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A B S T R A C T

Allostatic load is commonly operationalized using a sum-score of high-risk biomarkers. However, this method
implies that biomarkers contribute equally to allostatic load, as each is given equal weight. Our goal in this
methodological paper is to evaluate this, and complementarily, to identify biomarkers that are most informative
and least informative for developing an allostatic load index. Item response theory models provide an alternate
approach to calculating the allostatic load score, by treating individual biomarkers (e.g. “items”) as indicators of a
latent allostatic load construct. Item response theory scores account for the data-driven discriminating power of
each biomarker, and an individual’s pattern of biomarker responses. To demonstrate feasibility of this approach,
we used data from the 2015–2016 National Health Examination and Nutrition Survey (NHANES; N ¼ 3751), with
twelve allostatic load biomarkers representing immune response, metabolic function and cardiovascular health.
Item response theory models revealed that body-mass-index and C-reactive protein were the most informative
biomarkers for allostatic load. Both higher allostatic load sum-score and allostatic load item response theory score
were associated with lower socio-economic status (p ¼ 0.008; p<0.001, respectively). Further, both formulations
of allostatic load were positively associated with a nine-item depression screener (p<0.001 for both), but only the
item response theory score was also positively associated with the impact of depressive symptoms on daily life (p
¼ 0.045). Item response theory scores may be more finely tuned to tease out effects, compared to sum-scores, and
also provide more flexibility when there are missing biomarker measurements. Supplemental R code for our
approach are included.
1. Introduction

Allostatic load is a latent construct defined as multi-systemic physi-
ological dysregulation. Allostatic load can be indexed to quantify the
‘wear and tear’ on the body, by quantifying multiple biomarkers repre-
senting hypothalamic-pituitary-adrenal (HPA) axis, immune/inflamma-
tion, cardiovascular, lipid and glucose functioning, as well as emergent
biomarkers. Central to advances in the field of psychoneuroendocrinol-
ogy, allostatic load is associated with both psychosocial exposures and
health outcomes including socioeconomic status [1], race/ethnicity [1],
sexual orientation [2,3], workforce burnout [4,5], aging and mortality
[6], perinatal outcomes [7] and psychiatric emergencies [8].

There has been much discussion regarding the measurement of allo-
static load and the relative importance and weight of individual bio-
markers. In particular, there is continuing debate on the best ways to
operationalize and measure allostatic load, and what can be learned from
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the multiple biomarkers that comprise it. While allostatic load cannot be
directly observed because it is a latent and unobservable trait, re-
searchers typically estimate it by summarizing data from a number of
appropriate clinical biomarkers. Allostatic load is commonly operation-
alized using a sum-score of high-risk biomarkers. This traditional count-
based approach, such as that used in analyzing the MacArthur Studies of
Successful Aging [9], relies on dichotomizing each biomarker as high/-
low risk using sample-dependent cutoffs or clinical cutoffs, and then
summing the number of high-risk biomarkers to arrive at an allostatic
load summary score. However, this approach assumes that each
biomarker included in the sum score makes equal contributions to overall
allostatic load, by treating all of the biomarkers as though they are
interchangeable. It is also assumes that the simple sum score is capable of
measuring allostatic load with equal precision across the full range of the
underlying latent construct.

In addition to the count-based approach applied in the MacArthur
s.
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studies and other international samples [10–13], alternative approaches
have included a two-tailed 10th/90th percentile approach [14], a stan-
dard deviation cut-off approach [15], z statistic weights generated from
bootstrapping [16], factor-analytic approaches [17], and the more recent
“scaling” of multi-systemic dysregulations [18]. To date, there is no
consensus on the most appropriate allostatic load formulation to use [4,
19].

Our goal here is to use advanced psychometric methods to evaluate
alternate methods to calculating an allostatic load score and comple-
mentarily, to identify individual biomarkers that are most informative
and least informative for developing an allostatic load index. Further, we
determine if individual biomarkers provide information along the entire
allostatic load continuum, or if they provide information for only a
portion of the continuum. While there is no universal agreement on the
specific biomarkers to include in an allostatic load calculation, re-
searchers generally agree that cardiovascular, metabolic and immune
biomarkers should be included. In this paper, we will demonstrate an
alternate approach to calculating allostatic load scores with dichotomous
biomarker data, using data from the National Health Examination and
Nutrition Survey (NHANES) for illustration. Note that NHANES does not
provide neuroendocrine biomarkers often used in allostatic load studies.
Many studies (>20) have used NHANES to study allostatic load [20],
finding associations with outcomes such as sleep disorders [21], all-cause
mortality [22] and cognitive function [23], demonstrating that the bio-
markers available in NHANES are a valid and accurate measure of allo-
static load.

Item response theory (IRT) is a set of psychometric models used for
measurement and the development of scales [24]. Most commonly used
in the education testing literature, it has now been used in biomedical
research in the development and scoring of patient reported outcomes
[25,26]. To our knowledge, it has not yet been used in allostatic load
biomarker data, but IRT shares similarities with factor-analytic ap-
proaches that have been previously used to investigate allostatic load
scoring [17]. IRT is a class of psychometric models that can be used to
explain the relationship between a latent, unobservable, trait (e.g.,
allostatic load burden), and observable characteristics or items (e.g.
clinical biomarkers). Using IRT, the measurement properties of the
clinical biomarkers, the set of individuals measured, and the allostatic
load burden are linked together.

The allostatic load burden and the “items” (biomarkers) used to
measure it are assumed to span an unobservable continuum. Thus, we
can use IRT to establish each individual’s position on that continuum
(e.g., quantify each individual’s allostatic load burden). Unlike the sum-
score approach, biomarkers are differentially weighted in a data-driven
manner, depending on how much information they provide to the
overall allostatic load burden scale. Each biomarker has an estimated
difficulty parameter (how likely a participant with a certain latent allo-
static load level will score high-risk on that biomarker), and an estimated
discrimination parameter (how informative scoring high-risk on a certain
biomarker is with respect to gauging the participant’s latent allostatic
load level; analogous to factor loadings). IRT-based scores differentially
weight the contributions of the individual biomarkers based on their
difficulty and discrimination. If we visualize the latent allostatic load
burden as a ruler, with participants averaging a score at 0 and each 1-unit
represents a standard deviation, we can interpret the IRT allostatic load
burden score as a z-score.

Identification of the parameters needed to calculate an IRT-based
allostatic load score requires access to a large and representative cali-
bration sample. In accordance, we here use a nationally representative
sample of (n ¼ 3751) US adults and use survey-weighted 25th or 75th
percentile of each biomarker to define representative levels of high
biomarker levels. In this paper, we dichotomize biomarkers into high/
low risk and compare IRT methods versus sum-score methods for
calculating allostatic load scores.
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2. Methods

2.1. Analytic sample

We used data from the 2015–2016 National Health Examination and
Nutrition Survey (NHANES), which is provided by the National Center
for Health Statistics (NCHS) in the Centers of Disease Control and Pre-
vention (CDC). NHANES is a recurring cross-sectional survey of the non-
institutionalized civilian US population, who live in the 50 states and the
District of Columbia, with details available elsewhere [27]. The study
sample consisted of adults aged 20 years and older but less than 60 years.
We excluded those with a positive urine pregnancy test, yielding a final
sample size of n ¼ 3751.

2.2. Allostatic load

To assess allostatic load, we included biomarkers that were most
commonly used in calculations of allostatic load fromNHANES data [20].
Twelve commonly used biomarkers [28] were included to represent
immune response (high sensitivity C-reactive protein (CRP), white blood
cell count), metabolic function (glycohemoglobin, serum albumin, serum
creatinine, total cholesterol, high density lipoprotein (HDL), serum tri-
glycerides, body mass index (BMI)), and cardiovascular health (average of
three resting systolic blood pressure measurements, average of three
resting diastolic blood pressure measurements, pulse rate). For each
biomarker, we found a high-risk cutoff, which was defined as the
survey-weighted 75th percentile for all biomarkers except HDL and
serum albumin, for which the high-risk cutoff was defined as the
survey-weighted 25th percentile. For each of the twelve biomarkers, an
individual received a score of 1 if their biomarker level wasmore extreme
than the high-risk cutoff, and 0 otherwise. The allostatic load sum-score
was calculated by taking the sum of all twelve biomarker scores. Thus,
the allostatic load sum-score can range from 0 to 12.

2.3. Statistical analysis

Data from the NHANES cycle was extracted using the “nhanesA:
NHANES Data Retrieval” R package [29]. We linked demographic data,
laboratory data and physical exam data using a unique survey participant
identifier. Our analyses accounted for the NHANES complex survey
design, in order for findings to be considered nationally representative of
the US population. We accounted for sampling strata, cluster and weights
using the “survey: Analysis of complex survey samples” R package [30].

We reported the survey weighted frequency for the categorical vari-
ables, median and interquartile range (IQR), which is the difference be-
tween the 75th and 25th percentiles, for continuous variables. We
investigated the correlation between the allostatic load sum-score and
individual biomarkers using Pearson correlation. We then fitted two-
parameter logistic IRT models using the R package “ltm: Latent trait
models under IRT” [31], to the twelve dichotomized biomarkers in order
to estimate the difficulty and discrimination parameters of the bio-
markers, and to estimate an allostatic load burden score (IRT score),
using expected a priori scores. We then plotted the item characteristic
curves, item information curves, and the test information curve. Lastly,
we plotted the estimated allostatic load burden score, against the
sum-score, in order to visualize the correlation and compare and contrast
those scores.

To validate our formulations of allostatic load, we assessed associa-
tions between the sum-score and IRT score formulations of allostatic load
with socio-economic status (SES), as measured by family income-to-
poverty ratio, since allostatic load is conceptualized as physiological
weathering due stressful circumstances such as low SES. We then
assessed associations of sum-score and IRT score formulations of allo-
static load with depression, per the Patient Health Questionnaire (PHQ9),
a nine-item depression screener that assesses the frequency of depression
symptoms in the past two weeks by self-report [32,33]. Negative
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binomial regression models were used because there are excess zeroes in
the PHQ9 scores. We adjusted for covariates of age, sex, race/ethnicity
and family income-to-poverty ratio. We also assessed associations of
allostatic load with impacts of depressive symptoms on daily life, as
measured by the question, “How difficult have these problems [PHQ9]
made it for you to do your work, take care of things at home, or get along
with people?” We coded the response as binary to focus on those whose
depressive symptoms had substantial impacts on their daily life (not
difficult at all or somewhat difficult vs. very or extremely difficult). We
used logistic regression adjusted for age, sex, race/ethnicity and family
income-to-poverty ratio.

We provide a tutorial and reproducible code to implement IRT in the
Supplementary Materials section VI.

3. Results

3.1. Clinical and socio-demographic characteristics

Table 1 contains the survey-weighted socio-demographic and clinical
covariates. The median age of the sample was 40 [interquartile range
(IQR): (29, 50)]. The sample contained equal men and women. Median
family income to poverty ratio was 3.0 [IQR: (1.5, 5.0)]. The sample
consisted of 59.9% Non-Hispanic Whites, 10.4% Mexican American,
7.4% Other Hispanic, 12.3% Non-Hispanic Black, 6.3% Non-Hispanic
Asian and 3.7% Other Race/Multi-racial.

3.2. Allostatic load

Because we used the survey-weighted 75th percentile (or 25th
percentile) cutoffs to define high-risk for each biomarker, the proportion
of the sample belonging to the high-risk group was not always 25%, as
would be expected if we did not use the survey-weighted cutoffs. The
allostatic load sum-score ranged from 0 to 12, with median of 3 [IQR: (1,
4)]. Supplementary Fig. 1 depicts the distribution of the allostatic load
Table 1
Survey-weighted sociodemographic and clinical covariates. Interquartile range
denotes the interval covering the 25th to 75th percentile. Weighted frequencies
and summary statistics were calculated using the R “survey” package which
accounted for NHANES complex survey design.

Covariate Summary measure

Weighted frequency (%)
Sex
Male 49.9
Female 50.1

Race/Ethnicity
Mexican American 10.4
Other Hispanic 7.4
Non-Hispanic White 59.9
Non-Hispanic Black 12.3
Non-Hispanic Asian 6.3
Other Race/Multi-Racial 3.7

Median (interquartile range)
Age (years) 40 (29, 50)
Family income-to-poverty ratio 3.0 (1.5–5.0)
White blood cell count (1000 cells/uL) 7.1 (5.9–8.7)
C-reactive protein (mg/L) 1.7 (0.6–4.3)
Body mass index (kg/m2) 28.2 (24.2–33.0)
Serum triglycerides (mg/dL) 118 (77–187)
Serum albumin (g/dL) 4.4 (4.2–4.6)
Serum creatinine (mg/dL) 0.82 (0.69–0.95)
Systolic blood pressure (mmHg) 118 (110–127)
Diastolic blood pressure (mmHg) 72 (65–78)
Pulse rate (beats per min) 72 (66–80)
High density lipoprotein (mg/dL) 51 (41–64)
Total cholesterol (mg/dL) 188 (164–216)
Glycohemoglobin (%) 5.4 (5.1–5.7)
Urinary creatinine (mg/dL) 113 (65–184)
Allostatic load sum-score 3 (1, 4)
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sum-score in the sample. The sum-score was most strongly correlated
with CRP (r ¼ 0.523), BMI (r ¼ 0.521) and glycohemoglobin (r ¼ 0.506)
and was least correlated with creatinine (r ¼ 0.221). There was a mod-
erate correlation between a few additional biomarkers (see Supplemen-
tary Fig. 2, which provides a correlation plot of the twelve biomarkers
plus the allostatic load sum-score). Specifically, SBP and DBP had a
correlation of 0.432, BMI and CRP had a correlation of 0.403, and tri-
glycerides and HDL had a correlation of 0.387.
3.3. Item response theory

We fit a two-parameter logistic model to the twelve dichotomized
biomarkers, treating each biomarker as an “item”. We evaluated item fit
statistics and found that all items fit the 2 PL model. The item charac-
teristic curves (ICCs) are presented in Fig. 1. The steeper the ICC, the
more the biomarker is strongly related to allostatic load. The discrimi-
nation of the biomarkers varied – CRP and BMI provided the most
discrimination; while serum creatinine provided the least discrimination.
The ICC for serum creatinine is mostly flat, meaning that it does not
provide much information at any range of allostatic load burden, and
thus is not an informative biomarker for the IRT score for this sample.
Fig. 2 contains the item information curves, which similarly demon-
strates that BMI and CRP provide the most information about the allo-
static load burden, and is most informative for slightly higher than
average allostatic load burden levels. Supplementary Fig. 3 presents the
test information curve, which shows that the test provides the most in-
formation for allostatic load burden that is 1 standard deviation above
the average burden for the population, but provides less information
about very low or very high allostatic load burden levels. The distribution
of the IRT score is presented in Supplementary Fig. 4.
3.4. Relationship between allostatic load IRT (burden) score and allostatic
load sum-score

Fig. 3 shows the plot between the sum-score and IRT score formula-
tions of allostatic load. Although there is a general monotonic relation-
ship (positive correlation) between the sum-score and the IRT score, we
found that a high sum-score did not always imply a high IRT score, since
the IRT score also depended on the biomarker characteristics (e.g.,
discrimination) and the response pattern (participants may be high-risk
on different sets of biomarkers).
3.5. Association between socio-economic status and allostatic load sum-
score and IRT score

To verify our formulation of allostatic load reflects the conceptuali-
zation of allostatic load as representative of physiological weathering due
to stressful circumstances such as low SES, we assessed associations of
sum-score and IRT score with SES (family income-to-poverty ratio)
(Supplementary Table 1). SES was significantly negatively associated
with both the sum-score and the IRT score (p ¼ 0.008; p<0.001,
respectively).
3.6. Associations between allostatic load sum-score and IRT score with
depression

We then assessed adjusted associations of the sum-score and IRT score
with a depression screener, the PHQ9 (Table 2). Both the sum-score and
IRT score were significantly positively associated with PHQ9 (p<0.001
for both).

Lastly, we assessed adjusted associations of sum-score and IRT score
with impacts of depressive symptoms on daily life (Table 3). Notably,
only the IRT score was significantly positively associated with this
outcome (p ¼ 0.045), while the sum-score was not associated (p ¼ 0.20).



Fig. 1. Item characteristic curves for twelve allostatic load biomarkers in the NHANES 2015–2016 study, using a 2 parameter logistic model.

Fig. 2. Item information curves for twelve allostatic load biomarkers in the NHANES 2015–2016 study, using a 2 parameter logistic model.
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Fig. 3. Plot of the allostatic load sum-scores versus the estimated allostatic load IRT scores, for the NHANES 2015–2016 study.

Table 2
Adjusted associations of allostatic load IRT and sum-scores with depression screener (Patient Health Questionnaire, PHQ9) in the NHANES 2015–2016 study. Negative
binomial regression was used to account for excess zeros in PHQ9 scores. Models were adjusted for sex, age, race/ethnicity and SES (family income-to-poverty ratio).
The models have different sample sizes, as IRT does not require complete data on all allostatic load biomarkers in order to calculate scores, unlike the sum-score
approach.

Predictors Incidence Rate Ratios 95% CI p Incidence Rate Ratios 95% CI p

(Intercept) 4.41 3.60 – 5.41 <0.001 3.69 3.00 – 4.55 <0.001
AL IRT Score 1.19 1.12 – 1.26 <0.001
AL Sum Score 1.06 1.03 – 1.08 <0.001
Sex
Male Reference
Female 1.27 1.15 – 1.39 <0.001 1.3 1.18 – 1.44 <0.001

Age (years) 1 1.00 – 1.01 0.493 1 1.00 – 1.01 0.618
Race/Ethnicity
Non-Hispanic White Reference
Mexican American 0.69 0.60 – 0.79 <0.001 0.73 0.63 – 0.84 <0.001
Other Hispanic 0.94 0.80 – 1.09 0.409 0.99 0.84 – 1.16 0.88
Non-Hispanic Black 0.8 0.70 – 0.90 <0.001 0.82 0.72 – 0.95 0.006
Non-Hispanic Asian 0.74 0.63 – 0.86 <0.001 0.78 0.66 – 0.93 0.004

Other Race, including Multi-Racial 1.08 0.86 – 1.37 0.521 1.12 0.89 – 1.44 0.348
Family income to poverty ratio 0.86 0.84 – 0.89 <0.001 0.86 0.83 – 0.89 <0.001
Observations 2913 2581
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4. Discussion

Our study is the first to demonstrate the use of item response theory to
understand how different biomarkers provide information about latent
allostatic load burden. We demonstrate an alternative method to calcu-
late allostatic load, beyond the traditional sum-score approach, which
can account for discriminating abilities of individual biomarkers. Our
findings suggest that BMI and CRP (or related immune measures) should
be included in calculations of allostatic load. Additionally, CRP and BMI
are often positively correlated [34–36], as was found in the current study.
Further, our findings provide evidence that an alternative way of calcu-
lating allostatic may provide more variability in the allostatic load scores
5

than the traditional sum-score approach. This can help tease out addi-
tional effects not seen using sum-scores if allostatic load is used as a
predictor, mediator or outcome.

In order to verify these formulations of allostatic load, we first
compared associations with SES, and found that both higher sum-score
and IRT score formulations of allostatic load were significantly related
to lower SES. Further, in line with existing research [37,38], both for-
mulations of allostatic load were significantly positively associated with
depressive symptoms, but only the IRT score was also significantly
associated with the impact of depressive symptoms on daily life. This
suggests that the IRT score may be more finely tuned to tease out effects.
This may also be due to the fact that by using the IRT score, we are able to



Table 3
Adjusted associations of allostatic load IRT and sum-scores with impact of depressive symptoms on daily life in the NHANES 2015–2016 study. Impact of depressive
symptoms on daily life was measured by the question, “How difficult have these problems [PHQ9] made it for you to do your work, take care of things at home, or get
along with people?” The response was coded as binary (not difficult at all or somewhat difficult vs. very or extremely difficult). We used logistic regression adjusted for
age, sex, race/ethnicity and family income-to-poverty ratio. The models have different sample sizes, as IRT does not require complete data on all allostatic load bio-
markers in order to calculate scores, unlike the sum-score approach.

Predictors Odds Ratios 95% CI p Odds Ratios 95% CI p

Intercept 0.08 0.03–0.21 <0.001 0.05 0.02–0.15 <0.001
AL IRT score 1.33 1.01–1.75 0.045
AL Sum score 1.07 0.96–1.19 0.204
Sex
Male Reference
Female 1.28 0.83–1.99 0.267 1.16 0.72–1.86 0.544

Age (years) 1.02 1.00–1.04 0.041 1.02 1.00–1.04 0.047
Race/Ethnicity
Non-Hispanic White Reference
Mexican American 0.16 0.06–0.37 <0.001 0.18 0.06–0.43 <0.001
Other Hispanic 0.68 0.35–1.26 0.24 0.84 0.41–1.60 0.606
Non-Hispanic Black 0.46 0.25–0.81 0.008 0.56 0.29–1.04 0.075
Non-Hispanic Asian 0.51 0.20–1.11 0.114 0.56 0.21–1.28 0.202

Other Race, including Multi-Racial 0.68 0.23–1.66 0.438 0.72 0.21–1.90 0.546
Family income-to-poverty ratio 0.58 0.48–0.68 <0.001 0.6 0.50–0.72 <0.001

Observations 2066 1849
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include more participants in the analysis. Unlike the sum-score, the IRT
score calculation does not require that every participant have every
biomarker measured. Thus, we are better able to make use of missing
data common to the field of psychoneuroendocrinology.

In this analysis, we build upon previous work using factor analytic
approaches to explore the factor structure of allostatic load [17]. Previ-
ous factor analytic approaches have largely focused on determining the
number of factors that comprise allostatic load, confirming
uni-dimensionality or multi-dimensionality, and to a lesser extent focus
on scoring allostatic load. In this paper, we use an IRT model to score
allostatic load and determine which biomarkers provide more informa-
tion. We treat each biomarker as dichotomous (high vs. low risk) in order
to make comparisons with the traditional count-based calculation of
allostatic load which involves a sum-score of high-risk biomarkers.
Confirmatory factor analysis using dichotomous variables is asymptoti-
cally equivalent to the two-parameter logistic model, and both models
can be considered as item factor analysis (Wirth and Edwards, 2007,
Psychological Methods). However, the focus of the two methods are
different – IRT focuses on scoring, which is of importance here and the
broader discussion regarding allostatic load measurement.

It should be recognized that other investigations of allostatic load
calculations have been conducted and not all allostatic load studies treat
each biomarker independently. For example, across 23 biomarkers from
the Midlife in the United States (MIDUS), a sum can be calculated such
that each physiological system is represented with equal weight, though
the number of biomarkers per system may not be equal [1]. Further,
recent work on factor analysis has demonstrated that allostatic load
biomarkers load onto a general allostatic load component, and within
their respective physiological systems, indicating that there is common
and unique variance among systems [17]. It is important to note, how-
ever, that the current analysis is limited to the number of biomarkers
provided by NHANES sampling. As such, we encourage others to repli-
cate our approach using other databases (e.g., MIDUS) with additional
biomarkers.

Due to mathematical properties of the sum-score, the greater the
number of biomarkers measured, the more stable the measure. However,
measuring a large set of biomarkers is often infeasible, due to increased
costs and participant burden. A key advantage of IRT methods is that we
only need to calibrate the allostatic load scale once, and these “items”
(biomarkers) can be used in future analyses to calculate an underlying
allostatic load measure for a participant using the item parameter esti-
mates, even if only a subset of biomarkers are measured, which can be
used to advance reproducible research on allostatic load. However, the
6

accuracy of a score calculated with just a small number of biomarkers
may be poor. Further, this does not account for lab or instrument dif-
ferences for biomarker measures. In addition, important sex, age, and
race/ethnic variations in biomarkers may need to be considered as we
move towards applying population norms when calculating allostatic
load.

In future work, IRT may also provide a way to harmonize allostatic
load scores across cohorts. Cohorts may measure slightly different sets of
allostatic load biomarkers, with a common set of overlapping ones. Using
IRT, we can standardize allostatic load scales across studies, using the
overlapping biomarkers as anchors, so that the allostatic load score can
be compared, even if the studies did not measure exactly the same set of
biomarkers. IRT has been used in data harmonization, such as harmo-
nizing measures of cognitive aging across international surveys [39], and
harmonizing measures of general health functioning [40].

In this paper, we follow theoretical and methodological work that
represents allostatic load as an uni-dimensional construct. Commonly
used methods of calculating allostatic load scores, such the sum-score, or
average biomarker z-scores, implicitly assumes that allostatic load is uni-
dimensional [6,20,41]. In the interests of refining alternative measure-
ment, our goal here was to evaluate this common sum-score approach.
However, further work is needed to assess whether a multi-dimensional
item response theory model better fits the data. There is potential to fit a
three-dimensional IRT model (for immune, metabolic and cardiovascular
physiological systems). Recent work [42] suggests that for dichotomous
items, the estimated theta (allostatic load burden) scores are unbiased by
violations of uni-dimensionality, that the item parameters are robust
against uni-dimensionality, suggesting that practically our approach is
valid even when uni-dimensionality assumptions are violated.

As stated above, we were limited by the NHANES biomarkers as we
did not have the recommended three indicators for each factor (immune
only has two biomarkers). Also, we did not represent neuroendocrine
parameters like the HPA-axis that are central to allostatic load theory
[43]. Interpretation of a multi-dimensional IRT (e.g., neuroendocrine,
immune, metabolic, cardiovascular) is more complex analytically.
However, multi-dimensional IRT may be helpful when we have a larger
set of allostatic load biomarkers, with imbalance in the number of bio-
markers per physiological system. Using multi-dimensional IRT would
allow us to calculate a subscore for each physiological system, and an
overall allostatic load score.

In future work, we aim to expand our IRT approach to categorical
(ordinal) data, using models such as graded response models. This allows
for quantiles of each allostatic load biomarker rather than a binary
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measure, which will address the fact that there may not be a single
threshold, but instead a gradation of risk, and this could be more
reflective of subclinical risk.

4.1. Limitations

Our study had limitations. NHANES is a cross-sectional study,
meaning we were unable to assess temporality of the allostatic load time
course. We did not use more than one cycle of NHANES because one
allostatic load biomarker, high sensitivity CRP, was only measured in this
cycle, and we felt it was important to include it because we only had two
immune biomarkers. NHANES is also limited in the number of allostatic
load biomarkers collected. While we included the ones that are most
commonly used in NHANES analyses of allostatic load [3,44], it is
possible that other cohort studies may have additional measures not
studied here, and the inclusion of those biomarkers in an IRT model may
cause the discrimination power of the biomarkers to change. However,
the use of NHANES data is a strength because we were able to calculate
survey-weighted cutoffs for high-risk for each biomarker. This allows us
to use cutoffs that are generalizable to the United States population,
unlike other cohort studies of allostatic load in which sample-based
cutoffs are used and thus findings are dependent on the sample charac-
teristics. In future work, using clinical cutoffs as previously proposed [4,
45] can also be explored; however, this can be limited by differences in
assay, machines and laboratory standards.

In future work, we will also evaluate whether it is conceptually valid
to use the same scoring for all participants, or if different biomarker
cutoffs should be used for different groups, to reflect physiological dif-
ferences due to age, sex, race/ethnicity and comorbidity status. This may
also be addressed by evaluating differential item functioning (DIF) of
each biomarker [46,47]. If a biomarker exhibits DIF, this implies that
given the same level of allostatic load burden, one group is more likely to
score high-risk for that biomarker than another group, which suggests
that different cutoffs may need to be used for different groups. This will
help us define how to make an allostatic index that incorporates a bal-
ance of informative biomarkers across all race/ethnicity groups. More
work is needed to study alternative methods of calculating allostatic load
scores which can account for discriminating abilities of individual bio-
markers, explore if different cutoffs are needed for different demographic
groups, as well as assessing how these indicators function for different
race/ethnicity groups.

We did not address medications in the calculation of allostatic load.
While prescription medication information is available in NHANES via
self-report [48] (2020), we do not know whether all participants elected
to disclose their medications list or whether there is nonresponse bias.
Further, many medications, including anti-hypertensives and statins, can
affect biomarker levels; thus, it is difficult to ascertain which medications
we should adjust for. As the focus of this paper is to demonstrate feasi-
bility of the IRT method, we did not adjust for medications here or use it
as exclusion criteria. Future work is needed to assess this IRT method in
cohorts with a broader range of biomarkers and physician verified
medications list.

4.2. Conclusion

In this methodological paper, we have demonstrated that IRT is able
to provide additional insight into the allostatic load construct beyond
that provided by the standard sum-score metric. An IRT-based approach
is able to capture more variability in the allostatic load construct, as the
IRT score can account for the patterns of item responses and the
discriminating power of each biomarker. Because an IRT approach to
calculating allostatic load appears to provide more variability in the
allostatic load index than the traditional sum-score approach, this
approachmay be especially helpful in study designs that seek to delineate
additional effects not seen using sum-scores if allostatic load is used as a
predictor, mediator or outcome. Lastly, we have included a tutorial and R
7

code in the SupplementaryMaterials so that researchers can calculate IRT
scores in their own datasets.
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