses, and
further show that the observed differences in AL by race, life course SES, and sex were all
statistically significant (Table 4a, Models 1-3). However, the only pairwise interaction to reach
statistical significance was between sex and SES (p=0.023; Table 4a, Model 6). This interaction
(illustrated in Figure 1, plot C), shows the difference in AL for low and high-SES female
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participants to be much greater than between low and high-SES male participants, and
suggests that, for lowering AL, high SES may be more important for female than male

participants.

Except for tchol/HDL, a larger proportion of Black participants were in the high-risk quartile for
each biomarker compared with non-Black participants (Supplemental Figures S1a-c). When
further stratified by sex, a similar pattern was observed, suggesting that observed differences by

race and/or sex were not driven by any one biomarker.

3.3 Results from alternative constructions of AL vs. primary method

AL patterning by race, life course SES, and sex, and the combination of these variables was
robust to most methods of constructing AL: Supplemental Table S2 shows descriptive results
comparing mean scores for each method of operationalizing AL overall and within strata, while
Tables 4b-d and Supplemental Tables S3a-b show regression results for each strata and their
pairwise interactions. Descriptively, in the total sample and within strata of either race or life
course SES, mean AL scores were similar whether or not sex-specific high-risk quartiles were
used (Supplemental Table S$2). However, within strata of sex, mean AL scores for female
participants were higher when sex-specific high-risk quartiles were not used in AL score
creation for either the simple summary or MIDUS approach. Finally, for both approaches, overall
and within all strata, mean AL scores were lower when medication correction was not

performed.

In regression analyses, when the primary AL measure was recreated using the MIDUS
approach (version iv) the direction of all coefficients was the same, although the sex-difference
(Model 2) and the sex*SES interaction (Model 6) were no longer statistically significant (Table
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4c). When both the MIDUS and simple summary scoring approaches were performed without
correction for medication use (versions v and ii, respectively; Supplemental Tables S3a and
S3b), the direction of the findings remained the same, although the magnitude of disparities

differed slightly, but not in a way that changed the qualitative interpretation of the findings.

However, for both approaches, when the AL score was recreated without making any high-risk
quartiles sex- and/or age-specific (versions iii and vi), we observed similar findings for race and
life course SES but differences by sex when compared with our primary AL analyses. With
these alternative constructions, female participants now had higher AL scores than male
participants, on average. The difference was slight and non-significant for the simple summary
approach ($=0.06, 95% ClI: -0.10, 0.22, Table 4b) and fairly substantial and statistically
significant for the MIDUS approach ($=0.26, 95%CI: 0.10, 0.43; Table 4d). Further, although not
statistically significant, for both constructions, Black female participants had the highest AL

scores in the sample (Model 4, Tables 4b and 4d).

Figures 1 and 2 visually represent the results for pairwise interactions (Models 4-6) across
different methods of constructing AL; Figure 1 shows results using the simple summary
approach while Figure 2 shows results using the MIDUS approach (for both figures, plots A-C
show results from scores that use sex-specific high-risk quartiles and plots D-F show results
from scores that do not). For both approaches, when AL was constructed without sex-specific
quartiles, the sex*SES interaction reached statistical significance (psex:ses=0.022 for Model 6 in
Table 4b and pgsexses=0.013 for Model 6 in Table 4d). As visualized in plot F of Figures 1 and
2, here, low-SES female participants had the highest AL scores, contributing to a much greater
life course SES disparity in female than male participants. Additionally, while the direction of
findings was similar across all AL scoring algorithms, for the alternative MIDUS construction, the

race*SES interaction reached statistical significance (prace*ses=0.040 for Model 5 in Table 4d),
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showing the difference in AL between Black and non-Black participants to be much greater in
strata of low-SES than high-SES. Here, the narrowing of the disparity appears to be driven by
AL score improvements with high life course SES for Black compared with non-Black

participants (Figure 2, plot E).

Finally, for all constructions, results were unaffected by outliers or by using white participants

instead of non-Black participants as the comparison group.

4. Discussion

Few prior studies have examined the patterning of AL by race, life course SES, sex and their
pairwise interactions, comparing different operationalizations of AL in the same study. In the
CHDS-DS, we found that AL disparities by race and life course SES were consistently
reproduced for each AL measure, regardless of the overarching method of construction (simple
summary vs. MIDUS approach). We also observed that neither medication correction nor
exclusion of outliers changed our findings. However, we did find, perhaps unsurprisingly, that
sex-differences in AL scores were sensitive to whether AL scores were constructed using any

sex-specific high-risk biomarker quartiles or not.

Most commonly in the literature, AL is constructed using a simple summary approach without
making any high-risk biomarker quartiles sex-specific. When we created AL this way, female
participants in our sample had slightly higher AL scores than male participants, and, consistent
with prior work, Black female participants had the highest AL scores in the sample (Geronimus
et al., 2006; Rodriguez et al., 2019). This was also the case when the MIDUS scoring algorithm
was used without sex-specific quartiles, only here the sex-differences were even larger, perhaps

due to the downweighing of biomarkers in the metabolic system, which in prior studies were
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shown to be disproportionately elevated in male participants (Beckie, 2012; Buckwalter et al.,
2016; Kinnunen et al., 2005; Mair et al., 2011; Santos-Lozada and Daw, 2018; Seeman et al.,

2002).

The implications of creating sex-specific high-risk quartiles (or not) requires careful thought. AL
theory provides a framework for understanding how chronic social stressors become embedded
within a person to negatively impact health over the life course via perturbation of various
physiologic systems. In this way, measures of AL contain both biological and social dimensions,
and therefore decisions regarding how to construct, analyze, and interpret AL in studies should
be informed by both health disparities theory and biological plausibility. For example, one
reason researchers may want to create age- and sex-specific high-risk DHEAS quartiles (as
was done in our main AL measure herein) is to account for menopausal status, a biological
process which could influence DHEAS levels (MedlinePlus.). In addition, because measures of
adiposity have sex-specific reference values (North American Association for the Study of
Obesity, 2000; Shah and Braverman, 2012), and may vary by sex as function of processes
unrelated to AL, we decided their high-risk quartiles should also be sex-specific in our primary
AL measure. However, sex-differences in AL are also a function social experiences, such as
chronic stress resulting from repeated exposure to sex-based discrimination over the life course
(Juster et al., 2019; Juster and Lupien, 2012). By removing sex-differences for these
components (via the creation of sex-specific quartiles) we limited our ability to investigate or
detect this patterning. And, indeed, our results using scales without sex-specific quartiles
produced AL patterns more consistent with expectations from health disparities theory
(Williams, 2002). Yet, when using non-sex-specific scales, we run the risk of attributing
observed differences to social experiences that they may or may not entirely reflect. For
questions of health disparities, accounting for both sex and gender using—where available—

robust, multi-category measures of each may help researchers tease apart more biological from
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social drivers of AL differences. Otherwise, these tradeoffs of creating sex-specific scales

should be considered and discussed in light of the research objective.

In general, the operationalization of the construct of AL has been criticized for being inconsistent
in the literature (Johnson et al., 2017). We thought carefully about our approach given available
biomarkers. We excluded body mass index from our score, choosing %BF and WC instead,
which we believe better capture the metabolic consequences (e.g., adiposity) of sustained
stress or cortisol activity. In addition, we chose the simple summary approach as our primary
construction method because it is intuitive, easily interpreted, and often gives results similar to
more complex methods (Salazar et al., 2016). Further, we corrected the score for medication
use, believing it provides evidence of underlying physiological deterioration for a particular
subsystem; therefore, participants should be placed in the high-risk quartile for a given
biomarker if they take medications to treat a condition measured by that biomarker (Geronimus

et al., 2006).

However, even with care in the construction and testing of our AL score, our measure has some
limitations. First, it only included 10 biomarkers from among four subsystems, with unbalanced
biomarker representation within subsystems. For example, our score included 5 biomarkers
from the metabolic subsystem and only 1 (DHEAS) from the neuroendocrine subsystem.
However, a prior systematic review reported that most included studies did not have any
measures of HPA-axis biomarkers, such as DHEAS, which are important elements of the
concept of AL (“primary mediators” (McEwen, 2005)), making inclusion of this biomarker —
despite it being the only neuroendocrine marker in our score — a strength of our study. Further,
when we weighted subsystems equally before summation (to account for imbalance) findings
were similar to those using the simple summary approach. Still, we lacked measures for some

biomarkers important to AL, such as cortisol, although prior measurement work has shown that
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AL findings are robust to the choice of biomarkers used for represented physiological systems
(Wiley et al., 2016). This may be especially true in the case of AL disparities studies, as a prior
systematic review looking at SES disparities in AL found that in nearly every study AL scores
were higher in low- vs. high-SES individuals, despite huge variation across studies in the

methods and/or biomarkers used to create the AL scores (Johnson et al., 2017).

Additionally, although the observed AL patterns in the current study were consistent with
expectations, and most results (particularly for race and life course SES) were similar across all
AL operationalizations, the sample size likely limited our ability to detect significant differences
in some two-way interactions, and we were underpowered to explore the three-way interaction
between these factors. Because of this, we encourage a focus on the general pattern of findings
over the exact magnitude of the differences reported across models. In addition, restricting our
analyses to the CHDS-DS serology subsample (n=400) may have introduced some selection
bias, as those who participated in serology appeared healthier, on average, than those who did
not. Specifically, Black female participants had the largest proportion of exclusions by refusal or
technical issue (39%) and, among them, those excluded had worse values for several measures
(e.g., waist circumference) than those who completed serology. Thus, it is possible that we are
underestimating the prevalence of high AL among Black female participants in our sample,

particularly when using the AL measure with sex-specific high-risk quartiles.

Despite this, the use of the CHDS-DS is a strength of our study. This is a unique sample with
oversampling of Black individuals, and good variation in SES in the total sample (Link et al.,
2017). Given that the CHDS-DS was designed with the purpose of documenting mid-life
disparities, it is particularly well-suited to compare whether different scoring procedures produce
anticipated race and life course SES disparities in AL. Further, the overall CHDS-DS sample
(n=605) is comparable with NHANES on a number of measures, including some that make up
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the AL score (Link et al., 2017), and, where there was overlap in biomarkers, the cut-points for
our high-risk quartiles were quite similar to those in NHANES IV (Geronimus et al., 2006),
suggesting that findings are generalizable. Finally, while the mid-life measures in the CHDS-DS
are cross-sectional, we are confident that race and sex cannot be affected by AL, and our SES
measure was cumulative over the life course beginning at birth; thus, we believe that temporality

was established in this study.

5. Conclusions

AL theory provides a useful framework for understanding how chronic social stressors become
embedded within a person to negatively impact health over the life course, but its
operationalization has been subject to debate. In our sample we compared different
operationalizations of AL and, for each, examined the patterning of AL by race, life course SES,
and sex as well as their pairwise interactions. All constructions of the AL measure revealed
expected disparities in AL by race (Black participants having higher AL scores than non-Black
participants or, in sensitivity analyses, white participants) and SES (lower SES participants
having higher AL scores than higher SES participants). Disparities by sex emerged only when
the AL score was constructed without any sex-specific high-risk quartiles, raising an interesting
issue about the importance of matching one’s approach to construction of the AL measure to
the purpose of their study; when disparities are of interest, AL measures constructed using sex-
specific high-risk quartiles to account for differences due to physiological processes may mask
those resulting from social experiences. In conclusion, while we encourage future
methodological exploration around issues of AL measurement, our results suggest that the
basic AL concept is consistently expressed across different operationalizations, making it an

especially useful and robust tool for understanding disparities by race and SES.
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Table 1. Description of each method of AL construction

Version Main or
4 Approach | Description alternative
method
Scoring algorithm sums across the high-risk biomarker Prima
quartiles (which are age- and sex-specific for DHEAS and metho?j/ of
. Simple sex-specific for percent body fat and waist :
i . : " construction
summation | circumference). The score additionally corrects for use of ;

o (main text
medications to control blood sugar, cholesterol, or blood results)
pressure.

i Simple Simple summation scoring algorithm from (i) except: Alternative
summation - No correction for medication use method
Simple Simple sqmmatlon scoring algorlthm from (|) except: Alternative
iii : - Without making any biomarker quartiles age-
summation o method
and/or sex-specific
Scoring algorithm averages the high-risk biomarker
quartiles (which are age- and sex-specific for DHEAS and
. MIDUS sgx-'specmc for percent body fat _and waist circumference) Alternative
iv within subsystems before summing across subsystems
approach I method
scores. The score additionally corrects for use of
medications to control blood sugar, cholesterol, or blood
pressure.
v MIDUS Simple summation scoring algorithm from (iv) except: Alternative
approach - No correction for medication use method
. MIDUS MIDUS scoring algo.rlthm from (iv) except: . Alternative
Vi - Without making any biomarker quartiles age-
approach method

and/or sex-specific
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Table 2. Distribution of individual biomarkers and total allostatic load score in the total DISPAR

sample.
High-
N Me S Mi 25 50 75 M risk Reference
an D n % % % ax stand
ard
Inflammatory markers
C-reactive protein 40 35 7. 0. 0. 1. 3. 84
(mg/L) 0 6 20 07 64 56 88 5 30 (Roberts, 2004)
. 40 18 2. 0. 0. 1. 2. 20
Interleukin-6 (pg/mL) 0 6 12 27 68 19 06 7 - no standard
Neuroendocrine
(HPA-axis) marker
40 87 5 92 14 20 50
DHEA-S (ug/dL) 0 158 0 93 1 2 & 3
15 95 19 13 17 24 50 95-
DHEA-S (male, <50) 1 197 41 6 3 9 6 3 530
DHEA-S (male, 250) 59 177 7] °3 11 76 2442 070
DHEA-S (female, 12 . 66 6 73 1117 37 32 (MedlinePlus.)
<50) 6 2 51 0 5 5 7 240
DHEA-S (female, 66 112 671 5 67 94 15 23 26-
250) 0 93 2 .7 1 6 200
Cardiovascular
markers
Systolic blood 39 124 15 84 11 12 13 21 >140
pressure (mmHg) 9 9 0 4 3 3 3 B (Carretero and Oparil,
Diastolic blood 39 74. 10 50 10 2000)
pressure (mmHg) 9 3 4 5 67 74 & 9 290
Metabolic markers
High-density 40 57. 17 16 45 55 67 14 <40 (NIH Medline Plus,
lipoprotein (mg/dL) 0 7 8 2 4 6 1 4 2012)
Total:HDL cholesterol 40 3.7 1. 1. 2. 3. 4. 9. >3 5:1 (American Heart
ratio 0 5 26 32 83 54 41 27 T Association, 2017)
Glycosylated 39 58 1. 4. 5 5 5.
hemoglobin (%) 4 6 10 42 39 68 o8 4 64 (Weykamp, 2013)
39 3 10 8 25 32 41 70
0,
Percent body fat (%) 6 % % % % % % %
Percent body fat 20 28 9 10 22 27 32 70 5259
(male) 7 % % % % % % % ? (Shah and Braverman,
Percent body fat 18 39 9 8 33 40 45 54 >30% 2012)
(female) 9 % % % % % % % ?
Waist circumference 39 9. 16 31 87 96 10 16
(cm) 8 9 2 2 1 3 6 2
Waist circumference 20 98. 15 31 90 97 10 16 >102 (North American
(ma/g) . 8 J 2 2 137 2 Association for the Study
Waist circumference 19 94. 16 43 82 93 10 14 ~88 of Obesity, 2000)
(female) o 7 9 1 7 8 5 3 Y,
. 1 40 2.6 2.
Allostatic load score 0 5 15 0 1 2 4 9
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1Primary method of construction (version i): simple sum of components, corrected for medication use, with age-
and/or sex-specific high-risk quartiles for DHEAS, %BF, and WC

Table 3. Distribution of allostatic load score’ in the total DISPAR sample, by race, by sex, by SES, and
by joint strata of these factors.

Total Sample Male Female
0, ) o)
N  Mean (sd) /02?2L N Mean (sd) /"Zﬁ‘l‘ N  Mean (sd) /;E'?‘ZL
Total Sample
Total 400 2.65(215) 20% 210  2.87 (2.05) 20% | 190 2.42(2.24) 19%
Black 140 3.42(226) 35% @ 78  3.45(2.08) 32% 62 3.39(2.49) 39%
gloar::-k 260 2.24 (1.98) 12% 132 2.52 (1.97) 14% 128 1.95 (1.95) 10%
Life course SES = low (<6)°
Total 228 3.05(2.28) 28% 117 3.13 (2.26) 28% 111 2.97 (2.30) 28%
Black 105 3.71(2.33) 42% 52 3.88 (2.16) 42% 53 3.55(2.49) 42%
g;‘l'k 123 2.49(2.08) 16% 65  2.52(2.17) 17% 58 2.45(1.99) 16%
Life course SES = high (>6)°
Total 172 212(1.85) 9% | 93 254 (1.72) 11% | 79 1.63(1.90) 8%
Black 35 2.54(1.80) 14% 26 2.58 (1.63) 12% 9 2.44 (2.35) 22%
gloar::-k 137 2.01(1.85) 8% 67 2.52 (1.76) 10% 70 1.53(1.82) 6%

AL score is a simple sum of components, corrected for medication use, with age- and/or sex-specific high-
risk quartiles for DHEAS, %BF, and WC.

AL scores at or above 5 were considered “high” AL because this cut-point provided the closest
approximation of the top 25" percentile of the sample distribution of AL, our definition of “high” AL.

3SES was a composite variable composed of three SES domains (income, education, occupational status)
measured at multiple time points over the life course. The summary SES measure was dichotomized at a
value of 6 which was the mid-point of its possible range (0-12).

Table 4a-d. Regression models examining the patterning of race, SES, and sex and their pairwise
interactions with allostatic load scores in the total sample, using either the simple summary scoring
algorithm (versions i and iii) or the MIDUS approach (versions iv and vi).'

Table 4a. Results from negative binomial regression models where AL was created using primary
method of construction (version i)’

AL score (version i)?
Independent associations Pairwise interactions
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
0.81 (0.70, 1.05 (0.94, 0.75 (0.62, 0.93 (0.78, 0.70 (055,0.85) | 093076,
Intercept’ 0.91) 1.16) 0.88) 1.06) non-Black and high 219
non-Black male high SES non-Black male SES ma esags 9
Race
(non-Hispanic Black vs. non- 0'45 ég'%‘ - - 0'33 ég'm’ 0.23 (-0.08, 0.54) -
Black) 59) 53)
Sex ) -0.17 (-0.34, - ) -0.26 (-0.47, - ) -0.44 (-0.71, -
(female vs. male) 0.01) 0.05) 0.17)
Cumulative life course
SES® - - 0'3(? 6(3%.)20, 0.21(0.01, 0.42) 0'2(1) 2"3))'01'
(low vs. high) ’ ’
. 0.24 (-0.08,
Race*Sex - - - 0.57) - -
Race*SES - - - - 0.17 (-0.20, 0.54) -
Sex*SES - - - R B 0.33 ;g.)os,

TAssociations obtained from a negative binomial regression model; estimated AL scores for a given group can be calculated by summing
relevant betas and then exponentiating
%\/ersion i: simple summary approach, with medication correction and sex- and/or age-specific high-risk quartiles for DHEAS, %BF, and WC
%|taliscized description under the intercept values identifies the subgroup for which the exponentiated intercept provides an AL score

Table 4b. Results from negative binomial regression models where AL created using simple summary

alternative construction (version iii)’

AL score (version iii)?

Independent associations

Pairwise interactions

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
0.82 (0.72, 0.95 (0.84, 0.74 (0.62, 0.83 (0.69, 0.72 (0.58, 0.86) | 0.83 (0.66, 0.99)
Intercept’ 0.92) 1.06) 0.87) 0.97) non-Black and high male and high
non-Black male high SES non-Black male SES SES
Race
(non-Hispanic Black vs. 0.40 (0.24, - - 0.30 (0.08, 0.12 (-0.18, 0.42) -
0.56) 0.51)
non-Black)
Sex ) 0.06 (-0.10, ) -0.02 (-0.21, ) -0.19 (-0.45,
(female vs. male) 0.22) 0.18) 0.06)
Cumulative life course
SES?® } ) 0.38 (0.22, ) 0.20 (0.01, 0.40) 0.21 (-0.01,
. 0.54) 0.42)
(low vs. high)
" - 0.22 (-0.09,
Race*Sex - - 0.53) - -
Race*SES - - - - 0.28 (-0.07, 0.63) -
Sex*SES - - - - - 0.37 (0.05, 0.69)

TAssociations obtained from a negative binomial regression model; estimated AL scores for a given group can be calculated by summing
relevant betas and then exponentiating
A\Jersion iii: simple summary approach, with medication correction and no sex- and/or age-specific high-risk quartiles for any biomarkers
%|taliscized description under the intercept values identifies the subgroup for which the exponentiated intercept provides an AL score

31



Katrina L Kezios

Table 4c. Results from linear regression models where AL was created using MIDUS method of

construction (version iv)’

AL score (version iv)?

Independent associations

Pairwise interactions

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
. 0.88 (0.78, 1.09 (0.98, 0.86 (073, | 093070, 1.07) | 080(0.66,0.94) 097 (0,80,
Intercept 0.98) 1.21) 0.98) S8 019 101 | non-Black and high o d)h. .
non-Black male high SES SES male sags 9
Race
(non-Hispanic Black vs. non- 0'5(] ég')“' - ; 0.44 (0.20,0.67) | 0.28 (-0.02, 0.59) ;
Black) ’
Sex i -0.07 (-0.24, i -0.10 (-0.30, i -0.24 (-0.49,
(female vs. male) 0.10) 0.10) 0.01)
Cumulative life course
SES® i ) 0.35 (0.18, i 0.17 (-0.03, 0.37) 0.22 (-0.01,
(low vs. high) 0.52) 0.45)
. 0.15 (-0.19,
Race*Sex - - - 0.49) - -
Race*SES - - - y 0.24 (-0.14, 0.61) -
. - 0.28 (-0.06,
Sex*SES - - 9 - 0.61)

TAssociations obtained from linear regression model; estimated AL scores for a given group can be calculated by summing relevant betas
%\/ersion iv: MIDUS approach, with medication correction and no sex- and/or age-specific high-risk quartiles for any biomarkers
%|taliscized description under the intercept values identifies the subgroup for which the exponentiated intercept provides an AL score

Table 4d. Results from negative binomial regression models where AL created using MIDUS method of

construction (version vi)'

AL score (version vi)?

Independent associations

Pairwise interactions

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
0.90 (0.79, 0.94 (0.83, 0.85 (0.73, 0.80 (0.66, 0.82 (0.68, 0.96)
Intercept’ 1.00) 1.05) 0.98) 0.94) non-Black and high gf,: a(gf,% ,j g,_lé
non-Black male high SES non-Black male SES g
Race
(non-Hispanic Black vs. non- 0'48 é%‘32‘ - - 0'33 é?'15’ 0.15 (-0.15, 0.45) -
Black) ¢4 61)
Sex : 0.26 (0.10, } 0.20 (-0.00, } 0.02 (-0.23,
(female vs. male) 0.43) 0.39) 0.26)
Cumulative life course
SES?® } ) 0.38 (0.21, ) 0.16 (-0.04, 0.36) 0.17 (-0.05,
. 0.54) 0.40)
(low vs. high)
" - 0.26 (-0.08,
Race*Sex - - 0.59) - -
Race*SES - - - - 0.39 (0.02, 0.76) -
Sex*SES - - - - - 0.41 (0.09, 0.74)

"Associations obtained from linear regression model; estimated AL scores for a given group can be calculated by summing relevant betas
2\ersion vi: MIDUS approach, with medication correction and no sex- and/or age-specific high-risk quartiles for any biomarkers
}taliscized description under the intercept values identifies the subgroup for which the exponentiated intercept provides an AL score

Figure 1. Plotting allostatic load scores within strata of all pairwise interactions between race,
cumulative life course SES, and sex, comparing two different operationalizations of allostatic load that
used a simple summary scoring method.
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Figure 1 legend: Plots A-C show average AL scores (version i) and their 95% confidence intervals
within pairwise interactions of race and sex (plot A, prace'sex=0.15), race and SES (plot B, prace*ses=0.37)
and sex and SES (plot C, psex'ses=0.023). Here, AL was created using the simple summary scoring
algorithm, with correction for medication use, and with age- and/or sex-specific high-risk quartiles for
DHEAS, %BF, and WC. Plots D-F show average AL scores (version iii) and their 95% confidence
intervals within pairwise interactions of race and sex (plot D, pracesex=0.16), race and SES (plot E,
Pracerses=0.12) and sex and SES (plot F, psexses=0.022). Here AL was created using the simple
summary scoring algorithm and with correction for medication, but without making any high-risk
quartiles age- and/or sex-specific.

Figure 2. Plotting allostatic load scores within strata of all pairwise interactions between race,

cumulative life course SES, and sex comparing two different operationalizations of allostatic

load that weighted subsystems equally before summation (the “MIDUS approach”).
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Figure 2 legend: Plots A-C show average AL scores (version iv) and their 95% confidence
intervals within pairwise interactions of race and sex (plot A, prace*sex=0.39), race and SES (plot
B, Praceses=0.21) and sex and SES (plot C, psex:ses=0.10). Here, AL was created using the
“MIDUS approach” scoring algorithm, with correction for medication use, and with age- and/or
sex-specific high-risk quartiles for DHEAS, %BF, and WC. Plots D-F show average AL scores
(version vi) and their 95% confidence intervals within pairwise interactions of race and sex (plot
D, Pracersex=0.13), race and SES (plot E, pracerses=0.040) and sex and SES (plot F,
Psexses=0.013). Here, AL was created using the “MIDUS approach” scoring algorithm and with
correction for medication, but without making any high-risk quartiles age- and/or sex-specific.
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Highlights

We constructed and compared different versions of the allostatic load (AL) score
For each version, expected disparities in AL by race and SES were observed

How AL was constructed impacted whether disparities by sex were observed
Overall, the basic AL concept was consistently expressed across different versions
AL is a useful and robust tool for understanding disparities by race and SES
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