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Abstract

Neurodegenerative diseases pose increasing challenges to global aging populations. Cognitive decline in older adults is an initial in-
dicator of neurodegenerative diseases, yet comprehensive research on environmental chemical exposures related to cognitive de-
cline is limited. This study uses Exposome-Wide Association Study (EXWAS) framework to investigate associations of environmental
chemicals with cognitive function in individuals aged >60years. We used the Digit Symbol Substitution Test (DSST) scores and
chemical biomarker data of the US National Health and Nutrition Examination Survey (NHANES) spanning four cycles (1999-2000,
2001-2002, 2011-2012, 2013-2014). We conducted multiple survey-weighted regression to identify biomarkers associated with DSST
scores, Bayesian weighted quantile sum regression to estimate odds ratio (OR) of cognitive decline from multiple exposures to the
identified biomarkers, and correlation network analyses to examine relationships among possible important biomarkers and cogni-
tive decline. After correction for multiple comparisons, among 229 biomarkers having a >10% detection rate, 40 were associated with
DSST scores (q-value <0.05). When assessing the effects of chemical mixtures on cognitive decline, no association between mixtures
of chemicals and DSST scores was observed. Correlation network showed that cognitive decline is directly related with age and edu-
cation level and identified that thiocyanate, m-/p-xylene, triclosan, benzophenone-3 and diphenyl phosphate were weakly related to
cognitive function. In conclusion, leveraging the ExXWAS framework enables us to identify chemical biomarkers that were not previ-
ously discovered from traditional approaches of examining a small number of chemicals at a time. While our findings provide foun-
dation for further research, longitudinal studies are warranted to elucidate causal relationships.

Key words: chemical exposure; cognitive function; Exposome-Wide Association Study (ExWAS); National Health and Nutrition
Examination Survey (NHANES); older adults.

processes.**? Conversely, mild or precipitous declines in cogni-
tive function can lead to pathological processes underlying
Alzheimer's disease and related dementias.'™*?® Thus, early de-
tection of changes in cognitive function, such as mild cognitive
impairment, enables timely diagnosis and treatment of neurode-
generative diseases, potentially delaying disease progression.****

The risk of cognitive decline generally increases due to a com-
bination of genetic and non-genetic factors. Age and genetic fac-
tors, including family history and susceptibility genes such as the
apolipoprotein E ¢4 allele, are the most significant contributors to
cognitive decline.**'® Other well-known non-genetic risk factors
include comorbidities (hypertension, diabetes, and stroke), un-
healthy diet, physical inactivity, smoking, and alcohol consump-

Introduction

Increasing incidence of neurodegenerative diseases poses a
prominent challenge in societies experiencing global population
aging.! In the United States alone, more than 6.2 million people
were affected by neurodegenerative diseases in 2022, including
Alzheimer’s disease.? These diseases accounted for approxi-
mately 300,000 deaths and 3 million disability-adjusted life years
(DALYs) during 1990-2016.>° The prevalence of clinical
Alzheimer’s disease among adults aged 65 years and older is pro-
jected to increase from 7.2 million in 2025 to 13.9 million in
2060.° In 2021, the United States incurred an annual cost of over
$355 billion due to Alzheimer’s disease and related dementias,
and this societal burden is expected to increase due to the in-

creased health care cost.” Consequently, there is growing atten-
tion towards the identification of risk factors and treatment
development for neurodegenerative diseases.®
Neurodegenerative diseases are characterized by the progres-
sive loss of neurons, leading to deterioration in both the structure
and function of neural networks.’ This deterioration ultimately
leads to impaired cognitive function.™'° Gradual cognitive de-
cline in old age is typically limited to subtle declines that evolve
slowly over the years, attributed to normative developmental

tion.'”"*® These risk factors could influence the susceptibility of
individual’s cognitive function (eg, disease onset, timing, and se-
verity) by interacting with genetic factors.'®*%?° Therefore, iden-
tifying and understanding modifiable risk factors of cognitive
decline could be a proactive approach to promoting cogni-
tive health./»?*

Several studies have assessed associations between exposures
to environmental chemicals and cognitive decline in specific pop-
ulations. For example, exposures to metals, typically manganese
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(Mn),???* cadmium (Cd),***’ lead (Pb),?>?” barium (Ba),** cobalt
(Co),** cesium (Cs),* and thallium (TI)** were reported to in-
crease the risk of low cognitive performance. In addition, higher
urinary 3-phenoxybenzoic acid concentrations in adults were as-
sociated with cognitive dysfunction®® and it was observed that
butyl benzyl phthalate is a potential cognitive-disrupting com-
pound.”® However, previous studies examined exposure to a
small number of chemicals or compounds individually in associ-
ation with cognitive function. In addition, they are neither sys-
tematic nor comprehensive.

Exposome-Wide Association Studies (ExWAS), derived from
Genome-Wide Association Studies (GWAS), are a useful approach
for systematically and comprehensively evaluating associations
between hundreds of environmental factors and health out-
comes.’® While GWAS aim to identify genetic factors associated
with diseases of interest, EXWAS can focus on assessing environ-
mental factors. The EXWAS approach consists of two steps: (1)
screening chemical biomarkers by computing an individual asso-
ciation between each biomarker and the health outcome while
controlling for type I error; and (2) examining the screened bio-
markers using advanced techniques that account for multiple
exposures and incorporate dimension reduction methods.*® Over
the past decade, several EXWAS studies have been conducted to
elucidate the relationship between environmental chemical
exposures and health outcomes.?! Frequently studied health out-
comes were type 2 diabetes,®®**33 obesity,* and blood pres-
sure.®?® Other outcomes included liver enzymes,®” mental and
social well-being,?® testosterone deficiency, and multiple scle-
rosis.*® However, no studies have simultaneously and compre-
hensively examined environmental chemical exposures
associated with cognitive decline in older adults (Table S1).

This study aims to identify environmental chemical bio-
markers associated with cognitive decline in US older adults by
using the EXWAS approach and the National Health and
Nutrition Examination Survey (NHANES) data. First, to screen
chemicals or their biomarkers, we examined a single association
for each biomarker and identified those that were statistically
significant after controlling for multiple comparisons. Second,
we evaluated the effects of multiple exposures to those identified
biomarkers on cognitive decline. Finally, we extracted a correla-
tion network structure to explore potential pathways between
chemical exposures and cognitive decline and further assessed
the potential mediating effect of other modifiable factors.

Methods
Study population
NHANES is conducted every two years in the United States by the
Centers for Disease Control and Prevention (CDC) and the
National Centers for Health Statistics (NCHS). This is a cross-
sectional survey designed to assess the health and nutritional
status of both adults and children. To obtain a representative
sample of the US population, complex, multi-stage, and probabil-
ity sampling techniques are used. NHANES data are publicly
available (https://www.cdc.gov/nchs/nhanes) and include indi-
vidual questionnaires, physical examinations, and laboratory
tests. More details on the design and methods of the NHANES
data are available elsewhere.*’ The Institutional Review Board
(IRB) of Baylor University has approved this study protocol (IRB
No. 2242267).

Our study combined data from four cross-sectional surveys
conducted in 1999-2000, 2000-2001, 2011-2012, and 2013-2014,
because only these cycles included assessments for cognitive

function. Targeting older adults (age >60years), our analysis
consisted of 4,970 individuals after excluding those with missing
cognitive function data (n=34946) and those with abnormal uri-
nary creatinine levels (<30 or >300mg/dL), recommended by the
World Health Organization (WHO) for urinary dilution adjust-
ment*? (n=1019) (Figure 1).

Cognitive function assessment

In NHANES, the Digit Symbol Substitution Test (DSST), a sub-
scale of the Wechsler Adult Intelligence Scale, was utilized to
evaluate primary cognitive processing speed, attention, and
working memory.*® Its application aids in determining the pres-
ence of cognitive dysfunction across various stages, including
preclinical, prodromal, and dementia phases.***> Administered
in a paper-and-pencil format, this cognitive test requires individ-
uals to match symbols to corresponding numbers based on a pro-
vided key.*® The score is the total number of correct matches
within 90 to 120s, with lower scores indicating diminished cogni-
tive function.® Since 1999, NHANES has administered this test in
participants aged 60years and older. This test occurs during
face-to-face interviews at the Mobile Examination Center (MEC)
by trained interviewers. Participants have the option to select
from English, Spanish, Korean, Vietnamese, or Chinese. In this
study, we used DSST z-scores when screening chemical bio-
markers related to cognitive function and DSST raw scores below
the 25th percentile when defining as cognitive decline, as used by
NCHS reports*” and other previous studies.***

Measurement of environmental chemical
biomarkers

In NHANES, environmental chemical biomarker data were col-
lected from the blood and urine samples of randomly selected
participants within specific age groups in a one-third sample.
Biospecimen collection at the MEC included collecting, process-
ing, storing, and shipping of blood, urine, and other specimen
types. Each MEC was equipped with a laboratory that included a
bio-hood, complete blood count, differential analyzer, two centri-
fuges, refrigerators, and freezers. Quality assurance and quality
control (QA/QC) measures were enforced through both internal
and external surveillance. QA/QC procedures were performed at
the MEC, as well as in contracted and CDC laboratories. The
NHANES website offers detailed laboratory measurement meth-
ods and QC procedures. We have briefly summarized the chemi-
cal assay methods in Table S2. More detailed information is in
the NHANES website (https://wwwn.cdc.gov/nchs/nhanes/).
Because detailed biological sample collection methods from
NHANES participants vary by cycle,®*** we used a harmonized
and unified version of the NHANES chemical biomonitoring
data.®* A total of 392 environmental chemical biomarkers were
examined across the four cycles. These chemicals could be
grouped as follows: acrylamide (n=2), aldehydes (n=12), aro-
matic amines (n=18), bisphenols (n=3), formaldehyde (n=1),
polychlorinated dibenzo-p-dioxins (PCDD) (n=14), polychlori-
nated dibenzofurans (PCDF) (n=20), metals (n=33), per- and pol-
yfluoroalkyl substances (PFAS) (n=16), personal care &
consumer product compounds (PCCPCs) (n=5), pesticides
(n="54), phosphate flame retardants (n= 10), phthalates & plasti-
cizers (n=18), polycyclic aromatic hydrocarbons (PAHs) (n=10),
polychlorinated biphenyls (PCBs) (n=69), phytoestrogens (n=56),
parabens (n=4), smoking-related compounds (SRCs) (n=15), and
volatile organic compounds (VOCs) (n = 82). Detailed information,
including the number of observations, detection rate, and lower
limit of detection (LLOD) value, is given in Table S3 of
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Figure 1. The process of data integration, non-targeted screening, and extended analysis. Data from four cycles of the National Health and Nutrition
Examination Survey (NHANES) were used in this study. Final study subjects and environmental factors included in this study were selected based on
specified inclusion and exclusion criteria. Abbreviation: Env. fac = environmental factor.

Supplementary Information. In NHANES, all chemical biomarker
concentrations below the LLOD were replaced with the LLOD/,2.
The distribution of each biomarker concentration is provided in
Table S4.

Covariates

We selected 13 covariates which are potential confounding or
risk factors for cognitive decline identified in previous studies: cy-
cle (1999-2000, 2001-2002, 2011-2012 and 2013-2014), sex (male
and female), age group (60-64, 65-69, 70-74, 75-79, and
>80years), race/ethnicity (non-Hispanic white, non-Hispanic
black, Mexican American/Hispanic, and others), family income
relative to poverty (a ratio <1 indicates income is below the pov-
erty level, and ratio >1 indicates income exceeds the poverty
level), marital status (married or living with partner, never mar-
ried, divorced or separated, and widowed), education level (<high
school, high school, and >high school), body mass index (<25,
25-<30, 30-<40, and >40kg/m?),>> cotinine level as a proxy of
smoking status (<3 and >3ng/mL),>° alcohol consumption (non-
drinker and drinker), and three different health conditions (hy-
pertension, diabetes, and stroke). Alcohol consumption and
health conditions were ascertained by self-reported question-
naires (variable name in NHANES): “Had at least 12 alcohol

drinks/lifetime? (ALQ110)", “Ever told you had high blood pres-
sure? (BPQ020)", “Ever told you have diabetes? (DIQ010)” and
“Ever told you had a stroke? (MCQ160f)”.

Statistical analysis

Descriptive statistics of participant characteristics were summa-
rized using mean +standard deviation (SD), number of cases (n),
and percentage (%). The differences in demographic were com-
pared using the chi-squared test. The differences in DSST scores
among each covariate were compared using t-tests and ANOVA.
A cognitive decline group (ie, participants with the lowest 25th
percentile DSST scores) and a normal group (ie, the rest as a ref-
erence) were compared using the chi-squared test. All analyses
were performed using R version 4.3.1 (R Core Team, https://www.
R-project.org/). The critical level of significance was set
ata=0.05.

Screening environmental chemical biomarkers related to
cognitive function scores

To screen hundreds of chemical biomarkers associated with
lower DSST z-scores, we performed an ExWAS non-targeted
screening approach to identify biomarkers significantly associ-
ated with cognitive function. This approach addresses a
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limitation of NHANES data, where the sparsity of the data makes
it impossible to form a complete data with measurements for all
chemical biomarkers for every participant. In this step, we used
complete-cases data (ie, data without missing values) for each
chemical with a detection rate of >10%. All concentrations were
log10-transformed to control a right-skewed distribution and z-
standardized. Our study participant characteristics differ across
cycles (Table S5) because the NHANES data are collected bienni-
ally from different subjects in each cycle. The biospecimen
assays were conducted based on the characteristics of the sub-
jects in each cycle. To account for the variations in sample size
across cycles, we explored the association between each bio-
marker and DSST z-scores using multiple survey-weighted re-
gression adjusted for all covariates. To account for the complex
survey design, we calculated combining weights using
WTMEC2YR, following the NHANES guidelines.”” P-values were
corrected using the false discovery rate (FDR, g-value) (Figure 1).
We used an R package survey” to apply survey regression.

Associations between mixtures of identified biomarkers
and cognitive decline

After identifying chemical biomarkers associated with DSST z-
scores from the first step (q-value <0.05), we examined associa-
tions of chemical mixtures by including the identified chemical
biomarkers with a detection rate of >50% with cognitive decline.
We defined participants with cognitive decline as those with
DSST scores of less than or equal to 26.75 in 1999-2000, 31.00 in
2001-2002, and 33.00 in 2011-2014. We imputed the significant
chemical biomarkers identified in our EXWAS analysis because
no participants had measurements for all of these biomarkers,
making it not feasible to form a complete dataset. To impute the
missing value of chemical biomarkers, we employed a multivari-
ate imputation by chained equations (MICE) technique assuming
‘missing-at-random (MAR)’ to create 10 imputed datasets.”® We
did not impute values below the LLOD because we consider them
as undetectable measurements rather than truly missing. To re-
duce imputation bias due to temporal trends in chemical bio-
marker concentrations, we generated imputed data separately
for each of the 1999-2002 and 2011-2014 cycles. Then, we applied
Bayesian weighted quantile sum (BWQS) regression, adjusted for
covariates, to estimate the overall effect () of an exposure mix-
ture and the relative importance of its individual components
(weights).>*®® BWQS regression employs a Bayesian approach
that ensures flexible convergence and allows identifying both
positive and negative summed effects without prior restric-
tions.*>® To identify possible important biomarkers in a mix-
ture, we set a cutoff based on the inverse of the number of
components in the mixture.®* We pooled the results from the 10
imputed datasets to estimate the pooled odds ratio (OR), 95%
credible intervals (CI), and pooled weights of cognitive decline as-
sociated with the biomarker mixture. Pooled estimates from the
ten imputed datasets were calculated using Rubin’s formu-
las.®>%® We used R packages “BWQS” for BWQS regression and
“miwQS” for pooling.

Interactive impact of chemical biomarkers and selected
covariates on cognitive decline

To uncover the interactive impact of identified chemical bio-
markers and the selected covariates on cognitive decline, we uti-
lized Gaussian Graphical Models (GGMs) with the desparsified
Lasso to derive a partial correlation network structure encom-
passing the possible important chemical biomarkers, cognitive
decline, and all covariates for each of the two combined cycles

(1999-2002 and 2011-2014).°* We applied the survey weights
when fitting Lasso regression.®® Significant p-values were ad-
justed using the Holm-Bonferroni method. Pooled correlations
from the ten imputed datasets were calculated using Rubin’s for-
mulas.®*%* We selected non-chemical factors exhibiting statisti-
cally significant correlation coefficients with cognitive decline.
Finally, we conducted stratified analyses on each category of the
non-chemical factors using BWQS regression adjusted for other
covariates. We used R packages “inet” and “glmnet” to extract the
correlation network.

Results
Characteristics of study participants

Overall, 4970 participants were included in this study, with 1305
participants classified as the cognitive decline group. Significant
differences in DSST z-scores were observed across all covariates
(Table 1). Men had lower DSST z-scores than women, and
Mexican Americans/Hispanics or widowed individuals had the
lowest z-scores. DSST z-scores tended to decrease with increas-
ing age or lower education levels, while they tended to increase
as cycles progressed. Smokers scored lower than non-smokers,
whereas participants who consumed alcohol scored higher than
those who never drank alcohol. No trend was observed with
changes in BMI. The differences in participant characteristics
across the four selected cycles are provided in Table S5.

Identified chemical biomarkers related to
cognitive function test scores

Out of 392 environmental chemical biomarkers examined across
all four NHANES cycles, we only evaluated 229 biomarkers with a
detection rate of >10% (Figure 1). These 229 chemical bio-
markers were measured in participants with different sample
size across the four cycles, ranging from 297 to 4701 (Table S6).
Based on the power calculation results of the general linear
model which considered all covariates (k=13) and alpha of
0.05,°%%” we achieved at 80% power to detect effect size of greater
than 0.01, which is an average effect size of all biomarkers from
power calculations, using the aforementioned sample size (Table
S6). We are well-powered to include these chemical biomarkers
in our study. Therefore, we included all 229 biomarkers in our
study. Among the 229 chemicals, 40 were associated with DSST
z-scores (q-value <0.05). These included VOCs (n=8), PCBs (n=38),
pesticides (n=6), metals (n=5), PCCPCs (n=2), aldehydes (n=2),
phthalates (n=2), and one each of PAHs, PCDD, PFAS, parabens,
phytoestrogen, flame retardants, and SRCs (Figure 2). Metals, ex-
cept for one biomarker, PAHs, PCBs, phthalates, PCDD, pesticides,
and PFAS decreased DSST z-scores. In contrast, aldehydes, flame
retardants, parabens, PCCPCs, phytoestrogen, VOCs, except for
two biomarkers, and SRCs increased the scores (Table S6). For ex-
ample, per 1 standard deviation increase in logl0-transformed
blood Pb level, DSST z-scores decreased by 0.07.

Associations between mixtures of identified
biomarkers and cognitive decline

Among 40 biomarkers that were associated with DSST z-scores
(g-value <0.05), we restricted our analysis to biomarkers that had
a detection rate of >50% in both cycles within the two combined
cycles (1999-2002 and 2011-2014), resulting in 13 and 14 bio-
markers in 1999-2002 and 2011-2014 data, respectively. Based on
the inverse of the number of components in the mixture, cutoff
values for screening potential important biomarkers were 0.077
for 1999-2002 and 0.071 for 2011-2014, respectively. From 1999-


https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data
https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data
https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data
https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data
https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data
https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf001#supplementary-data

Exposome, 2025, Vol.5,No.1 | 5

Table 1. Characteristics of the National Health and Nutrition Examination Survey (NHANES) study participants (1999-2000, 2001-2002,
2011-2012, and 2013-2014) included in this study (total =4970).

Digit symbol substitution Cognitive decline® P-value®
test (DSST) scores
Cognitive Cognitive
normality decline
(n=3665) (n=1305)
n (%) Mean + SD P-value® n (%) n (%)
Sex <.001 <.001
Male 2545 (51.2) 416+17.2 1805 (49.2) 740 (56.7)
Female 2425 (48.8)  45.6+18.7 1860 (50.8) 565 (43.3)
Age (years) <.001 <.001
60-64 1441 (29.0) 495+187 1177 (32.1) 264 (20.2)
65-69 1070 (21.5)  45.0+18.0 814 (22.2) 256 (19.6)
70-74 946 (19.0) 429+17.1 705 (19.2) 241 (18.5)
75-79 605 (12.2) 38.9+16.3 409 (11.2) 196 (15.0)
Over 80 908 (18.3)  36.2+154 560 (15.3) 348 (26.7)
Cycle <.001 .619
1999-2000 1104 (22.2) 39.7+19.1 828 (22.6) 276 (21.1)
2001-2002 1230 (24.7) 432+17.9 901 (24.6) 329 (25.2)
2011-2012 1251 (25.2) 451+17.7 910 (24.8) 341 (26.1)
2013-2014 1385 (27.9) 456+17.1 1026 (28.0) 359 (27.5)
Body mass index (BMI, kg/m?) <.001 <.001
Underweight or normal (BMI <25) 1293 (26.0) 435+18.4 946 (25.8) 347 (26.6)
Overweight (25<BMI < 30) 1847 (37.2)  43.6+17.9 1377 (37.6) 470 (36.0)
Obesity (30<BMI < 40) 1456 (29.3) 443£17.9 1093 (29.8) 363 (27.8)
Severe obesity (BMI > 40) 233 (4.7) 447 +17.4 179 (4.9) 54 (4.1)
Unknown 141 (2.8) 33.5+16.1 70 (1.9) 71 (5.4)
Race/ethnicity <.001 <.001
Non-Hispanic white 2626 (52.8) 48.5+16.8 2212 (60.4) 414 (31.7)
Non-Hispanic black 986 (19.8) 37.3+16.8 599 (16.3) 387 (29.7)
Mexican American/Hispanic 1062 (21.4) 35.7+17.7 609 (16.6) 453 (34.7)
Others 296 (6.0)  48.8+17.8 245 (6.7) 51 (3.9)
Family income to poverty (%) <.001 <.001
Ratio <1 725 (14.6) 32.5+17.0 353 (9.6) 372 (28.5)
Ratio >1 3737 (75.2)  45.8=17.3 2952 (80.5) 785 (60.2)
Unknown 508 (10.2) 42.7+19.0 360 (9.8) 148 (11.3)
Marital status <.001 <.001
Married or living with partner 2951 (59.4) 458+17.9 2294 (62.6) 657 (50.3)
Never married 203 (4.1) 432+18.7 142 (3.9) 61(4.7)
Divorced or separated 681 (13.7) 43.1+18.1 487 (13.3) 194 (14.9)
Widowed 1026 (20.6)  383+17.1 664 (18.1) 362 (27.7)
Unknown 109 (2.2) 37.0+18.2 78 (2.1) 31(2.4)
Education level <.001 <.001
<High school 1607 (32.3) 30.9+15.3 766 (20.9) 841 (64.4)
High school 1173 (23.6) 448+15.9 921 (25.1) 252 (19.3)
>High school 2182 (43.9) 523+15.4 1975 (53.9) 207 (15.9)
Unknown 8(0.2) 29.4+1856 3(0.1) 5(0.4)
Cotinine level as a proxy of smoking status (ng/mL) <.001 <.001
Low (<3) 3912 (78.7)  44.5+18.1 2964 (80.9) 948 (72.6)
High (>3) 789 (15.9) 403£17.5 526 (14.4) 263 (20.2)
Unknown 269 (5.4)  38.9+176 175 (4.8) 9% (7.2)
Alcohol consumption <.001 <.001
Non-drinker 797 (16.0) 39.5+17.7 526 (14.4) 271 (20.8)
Drinker 877 (17.6) 423+17.8 645 (17.6) 232 (17.8)
Unknown 3296 (66.3)  44.9+18.0 2494 (68.0) 802 (61.5)
Health conditions
Ever told you had high blood pressure <.001 .009
No 2129 (42.8) 452+18.4 1637 (44.7) 492 (37.7)
Yes 2833 (57.0) 423+17.6 2022 (55.2) 811 (62.1)
Unknown 8(0.2) 43.6+25.2 6(0.2) 2(0.2)
Ever told you have diabetes <.001 <.001
No 3779 (76.0) 447+1823 2875 (78.4) 904 (69.3)
Yes 1007 (20.3) 38.9+17.0 654 (17.8) 353 (27.0)
Unknown 184 (3.7) 449+15.6 136 (3.7) 48 (3.7)
Ever told you had a stroke <.001 <.001
No 4630(93.2)  44.2+18.0 3476 (94.8) 1154 (38.4)
Yes 330 (6.6) 342+16.4 181(4.9) 149 (11.4)
Unknown 10 (0.2) 446+13.9 8(0.2) 2(0.2)

#Cognitive decline was defined as less than the 25th percentile of Digit Symbol Substitution Test (DSST) raw scores.
Pp_value was estimated using t-test or ANOVA.
°P-value was estimated using the Chi-square test.
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Figure 2. Volcano plot of environmental factors (chemical biomarkers) associated with the Digit Symbol Substitution Test (DSST) z-scores. Significant
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polyfluoroalkyl substances, SRCs = smoking-related compounds, VOCs = volatile organic compounds.

2002, we did not observe the overall effects of chemical expo-
sures on cognitive decline (OR=1.73, 95% CI, 0.40-7.45). Among
the included biomarkers, urinary Pb (weight=0.15), beta-
hexachlorocyclohexane (beta-HCH, weight=0.09), heptachlor
epoxide (weight=0.08), and p, p’-dichlorodiphenyltrichloro-
ethane (p, p’-DDT, weight=0.23) had weights greater than a cut-
off value. As possible important biomarkers, these are major
drivers of cognitive decline in the mixtures. In contrast, we ob-
served significant overall effects of chemical exposures on
cognitive decline in the 2011-2014 data, and the effect was
opposite to the 1999-2002 data (OR=0.31, 95% CI, 0.12-0.81).
We observed that m/p-xylene (weight=0.11), thiocyanate
(weight=0.16), triclosan (TCS, weight=0.10), benzophenone-3
(BP-3, weight=0.19), and diphenyl phosphate (DPP, weight =0.19)
had weights greater than a cutoff value, identifying them as po-
tentially important biomarkers (Figure 3).

Interactive impact of chemical exposures and
health conditions on cognitive decline

Based on the partial correlation network structure newly created
in the current study, cognitive decline was associated with non-
modifiable risk factors and modifiable factors (refer to legend in
Figure 4). In 1999-2002, cognitive decline (defined as DSST raw
scores below the 25th percentile) had a positive correlation with
older participants (p =0.87 for aged >80years old) and a negative
correlation with higher education level (p=-0.43 for at least high
school degree and —0.32 for more than high school degree),
though none was statistically significant. Chemical exposures
seemed to have indirect relationships with cognitive decline.

When conducting a stratified analysis by age group, higher expo-
sure to a mixture was associated with higher odds of cognitive
decline in the group aged over 80years (OR=2.16, 95% CI, 1.38-
3.39) (Table 2). Similarly, in 2011-2014, cognitive decline had a
positive correlation with older participants (p=0.88) and a nega-
tive correlation with higher education level (p=-0.60 for at least
high school degree and —0.32 for more than high school degree).
However, cognitive decline had also negative correlations with
DPP (p=-0.17) and thiocyanate (p=-0.11), though none was sta-
tistically significant. When conducting a stratified analysis by
age group, exposure to a mixture was not associated with cogni-
tive decline in any age group.

Discussion

To the best of our knowledge, this study is the first to compre-
hensively and systematically investigate the association between
environmental chemical exposures and cognitive decline, and to
assess their mixture impact. By using the ExXWAS approach and
the NHANES data, we screened 229 environmental chemical bio-
markers and identified those potentially related to cognitive de-
cline. Additionally, we estimated the odds of having cognitive
decline from the identified biomarkers to examine mixture
effects and investigated previously undiscovered pathways link-
ing chemical biomarkers to cognitive decline by extracting a cor-
relation network structure. This allowed us to understand that
cognitive decline can be worsened with increased chemical expo-
sures among those with known risk factors of cognitive decline.
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percentile DSST scores. Estimates were estimated using Bayesian weighted quantile sum regression. All biomarker concentrations were log10-
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Among 229 chemical biomarkers investigated in this study,
we observed that 40 biomarkers were associated with DSST
z-scores. Most of them were metals, pesticides, PCBs, and VOCs.
Metals, PCBs, and pesticides, which are known to have neurotox-
icity®®’° and are characterized by persistence and bioaccumula-
tion”"’? were associated with lower scores, whereas VOCs were
associated with higher scores. When assessing mixture effects of
exposure to the identified biomarkers with a detection rate of
50% or above, higher exposure to mixtures included in 2011-2014
was associated with low odds of cognitive decline and we identi-
fied Pb, p, p’-DDT, beta-HCH, heptachlor epoxide, m-/p-xylene,

TCS, BP-3, DDP, and thiocyanate as biomarkers with larger
weights than cutoff values, which can be considered major driv-
ers of cognitive decline in the mixtures. From the network analy-
sis, we observed that cognitive decline was relatively strongly
correlated with age and education but were weakly correlated
with levels of DPP and thiocyanate. After stratification, for the
aged >80years old group, we found higher odds of cognitive de-
cline related to higher exposure to the mixture in the 1999-
2002 data.

In our extended analyses, we divided the data into two com-
bined cycles (1999-2002 and 2011-2014) and conducted



8 | Exposome, 2025, Vol. 5, No. 1

A NHANES 1999-2002

@ Cognitive decline
© Non-modifiable risk factors .
@ Modifiable risk factors

@ Chemical biomarkers ngl’_lQSf}hOOl
p-value <0.05 . 4
p-value >0.05 zaes

>High school ‘

Cognitive decline
0.87

0.1 0.18 .

Pb (U)

0.16 P:p-DD

Mexican American/Hispanic
-0.15

Heptachlor Epoxide Female

B NHANES 2011-2014

High gchool
-06

. 0.32
>High school

‘ Cognitivp decline
Obesity 017 088 -0.11
-0.14
‘ —0-45—. 015 . 023

Alcohol  Female BP-3 DPP Age (>80 yrs)

-0.11 0,

Smoking

Figure 4. Partial correlation (p) network plot depicting the magnitude and direction of correlation coefficients among possible important biomarkers,
cognitive decline, and selected covariates. Green lines indicate significance of correlation coefficients (P-value < .05). Red numbers indicate positive
correlations, and blue numbers indicate negative correlations. Abbreviations: NHANES = National Health and Nutrition Examination Survey, U =
urine, yrs = years old, Pb = lead, beta-HCH = beta-hexachlorocyclohexane, DDT = dichlorodiphenyltrichloroethane, BP-3 = benzophenone-3, DPP =
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Table 2. Odds ratio (OR) and 95% credible interval (CI) of
cognitive decline associated with chemical mixtures by age, sex,
and race/ethnicity (total =4970) for each of the two combined
NHANES cycles (1999-2002, 2011-2014).

1999-2002 2011-2014

n (case) OR (95% CI) n (case) OR (95% CI)
All 2334 (605) 1.69 (0.74,3.88) 2636 (700) 0.36 (0.15, 0.85)
Age (years)
60-64 621 (115) 0.94 (0.36,2.46) 820 (149) 0.46 (0.20, 1.06)
65-69 473 (113) 1.03(0.33,3.19) 597 (143) 0.52(0.20, 1.39)
70-74 449 (107) 1.93(0.95,3.91) 497 (134) 0.58(0.21, 1.63)
75-79 318 (96) 1.38(0.25,7.64) 287 (100) 0.41(0.13,1.27)
Over 80 473 (174) 2.16 (1.38,3.39) 435 (174) 0.41(0.14, 1.23)

All chemical biomarker concentrations were log 10-transformed and
scaled. Bold values denote statistical significance at the p<0.05 level.

independent evaluations. Interestingly, we observed opposing
trends in the effects of chemical mixture exposure on cognitive
function across these cycles. The composition of measured bio-
markers varied significantly between the two periods, with only
five biomarkers present in both cycles. During the 1999-
2002 cycle, the overall effect of the chemical mixture was greater
than 1, indicating a detrimental impact on cognitive function.
The biomarkers identified in the mixture demonstrated consis-
tent relationships with cognitive function in the same direction.
Metals and pesticides were the major components of this mix-
ture, with key contributors including Pb, p, p’-DDT, beta-HCH,
and heptachlor epoxide. These biomarkers were associated with
lower cognitive function, as evidenced by negative beta values
for DSST z-scores in individual analyses. Stratification by age
groups yielded mixed results, leading to non-significant findings.
Conversely, in the 2011-2014 cycle, the overall effect of the mix-
ture was less than 1, suggesting a protective influence on cogni-
tive function. This shift could be attributed to major biomarkers
with protective properties, primarily VOCs and PCCPCs. The key
biomarkers in this mixture included m-/p-xylene, TCS, BP-3,
DDP, and thiocyanate. These biomarkers consistently exhibited
protective effects on cognitive function, with positive beta values

(greater than 1) in single analyses. Moreover, their association
with cognitive decline was inverse, with all stratified odds ratios
being below 1, contributing to the significance of the overall pro-
tective effect. To clarify the distinct differences between the two
time periods, more detailed observational studies are required,
focusing on the mixture effect of pesticides, VOCs, and PCCPCs.

Our correlation network analysis revealed that p, p’-DDT,
beta-HCH, and heptachlor epoxide indirectly influence cognitive
decline in individuals aged 80years and older. In the stratified
analysis by age group during the 1999-2002 cycle, we observed
that exposure to the chemical mixture in this age group was as-
sociated with higher odds of cognitive decline. These findings
align with previous studies, which have shown that the risk of
low DSST scores increases with age, particularly in individuals
with p, p’-DDT levels in the 75th percentile and heptachlor epox-
ide levels in the 75th percentile.”®

The impact of chemical exposures on cognitive decline and
their mechanisms is relatively well-established for the key bio-
markers of the mixture in the 1999-2002 cycle.?*’*#% However,
research on these biomarkers during the 2011-2014 cycle remains
limited. For instance, one study reported positive associations be-
tween BP-3 levels and DSST scores.®' BP-3 exposure primarily
occurs through sunscreen use as UV filters,*? but it is also found
in other cosmetics such as hair products, shampoos, and food
packaging ®
function could be influenced by unmeasured confounders be-
cause most studies focused on young populations, leaving a sig-
nificant research gap for older adults® DDP, an
organophosphorus flame retardant and plasticizer, is commonly
found in products such as furniture, textiles, building materials,
and plastics.®> Although many studies have explored DDP expo-
sure in children,®®°° no association was found between DDP ex-
posure and cognitive impairment in the elderly populations,
such as those of southern China.’* Similarly, there is a lack of ep-
idemiological studies investigating the effects of exposure to m-/
p-xylene, TCS, and thiocyanate on cognitive function in older
adults. Given the limited evidence, additional epidemiological
studies are needed to confirm the protective effects observed

However, this positive association with cognitive
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from these five biomarkers and to better understand their role in
cognitive health in older populations.

Our study has several limitations. Firstly, the cross-sectional
nature of the NHANES data precludes establishing causation
from our findings. Secondly, chemical biomarker concentration
data were from a spot sample of each participant, so they may
not represent individual’s average exposure over the lifetime of
our participants. Thirdly, despite adjusting for confounders asso-
clated with cognitive decline based on previous studies, there
may still be unmeasured confounding variables influencing our
effect estimates. Fourthly, there could be imputation bias on the
biomarker data because each NHANES cycle had a different list
of chemical biomarkers and only one third of samples from each
cycle were used to assess chemical biomarker concentrations.
In addition, if the missing data mechanism of NHANES is non-
random (ie, missing not at random, MNAR), performing
multiple imputation under the assumption of missing at random
(MAR) may produce biased estimates.®” Finally, the ExWAS
approach used in this study cannot assess the effects of chemical
mixtures, such as additive effects, synergism, potentiation,
and antagonism.

Conclusions

In this study, we employed an EXWAS approach to explore 229
environmental chemical biomarkers in association with cognitive
decline among US older adults. From the mixture analysis in-
cluding all identified biomarkers significantly associated with
cognitive decline, we observed that p, p’-DDT, beta-HCH, and
heptachlor epoxide may exacerbate cognitive decline. The corre-
lation network structure shows that their impact on cognitive de-
cline may be promoted in older adults aged >80years. These
findings suggest that combined and prolonged exposure to these
chemicals may worsen cognitive impairment in aging popula-
tions. Our study underscores the complex interplay between ex-
posure to environmental chemicals and cognitive function in
older adults, emphasizing the need for further research to eluci-
date causal mechanisms and effectively guide public health
interventions.
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