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Abstract

Background Metabolic syndrome (MetS) is a health issue consisting of multiple metabolic abnormalities. The
impact of exposure to volatile organic compounds (VOCs) on MetS and its components remains uncertain. This study
aimed to assess the associations of individual urinary metabolites of VOC (mVOCs) and mVOC mixtures with MetS
and its components among the general adult population in the United States.

Methods A total of 5345 participants with eligible data were filtered from the 2011-2020 cycles of the National
Health and Nutrition Examination Survey. Multivariate logistic regression models were applied to assess the asso-
ciations of individual mVOCs with MetS and its components. The least absolute shrinkage and selection operator
(LASSO) regression models were constructed to identify more relevant mVOCs. The weight quantile sum regression
model was applied to further explore the links between mVOC co-exposure and MetS and its components.

Results The results indicated positive associations between multiple mVOCs and MetS, including CEMA, DHBMA,
and HMPMA. CEMA was found to be positively correlated with all components of MetS. HMPMA was associated
with elevated triglyceride (TG), reduced high-density lipoprotein, and fasting blood glucose (FBG) impairment;
3HPMA was associated with an elevated risk of high TG and FBG impairment; and DHBMA had positive associa-
tions with elevated TG and high blood pressure. The co-exposure of LASSO-selected mVOCs was associated

with an increased risk of elevated TG, high blood pressure, and FBG impairment.

Conclusion Positive associations of certain individual urinary mVOCs and mVOC mixtures with MetS and its compo-
nents were observed by utilizing multiple statistical models and large-scale national data. These findings may serve
as the theoretical basis for future experimental and mechanistic studies and have important implications for public
health.
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Background
With the advancement of urbanization and industrializa-
tion, air pollution has emerged as an increasingly serious
concern jeopardizing human health [1]. Diverse air pol-
lutants exist, with volatile organic compounds (VOCs)
constituting a series of low-molecular-mass carbona-
ceous organics characterized by easy evaporation under
normal pressure and temperature and mainly originat-
ing from tobacco smoking and vehicle emissions [2, 3].
Through inhalation and dietary intake, the VOCs can
directly manifest their inherent toxicological properties,
leading to health problems, while their strong photo-
chemical reactivity also allows them to be converted into
other environmental pollutants, adding extra environ-
mental pollution and indirectly causing health impair-
ment [4, 5]. Several VOCs have already been classified as
chemicals of top public health concern by the Agency for
Toxic Substances and Disease Registry in its Substance
Priority List [6]. Current evidence suggests that expo-
sure to VOCs has negative impacts on multiple human
systems, including the respiratory, digestive, hematology,
and nervous systems [7—10]. Recent studies have further
demonstrated that VOC exposure is also connected to
the dysfunction of the endocrine and metabolic system.
For instance, Wang et al. found that VOC exposure may
cause insulin resistance and glucose homeostasis disrup-
tion, resulting in the onset of diabetes mellitus [11]. A
study by Lei et al. revealed that exposure to certain VOCs
was positively associated with elevated body mass index,
waist circumference, and obesity risk [5]. Individual
VOCs and VOC mixtures were also found to be inversely
associated with bone mineral density, thereby increasing
the risk of osteoporosis and fragility fractures [12].
Metabolic syndrome (MetS) represents a complex
health issue characterized by a cluster of metabolic
abnormalities, including abnormal glucose and lipid
metabolism, hypertension, and central obesity [13]. The
prevalence of MetS in the United States was estimated
to be 34.7%, corresponding to approximately 1/3 of the
total population, and its disease burden is continuing
to increase [14]. MetS and its components are consid-
ered to be important risk factors for cardiovascular dis-
eases, end-stage renal disease, blindness, and dementia,
decreasing quality of life and overall health conditions
[15, 16]. Considering the elevated disease burden and
potential adverse outcomes of MetS, screening for modi-
fiable risk factors and timely management are critical
for preventing and controlling this disease [17]. MetS
was once generally thought to be caused primarily by
unhealthy lifestyles and behaviors, such as lack of physi-
cal activity and nutritional imbalances. However, several
previous studies have uncovered that environmental pol-
lutants, for example, organophosphate esters, cadmium,
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perchlorate, and thiocyanate, are also important influ-
ential factors in the occurrence and progression of MetS
[18-20]. Given the evidence of the negative impacts of
VOCs on the metabolic system, exposure to VOCs may
also be associated with MetS and its components. How-
ever, studies on this topic remain scarce. Therefore, our
study aimed to investigate the associations of individual
VOC and VOC mixture exposure with MetS and its com-
ponents. The findings of the current study may provide
epidemiological clues for future studies focused on MetS
prevention.

Methods

Study design and participants

The data utilized in this cross-sectional study, includ-
ing demographic features, laboratory biomarkers, physi-
cal examinations, and questionnaire data, were obtained
from the National Health and Nutrition Examination
Survey (NHANES). NHANES, a nationwide program
of the National Center for Health Statistics (NCHS), is
designed to assess the health and nutritional status of
adults and children in the United States. The protocol
of NHANES was approved by the NCHS Institutional
Review Board, and written consent was obtained from all
participants. More details on the NHANES can be found
on its official website (https://www.cdc.gov/nchs/nhanes/
about_nhanes.htm). For the present study, four NHANES
cycles including 2011-2012, 2013-2014, 2015-2016,
and 2017-2020, with a total of 45,462 participants, were
collected and merged. Urinary metabolites of VOC
(mVOCs) with only similar values, or missing values and
values below the lower limit of detection (LLOD) exceed-
ing 1/3 of the total population were removed in consid-
eration of data representativeness and result robustness,
leaving 15 mVOC:s for analysis. The official abbreviation
and LLOD for each included urinary mVOC are depicted
in Table S1. To evaluate the associations of urine mVOCs
with MetS and its components, participants with miss-
ing data on any of the 15 mVOCs (n=34,363) or physi-
cal measurements and biomarkers related to MetS or
its components (n=3755) were initially excluded. Par-
ticipants with missing data on core covariates (n=919),
those aged below 20years (#=1018), or pregnant females
(n=62) were further omitted. A total of 5345 participants
were ultimately included in this study. The detailed par-
ticipant inclusion process is depicted in Fig. 1.

Measurement of urine metabolites of volatile organic
compounds

Due to the discrepancies in VOC sources and metab-
olism among individuals, measuring VOCs in the
air or other environmental media may not accurately
illustrate the levels of individual exposure. Therefore,
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(n=45462)

NHANES Continuous 2011 to 2020 pre-pandemic

-{ Exclusion: missing data on urinary mVOCs (n= 34363)

Participants with mVOCs data
(n=11099)

Exclusion: missing data on measurements or biomakers
1.Missing data on waist circumferences (n = 476)
2.Missing data on blood HDL (n = 1710)

3.Missing data on blood pressure (n = 787)

4.Missing data on fasting blood glucose (n =777)
5.Missing data on blood TG (n = 5)

(n="7344)

Participants with data of MetS and mVOCs

Exclusion:

1.Participants who were pregnant females (n = 62)
2.Participants aged below 20 years (n = 1018)
3.Missing data on core covariates (n = 919)

Included participants for analysis

(n=5345)
Participants with MetS Participants without MetS
(n=1744) (n=3601)

Fig. 1 Flowchart of participants inclusion process. Abbreviations: NHANES, National Health and Nutrition Examination Survey; mVOCs, metabolites
of volatile organic compounds; HDL, high-density lipoprotein; TG, triglyceride; MetS, metabolic syndrome

mVOCs were selected as biomarkers to represent the
level of VOC exposure in the current study. Com-
pared to blood mVOCs, urinary mVOCs have the
advantages of long physiological half-lives and nonin-
vasiveness [21, 22]. The participants were instructed
to collect a complete void by emptying the bladder
into the urine collection cup, and the volume of urine
required to complete each participant’s protocol is
displayed in the urine collection module. Urine sam-
ples were stored under appropriate frozen condi-
tions (— 30°C) until they were shipped to the National
Center for Environmental Health for testing. Quantita-
tive measurements of urinary mVOCs were performed
using ultra-performance liquid chromatography cou-
pled with electrospray tandem mass spectrometry
(UPLC-ESI/MSMS) as described by Alwis et al. [21]
The Acquity UPLC® HSS T3 (Part no. 186003540,
1.8 um x 2.1 mm X 150 mm, Waters Inc.) column with
15mM ammonium acetate and acetonitrile as the
mobile phases, was used for chromatographic sepa-
ration. Briefly, the eluent from the column is initially
ionized using an electrospray interface to generate
and transmit negative ions into the mass spectrom-
eter. Afterwards, the comparison of relative response
factors (the ratio of native analyte to stable isotope-
labeled internal standard) with known standard con-
centrations yielded individual analyte concentrations.
Detailed information on the mVOC measurements can

be found on the official website (https://wwwn.cdc.
gov/Nchs/Nhanes/2017-2018/P_UVOC.htm).

Definition of metabolic syndrome and its components

The diagnostic criterion proposed by the Adult Treat-
ment Program III of the National Cholesterol Educa-
tion Program was applied as the definition of metabolic
syndrome in this study [23]. Individuals with at least
three of the following components were classified as
MetS:

(1) Central obesity: waist circumference>102cm for
males or > 88 cm for females;

(2) Elevated triglyceride: blood triglyceride (TG)
>150mg/dL or current using medication to treat
elevated TG;

(3) Reduced high-density lipoprotein: blood high-
density lipoprotein (HDL)<40mg/dL for males,
blood HDL <50mg/dL for females, or currently
using medication for low HDL;

(4) High blood pressure: systolic blood pressure
(SBP) > 130 mmHg or (and) diastolic blood pressure
(DBP)>85mmHg or currently using medication
for high blood pressure.

(5) Impaired fasting blood glucose: fasting blood glu-
cose (FBG)>110mg/dL or current use of medica-
tion to treat hyperglycemia.
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Blood samples used for TG, HDL, and FBG testings
were collected after an 8—12 fasting session. Measure-
ments of waist circumference and blood pressure were
performed by trained professionals at the mobile exami-
nation center via standardized procedures. The mean
values of all three times blood pressure measurements
were calculated for use in the analysis. Additional details
are available on the official website of NHANES (https://
wwwn.cdc.gov/nchs/nhanes/).

Covariates

The computer-assisted personal interview (CAPI) sys-
tem was utilized to reduce data entry errors and assist
interviewers in defining key terms used in the question-
naire in the NHANES. Information on demographic
characteristics, lifestyle, disease history, physical activ-
ity, and clinical and nutritional factors was collected
from the participants using standardized questionnaires
by trained interviewers with the assistance of the CAPI
system. The demographic features (including age, gen-
der, race or ethnicity, education level, marital status,
and poverty-income ratio [PIR]), life behaviors (smoking
status, alcohol consumption, daily total energy intake,
physical activity), history of cancer, and urine creatinine
were selected and set as covariates for statistical analysis
based on previous studies [18, 19]. Age was divided into
three groups (20-39years, 40—-59years, and > 60years);
Mexican American, other Hispanic, non-Hispanic White,
non-Hispanic Black, and other races (including multi-
racial) were included in the race/ethnicity category. Edu-
cation condition was classified into three levels (middle
school or lower, high school, and college or above). Mar-
riage status was separated into three groups (married
or living with the partner, widowed/divorced/separated,
and never married). The PIR was grouped according to
its quartile. The smoking status was separated into three
groups (never, former smoker, and current smoker)
which were determined by the questions “Have you
smoked at least 100 cigarettes in your entire life?” and
“Do you now smoke cigarettes?”. Self-reported alcohol
consumption was obtained to divide individuals into
never, 1-3 drinks per day, and >4 drinks per day. Total
daily energy intake was calculated as the average value
from two 24-hour dietary recall questionnaires. The
physical activity status of the participants was divided
into low (<600min/week), moderate (600—8000min/
week), and high (> 8000 min/week) using the metabolic
equivalent of task (MET) (MET min/week) [24]. The can-
cer history was dichotomized as yes or no. Urine creati-
nine was used to correct the urinary concentrations of
mVOCs, and these variables were available in the labora-
tory data from NHANES cycles.
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Statistical analysis

All the statistical analyses in this study were performed
with the statistical packages in R software 4.3.0. Due to
the complex and multi-stage probability survey design,
weights were applied where appropriate in the follow-
ing analyses in accordance with the NHANES analysis
guidelines. Continuous variables were presented as mean
(standard deviation, SD) or median (inter-quartile range,
IQR), while categorical variables were described as fre-
quencies (1) and weighted percentages. Values of urine
mVOCs below the LLOD were replaced by an imputed
fill value of (LLOD/+/2) based on the NHANES analytic
guidelines. Concentrations of all 15 urinary mVOCs were
calibrated with urinary creatinine (unit: ng/mg creati-
nine) and naturally logarithmically transformed prior to
analysis to control the concentration dilution of urine
and reduce the impact of extreme values. Kruskal-Wallis
test and Chi-square test were used to compare continu-
ous and categorical variables, respectively. Multivariate
logistic regression modeling was performed to explore
the associations of individual urinary mVOCs with MetS
and its components. Stratified analysis was used to fur-
ther explore the potential subgroup-specific differences
in the associations of individual urinary mVOCs with
MetS. Urinary mVOCs were initially converted to cat-
egorical variables (Q1, Q2, Q3, and Q4) based on inter-
quartile spacing, and the first quantile was set as the
reference. Afterwards, urinary mVOCs were introduced
into logistic regression models as categorical variables,
with different covariates adjusted. Spearman correlation
analysis was used to explore the correlations within the
15 mVOCs. Due to the expected high correlation and col-
linearity that usually exist among urinary mVOCs, mul-
tivariate least absolute shrinkage and selection operator
(LASSO) regression was performed to avoid collinearity
and determine urine mVOCs exhibiting stronger connec-
tions to MetS and its components. Finally, the selected
mVOCs were included in the weighted quantile sum
(WQS) regression model to explore the associations of
mVOC co-exposure with MetS and its components, as
well as the extent of contribution of each urinary mVOC.
In the WQS analysis, 60% of the samples were randomly
selected as validation datasets and 1000 bootstrap sam-
ples were used to produce stable estimates. All the sta-
tistical analyses performed in this study were two-sided,
and a P<0.05 was considered statistically significant.

Results

Characteristics of the participants

Among the included 5345 participants, 1744 of them
were classified into the MetS group, with a weighted
prevalence of 30.60%. The participants with MetS
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components of central obesity, elevated TG, reduced
HDL, high blood pressure, and impaired FBG accounted
for 57.93% (n=3075), 34.39% (n=1805), 27.74%
(n=1563), 41.26% (n=2506), and 20.20% (n=1210),
respectively. The characteristics of the included partici-
pants are summarized in Table 1. Compared with those
in the non-MetS group, individuals with MetS were
more likely to be older, non-Hispanic Whites, married
or lived with a partner, and had a lower education level,
higher PIR, urine creatinine, waist circumference, and
metabolic biomarkers (except for blood HDL, which was
lower in the MetS group) (all P values <0.05). Most of the
participants with MetS were current smokers, alcohol
drinkers, and had insufficient physical activity (all P val-
ues <0.05). In addition, the proportions of hypertension,
type 2 diabetes, and cancer were relatively higher in the
MetS group (all P values <0.05). The creatinine-corrected
urinary concentrations of CEMA, 3HPMA, DHBMA,
MHBMA3, and HMPMA were higher in the MetS group
than in the non-MetS group (all P values <0.05). The cor-
relation coefficient matrices within 15 urinary mVOCs
are illustrated in Fig. 2. Positive correlations ranging from
0.07 (2MHA and SBMA) to 0.84 (3,4AMHA and 2MHA)
were found between each pair of the 15 mVOCs with sta-
tistical significance (all P values <0.05).

Association of individual urinary mVOC with MetS and its
components

Multivariate logistic regression modeling was performed
to assess the associations between single urinary mVOCs
and MetS and its components. Concentrations of creati-
nine-corrected urinary mVOCs were initially introduced
into the models as categorical variables by quantiles (Ql1,
Q2, Q3, and Q4). The results indicated that, after adjust-
ing all covariates (Model 3), the risk of MetS increased
by 81.00%, 48.00%, and 60.00% in response to the highest
quantile (Q4) of CEMA (OR=1.81, 95% CI: 1.44-2.28,
Pieng<0.01), DHBMA (OR=1.48, 95% CI. 1.09-2.02,
Py 1ena <0.05), and HMPMA (OR=1.60, 95% CI. 1.20-2.13,
Piena<0.01) when compared with the lowest quartiles
(Q1). While the highest quartiles of AMCC (OR=0.62,
95% CI. 0.45-0.85, P,,.,q<0.01), PGA (OR=0.65, 95% CI:
0.48-0.88, P,,.,q<0.01), and 2MHA (OR=0.61, 95% CI:
0.43-0.86, P .nq<0.01) were negatively associated with
the risk of MetS. The detailed results are depicted in Fig.
S1. The logistic regression models were also constructed
to examine the associations between individual urinary
mVOCs and each component of MetS. The results illus-
trated that, after adjusting for all covariates (Model 3),
the urinary level of CEMA was positively associated with
all the components of MetS (all Py,q<0.05); HMPMA
was associated with the risk of elevated TG, reduced
HDL, and FBG impairment (all P,,4<0.05); 3SHPMA
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was positively associated with the elevated TG and FBG
impairment (all P,,,,4<0.05); and DHBMA was positively
connected with the elevated TG and high blood pressure
(all Pyenq<0.05). However, several urinary mVOCs were
also found to be inversely associated with the compo-
nents of MetS. For instance, the urinary level of AAMA
was negatively associated with the MetS components
of central obesity, reduced HDL, and FBG impairment
(all Pyepng<0.05). The detailed results of the associations
between individual mVOCs and components of MetS are
presented in Tables S2-S6.

Subgroup analyses of the association between individual
urinary mVOCs and MetS

Stratification analyses were performed to further explore
the associations between individual urinary mVOCs and
MetS in different subgroups, and the results are dem-
onstrated in Tables S7-S8. In the highest quantile (Q4),
CEMA (males: OR=1.91, 95% CI: 1.26-2.90, P4 < 0.05;
females: OR=172, 95% CI: 1.26-2.36, Pyonq<0.01)
and HMPMA (males: OR=1.52, 95% CI: 1.03-2.24,
Pnd<0.05; females: OR=1.69, 95% CIL 1.11-2.57,
Pyna<0.01) remained to be positively associated with
the increased MetS risk in both males and females when
compared with the lowest quantile (Q1). However, no
statistically significant association was observed between
the urinary concentration of DHBMA and MetS in both
gender subgroups. Furthermore, the participants were
stratified by age subgroups of 20-59years and 60 and
above years. HMPMA was found to be associated with
an increased risk of MetS in the highest quantile (Q4)
when compared with the lowest quantile in all age sub-
groups (aged 20-59years: OR=1.51, 95% CI: 1.06-2.15,
Pyna<0.05; aged 60 and above years: OR=1.82, 95%
CL: 1.06-3.12, P.,q<0.05). Moreover, positive asso-
ciations of CEMA (Q4: OR=1.98, 95% CI: 1.37-2.85,
Pnd<0.01), and DHBMA (Q4: OR=1.68, 95% CI
1.17-2.42, P,,,4<0.05) with the elevated MetS risk were
observed in the subgroup of 20-59years.

Identification of the more relevant mVOCs to MetS and its
components by LASSO regression

Spearman correlation analysis indicated statistically sig-
nificant positive correlations between every pair of the
15 urinary mVOC:s, revealing the existence of high cor-
relations and collinearity among them (Fig. 2). There-
fore, the LASSO regression modeling was performed
to assess and select the mVOCs exhibiting stronger
associations with MetS and its components. The asso-
ciations between changes in binomial deviance and the
logarithm-transformed penalty parameter (A) in the
LASSO regression models are shown in Fig. 3. By apply-
ing 10-fold cross-validation, the X value of the simplest



Dong et al. BMC Public Health (2024) 24:671 Page 6 of 13
Table 1 Characteristics of included participants by MetS diagnosis in NHANES 2011-2020
Characteristics Overall (n=5345) non-MetS (n=3601) MetS (n=1744) P value
Weighted percentage (%) 100 69.40 30.60
Gender, n (%) 0.29°
Male 2733(49.59) 1854(48.94) 879(51.06)
Female 2612(50.41) 1747(51.06) 865(48.94)
Age, n (%) <0.01°
20-39years 1791(36.29) 1481(43.90) 310(19.02)
40-59years 1727(35.79) 1104(33.32) 623(41.38)
60 and above years 1827(27.92) 1016(22.77) 811(39.60)
Race/Ethnicity, n (%) <0.05°
Mexican American 623(7.70) 367(7.21) 256(8.82)
Non-Hispanic Black 1270(11.06) 853(11.09) 417(10.98)
Non-Hispanic White 2037(66.95) 1358(66.44) 679(68.10)
Other Hispanic 560(6.41) 372(6.69) 188(5.77)
Other Race 855(7.89) 651(8.57) 204(6.33)
Education level, n (%) <0.01°
Middle school or lower 1028(12.98) 600(11.48) 428(16.40)
High School 2883(53.53) 1903(51.11) 980(59.01)
College or above 1434(33.49) 1098(37.42) 336(24.59)
Marriage status, n (%) <0.01°
Married or living with the partner 3190(63.34) 2127(62.62) 1063(64.97)
Never married 1034(18.70) 799(21.69) 235(11.94)
Widowed/Divorced/Separated 1121(17.95) 675(15.69) 446(23.09)
Poverty-income ratio, n (%) <0.01°
Quartile 1 1332(17.04) 881(17.09) 451(16.95)
Quartile 2 1328(20.26) 824(18.62) 504(23.96)
Quartile 3 1346(27.85) 906(27.34) 440(29.02)
Quartile 4 1339(34.85) 990(36.95) 349(30.07)
Smoking status, n (%) <0.01°
Current 2082(39.04) 1313(36.53) 769(44.74)
Former 227(4.22) 162(4.70) 65(3.14)
Never 3036(56.73) 2126(58.77) 910(52.13)
Alcohol consumption, n (%) <0.01°%
Never 1722(26.89) 1082(25.48) 640(30.10)
1-3 drink/day 1280(25.42) 869(24.34) 411(27.87)
>4 drink/day 2343(47.69) 1650(50.18) 693(42.04)
Physical activity, n (%) <0.01°
Low 1984(32.89) 1182(28.33) 802(43.25)
Moderate 2545(52.13) 1814(55.02) 731(45.57)
High 816(14.98) 605(16.66) 211(11.18)
Hypertension, n (%) <0.01°
YES 2158(34.43) 993(22.25) 1165(62.05)
NO 3187(65.57) 2608(77.75) 579(37.95)
Type 2 diabetes, n (%) <0.01°
YES 1061(16.07) 252(5.35) 809(40.40)
NO 4284(83.93) 3349(94.65) 935(59.60)
History of cancer, n (%) <0.01°
YES 473(9.57%) 278(7.99) 202(13.15)
NO 4872(90.43) 3330(92.01) 1542(86.85)
Abdominal obesity, n (%) <0.01°
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Table 1 (continued)
Characteristics Overall (n=5345) non-MetS (n=3601) MetS (n=1744) P value
YES 3075(57.93) 1516(43.20) 1559(91.32)
NO 2270(42.07) 2085(56.80) 185(8.68)
Elevated TG, n (%) <0.01°
YES 1805(34.39) 562(16.38) 1243(75.23)
NO 3540(65.61) 3039(83.62) 501(24.77)
Reduced HDL, n (%) <0.01°
YES 1563(27.74) 487(13.29) 1076(60.53)
NO 3782(72.26) 3114(86.71) 668(39.47)
High BP, n (%) <0.01°
YES 2506(41.26) 1146(26.38) 1360(75.02)
NO 2839(58.74) 2455(73.62) 384(25.98)
Impaired FBG, n (%) <0.01°
YES 1210(20.20) 265(6.20) 945(51.96)
NO 4135(79.80) 3336(93.80) 799(49.04)
WC, cm(median[IQR]) 98.50[87.80,109.73] 93.00[84.40,103.50] 110.00[102.00,120.70] <0.01°
SBP, mmHg (median(IQR]) 119.33[110.67,130.67] 116.67[108.67,126.00] 128.67[117.33,137.69] <001°
DBP, mmHg (median[IQR]) 71.33[64.67,78.00] 70.33[64.00,76.67] 74.67[67.33,82.00] <0.01°
FBG, mg/dL (median[IQR]) 93.00(85.00,103.00] 90.00[84.00,97.00] 104.00[92.00,124.00] <001°
TG (median(IQR]) 115.00[79.00,176.00] 95.00[70.00,132.00] 197.00[150.00,273.33] <001°
HDL, mg/dL (median(IQR]) 51.00[42.00,62.00] 56.00[47.00,66.00] 42.00[36.00,49.00] <0.01°
Urine creatinine, mg/dL (median[IQR]) 99.00[55.00,159.00] 98.00[52.00,155.43] 102.00[61.00,165.75] <001°
Energy, kcal (medianlIQR]) 1960.15[1495.71,2545.86] 1950.00[1496.01,2562.43] 1970.80[1495.24,2515.14] 091°
CEMA, ng/mg Cr.(median([IQR]) 0.96[0.61,1.61] 090[0 56,1.52] 1.08[0.71,1.91] <001°
3HPMA, ng/mg Cr.(median[IQR]) 2.22[1.44,441] 12[1.40,4.38] 246[1.54,4.64] <001°
AAMA, ng/mg Cr.(median[IQR]) 0.52[0.33,0.91] OSZ[O 33,0.92] 0.51[0.32,0.87] 0.28°
CYMA, ng/mg Cr.(median[IQR]) 002[0 01,0.07] 0.02[0.01,0.08] 0.02[0.01,0.06] 045°
DHBMA, ng/mg Cr.(median[IQR]) 14[2.42,4.09] 3.03[2.36,3.94] 3.39[2.57,4.39] <0.01°
MHBMA3, ng/mg Cr.(median[IQR]) OOS[O 03,0.09] 0.05[0.03,0.09] 0.05[0.03,0.10] <001°
HMPMA, ng/mg Cr.(median[IQR]) 15[1.53,3.94] 205[1 46,3.77] 237[1 69,4.46] <001°
ATCA, ng/mg Cr.(median[IQR]) 16[0.58,2.15] 15[0.59,2.11] 19[0.58,2.20] 0.17°
AMCC, ng/mg Cr.(median[IQR]) 63(0.93,2.97] 64[0.93,2.93] 62[0.92,3.08] 0.64°
PGA, ng/mg Cr.(median[IQR]) 2.12[1.56,2.93] 12[1.58,2.93] 13[1.54,2.89] 067°
MA, ng/mg Cr.(median(IQR]) 1.35[0.97,1.99] 34[0.97,1.95] 38[0.96,2.03] 067°
2HPMA, ng/mg Cr.(median(IQR]) 0.30[0. 19056} 031[0 19057} 029[0 19,0.54] 0.48°
SBMA, ng/mg Cr.(median[IQR]) 0.06[0.04,0.11] 0.06[0.04,0.12] 0.06[0.04,0.11] 0.96°
2MHA, ng/mg Cr.(median[IQR]) 0.33[0.15,0.78] 035[0 15,0.82] 030[0 14,0.69] 0.10°
3,4MHA, ng/mg Cr.(median[IQR]) 1.88[0.95,5.27] 94(0.94,5.51] 74[0.97,4.72] 0.38°

2 results of chi-square test, ® results of Kruskal-Wallis test

MetS metabolic syndrome, IQR interquartile range, TG triglyceride, HDL high-density lipoprotein, BP blood pressure, FBG fasting blood glucose, WC waist

circumference, SBP systolic blood pressure, DBP diastolic blood pressure, Cr creatinine, CEMA N-Acetyl-S-(2-carboxyethyl)-L-cysteine, 3HPMA N-Acetyl-S-(3-
hydroxypropyl)-L-cysteine, AAMA N-Acetyl-S-(2-carbamoylethyl)-L-cysteine, CYMA N-Acetyl-S-(2-cyanoethyl)-L-cysteine, DHBMA N-Acetyl-S-(3,4-dihydroxybutyl)-L-
cysteine, MHBMA3 N-Acetyl-S-(4-hydroxy-2-butenyl)-L-cysteine, HMPMA N-Acetyl-S-(3-hydroxypropyl-1-methyl)-L-cysteine, ATCA 2-Aminothiazoline-4-carboxylic acid,
AMCC N-Acetyl-S-(N-methylcarbamoyl)-L-cysteine, PGA Phenylglyoxylic acid, MA Mandelic acid, 2HPMA N-Acetyl-S-(2-hydroxypropyl)-L-cysteine, SBMA N-Acetyl-S-
(benzyl)-L-cysteine, 2MHA 2-Methylhippuric acid, 3,4-MHA 3- and 4-Methylhippuric acid

model obtained in a variance range of the minimum bino-
mial deviance was estimated to be 0.0109 (log(\) =
0.0089(log(\) =
0.0151(log(\) =—4.19),
0.0126(log(\)=—4.38) obtained by using MetS and its
components of central obesity, elevated TG, reduced

0.0107 (log(\) = —4.54),
0.0105(log(\) = —4.56),

—4.52),
—4.72),

HDL, high blood pressure, and FBG impairment as
dependent variables, respectively. A total of 8, 7, 9, 7, 2,
and 4 urinary mVOCs with non-zero coefficients were
identified as having stronger associations with MetS and
its components of central obesity, elevated TG, reduced
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Fig. 2 Heatmap of Spearman correlation analysis for urinary mVOCs.

Notes: ¥, statistical significance (P < 0.05). Abbreviations: CEMA, N-Ac
etyl-S-(2-carboxyethyl)-L-cysteine; 3HPMA, N-Acetyl-S-(3-hydroxyp
ropyl)-L-cysteine; AAMA, N-Acetyl-S-(2-carbamoylethyl)-L-cysteine;
CYMA, N-Acetyl-S-(2-cyanoethyl)-L-cysteine; DHBMA, N-Acetyl-S-(
3,4-dihydroxybutyl)-L-cysteine; MHBMA3, N-Acetyl-S-(4-hydroxy-2-
butenyl)-L-cysteine; HMPMA, N-Acetyl-S-(3-hydroxypropyl-1-met
hyl)-L-cysteine; ATCA, 2-Aminothiazoline-4-carboxylic acid; AMCC,
N-Acetyl-S-(N-methylcarbamoyl)-L-cysteine; PGA, Phenylglyoxylic

acid; MA, Mandelic acid; 2HPMA, N-Acetyl-S-(2-hydroxypropyl)-L-cyst

eine; SBMA, N-Acetyl-S-(benzyl)-L-cysteine; 2MHA, 2-Methylhippuric

acid; 3,4-MHA, 3- and 4-Methylhippuric acid

Page 8 of 13

HDL, high blood pressure, and impaired FBG, respec-
tively (Fig. 4).

Associations of urine mVOC co-exposure with MetS and its
components

The WQS regression modeling was performed to deter-
mine the associations of co-exposure of urinary mVOCs
selected by LASSO regression with MetS and its compo-
nents. The WQS regression models were constructed in
both the positive direction and negative direction. After
adjusting for all covariates, the results of positive WQS
regression analysis indicated positive associations of uri-
nary mVOCs mixture with elevated TG (OR=1.14, 95%
CI: 1.03-1.26, P<0.05), high blood pressure (OR=1.14,
95% CI: 1.05-1.24, P<0.01), and FBG impairment
(OR=1.17, 95% CI: 1.06-1.29, P<0.01) (Fig. 5). 3HPMA,
HMPMA, and CEMA were the three leading urinary
mVOCs accounting for 12.50%, 12.00%, and 11.60% of
the positive association between the mVOC mixture
index and elevated TG. CEMA was the main urinary
mVOC responsible for 66.40% of the positive associa-
tion between mVOC mixture and high blood pressure.
HMPMA was responsible for 55.90% of the positive con-
nection between mVOC co-exposure and FBG impair-
ment (Table S9). While in the negative model of WQS
regression, negative associations were revealed between
urinary mVOC mixture and MetS (OR=0.88, 95% CI:
0.78-0.98, P<0.05), as well as central obesity (OR=0.66,
95% CI. 0.59-0.73, P<0.01) (Fig. 5). 2MHA, CYMA,
SBMA, PGA, and 2HPMA were responsible for a total

60 55 50 45 40 35

Log Lambda

Coefficients
05

00

Coefficients
00
/

(E) 3.

Log Lambda

3 2 ® 5 - K] 2

Log Lambda

Fig. 3 The screening pathways of the LASSO regression models. Notes: In-transformed urinary concentrations of all 15 mVOCs corrected

with creatinine were independent variables; MetS (A) and its components of central obesity (B), elevated TG (C), reduced HDL (D), high blood
pressure (E), and FBG impairment (F) were dependent variables. The LASSO models were adjusted for all covariates including gender, age, race
or ethnicity, education level, marriage status, poverty-income ratio, smoking status, alcohol drinking, daily total energy intake, physical activity,

and history of cancer
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Fig. 4 The association of the changes in binomial deviation with the penalty parameter. Notes: In-transformed urinary concentrations of all 15
mVOCs corrected with creatinine were independent variables; MetS (A) and its components of central obesity (B), elevated TG (C), reduced HDL (D),
high blood pressure (E), and FBG impairment (F) were dependent variables. The LASSO models were adjusted for all covariates including gender,
age, race or ethnicity, education level, marriage status, poverty-income ratio, smoking status, alcohol drinking, daily total energy intake, physical
activity, and history of cancer. The mean of the binomial deviation was revealed by the red colored dots, and the two dashed lines demonstrated
the best A (left line) and the simplest A values obtained within the variance of the minimum binomial deviation (right line), respectively

estimated weight of 66.20% in the negative associa-
tion between mVOC mixture and MetS. 2HPMA, MA,
2MHA, and SBMA accounted for a sum of 88.00% in the
inverse connection between urinary mVOC co-exposure
and central obesity (Table S9).

Discussion

Exposure to several air pollutants, including particulate
matter, ozone, nitrogen dioxide, and polycyclic aromatic
hydrocarbons, has been found to be positively associ-
ated with the risk of MetS [25-29]. As a common type
of air pollutant, the associations of VOC exposure with
MetS and its components need to be further investigated.
Therefore, this study utilized multiple statistical strategies
to comprehensively evaluate the associations of expo-
sure to individual VOCs and VOC mixtures with MetS
and its components among the general adult population

in the United States. The major findings are summarized
as follows. First, 6 of the 15 urinary mVOCs were signifi-
cantly linked to the risk of MetS, including both positive
associations (CEMA, DHBMA, and HMPMA) and nega-
tive associations (AMCC, PGA, and 2MHA). Age- and
gender-specific differences were observed in the sub-
group analyses. Second, several mVOCs were found to be
positively associated with the risk of MetS components.
To be specific, CEMA was found to be positively cor-
related with the risk of all MetS components. HMPMA
showed positive associations with elevated TG, reduced
HDL, and FBG impairment risk; 3HPMA exhibited
positive connections to the risk of elevated TG and FBG
impairment; and DHBMA was positively associated with
elevated TG and high blood pressure. In contrast, nega-
tive correlations were also observed between some of the
mVOCs and MetS components. Third, the mVOCs that
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Fig.5 Results of the weighted quantile sum regression analyses. Notes: The In-transformed urinary concentrations of the LASSO-selected mVOCs
corrected with creatinine were introduced into weighted quantile sum regression models with all covariates adjusted, including gender, age, race
or ethnicity, education level, marriage status, poverty-income ratio, smoking status, alcohol drinking, daily total energy intake, physical activity,

and history of cancer. The weighted quantile sum regression models were constructed in both the positive direction (A) and negative direction (B).
The estimate weights of each selected mVOCs in the positive association (C) and negative (D) association between mVOC mixtures and MetS were
demonstrated as bar plots. Abbreviations: mVOCs, metabolites of volatile organic compounds; MetS, metabolic syndrome; TG, triglyceride; HDL,
high-density lipoprotein; BP, blood pressure; FBG, fasting blood glucose; OR, odd ratio; 95% Cl, 95% confident interval; HMPMA, N-Acetyl-S-(3-hydro
xypropyl-1-methyl)-L-cysteine; CEMA, N-Acetyl-S-(2-carboxyethyl)-L-cysteine; AAMA, N-Acetyl-S-(2-carbamoylethyl)-L-cysteine; 2HPMA, N-Acetyl-S-
(2-hydroxypropyl)-L-cysteine; PGA, Phenylglyoxylic acid; SBMA, N-Acetyl-S-(benzyl)-L-cysteine; CYMA, N-Acetyl-S-(2-cyanoethyl)-L-cysteine; 2MHA,

2-Methylhippuric acid

had stronger associations with MetS and its components
were identified through LASSO regression analysis and
subsequently introduced into WQS regression mod-
els. The results of WQS regression analyses in the posi-
tive direction indicated an increased risk of elevated TG,
high blood pressure, and FBG impairment in response
to elevated levels of the mVOC mixture index. CEMA
was the primary contributor to the positive associations
of the mVOC mixture with elevated TG and high blood
pressure, while HMPMA was the largest contributor to
the positive correlation between the mVOC mixture and
FBG impairment. However, co-exposure to the LASSO-
selected mVOCs was found to be negatively associated
with the risk of MetS and central obesity. These findings
are scarce evidence that can be found in previous studies,
which also indicate that the associations of mVOCs with
MetS and its components are sophisticated.

In the present study, CEMA, DHBMA, and HMPMA
were three major urinary mVOCs identified as risk fac-
tors for MetS and its components. Notably, the uri-
nary level of CEMA exhibited positive associations with
the risk of MetS and all its components, and among the
LASSO-selected mVOC:s, it was identified as the major
contributor to the positive correlations between the
mVOC mixture exposure and elevated TG and high blood

pressure. These results were consistent with several pre-
vious studies that also indicated urinary CEMA concen-
tration was positively connected to elevated body mass
index, waist circumference, and the risk of diabetes [5, 11].
Acrolein, the corresponding parent compound of CEMA
[30], can cause various types of metabolic dysfunction,
including MetS and its components, through multiple
mechanisms. For example, the inflammatory response
may be involved in the pathway of acrolein-related meta-
bolic dysfunction. Chronic low-grade systematic inflam-
mation is recognized as an essential common factor in the
mechanism of MetS [15], while acrolein has the potential
capability to activate the NF-kB pathway and serve as a
pro-inflammatory mediator in umbilical vein endothe-
lial cells [31]. Conklin et al. reported that acrolein could
alter the hepatic gene expressions involving lipid synthe-
sis, trafficking, and acute phase response stimulation in
experimental mice, causing lipid metabolic abnormalities
[32]. Moreover, studies have revealed that acrolein causes
structural and functional alternations in the cardiovascu-
lar system, resulting in an increase in heart rate and high
blood pressure [33]. In stratified analyses, findings of the
positive associations between the urinary concentra-
tion of CEMA and increased risk of MetS were consist-
ent in both the male and female subgroups. While in age
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subgroups, a more significant positive association was
found in the subgroup of 20-59years than in the sub-
group of 60years and above. The potential reasons for this
difference may be the effects of altered CEMA exposure
levels and higher MetS prevalence due to poor health sta-
tus among older adults [3]. In addition, 3HPMA is con-
sidered to be another metabolite generated from acrolein
[34], it was also found to be associated with an increased
risk of elevated TG, and FBG impairment in the current
study. The full mechanisms through which acrolein causes
metabolic impairment remain unclear, and additional
experimental studies are needed in the future.

The present study showed that HMPMA was positively
associated with the risk of MetS and its components
of elevated TG, reduced HDL, and FBG impairment,
and it contributed the most to the positive relationship
between the mVOC mixture and FBG impairment. The
corresponding parent compound of HMPMA is cro-
tonaldehyde, which is highly toxic and environmentally
ubiquitous (e.g., found in various food products includ-
ing fish, meat and fruits) [35]. It can also be exposed from
tobacco smoke and the chemical processing industry
[36]. Zhang et al. found that crotonaldehyde exposure can
disrupt liver mitochondrial energy metabolism in mice,
trigger oxidative stress, activate mitochondrial-mediated
caspase, promote apoptosis, and cause hepatic dysfunc-
tion [37]. This can provide a possible explanation for the
positive associations between HMPMA and elevated TG
and reduced HDL, by the fact that liver is the central
organ responsible for lipid homeostasis [38]. Extensive
studies have also shown that crotonaldehyde can activate
oxidative stress and inflammation, causing renal diseases
and cardiovascular diseases [39]. Furthermore, stratified
analyses revealed that the positive association between
urinary concentration of HMPMA and elevated MetS
risk was consistent in both gender and age subgroups,
further demonstrating that the results were robust. How-
ever, studies focusing on the effects of crotonaldehyde
exposure on human metabolic health remain rare. Thus,
the specific mechanisms need to be further explored in
future experiment studies.

DHBMA was another mVOC found to be positively
associated with the risk of MetS and its components of
elevated TG and high blood pressure. The correspond-
ing parent compound of DHBMA is 1,3-butadiene (BD),
which can be exposed from synthetic rubber production,
petroleum processing, and combustion sources (e.g., vehi-
cle exhaustion and cigarette smoking) [40]. BD was found
to induce a premature attenuation of steroidogenesis,
affecting normal lipid metabolism, and thereby causing
abnormal lipid profiles [40]. McGraw et al. found expo-
sure to BD metabolites was significantly linked to elevated
SBP and endothelial dysfunction, and DHBMA was one of
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the most important metabolites of the group in relation
to SBP and DBD, as indicated by a higher posterior inclu-
sion probability in the Bayesian kernel machine regression
model [41]. Previous experimental studies also revealed
that BD exposure may trigger oxidative stress, induce
the elevation of reactive oxygen species, and activate the
mitochondrial apoptotic pathway [42, 43]. Similarly, sev-
eral epidemiological studies further found positive asso-
ciations of BD exposure with increased oxidative stress
markers, vascular endothelial dysfunction, and several
cardiovascular risk factors among the young population
in China [40, 44, 45]. These prior studies provided pos-
sible explanations for the observed results in the current
study, as the above-mentioned alternations were involved
in the pathogenic mechanisms of MetS [46].

Some of the mVOCs were found to be negatively associ-
ated with MetS and its components. This negative asso-
ciation may be the consequence of interference from
obesity. Unexpectedly, a total of 11 mVOCs were found
to be inversely related to central obesity. This finding
was similar to the results of a recent study by Lei et al. [5]
Prior studies have indicated that most of the VOCs would
increase the risk of cancer, gastrointestinal diseases, and
other wasting diseases [47]. In the current study, a higher
weighted percentage of cancer history was found in the
MetS group, and weight loss is a major symptom of dif-
ferent types of cancer. In addition, exposure to VOCs is
also associated with inflammatory bowel disease that usu-
ally causes nutritional imbalance, then leading to weight
loss [48]. Therefore, this particular protective effect may
actually be a negative impact on human health. However,
this phenomenon and its underlying mechanisms deserve
further investigation and demonstration in future studies.

The effects of exposure to VOC mixtures on human
health is a more realistic issue, as we are often exposed
to multiple types of VOCs [49]. Interestingly, co-expo-
sure to mVOCs exhibited a negative association with the
MetS risk in this study. MetS is a comprehensive meta-
bolic disease that consists of various metabolic disorders,
and the effects of VOC mixtures on different kinds of
metabolic dysfunction are not always in the same direc-
tion. Our results indicated that mVOC co-exposure was
negatively associated with central obesity while positively
connected to elevated TG, high blood pressure, and FBG
impairment. Moreover, the effects of different kinds of
mVOCs are also not always preserved [11]. It was possi-
ble that the negative effects of the potential effects of sev-
eral of the mVOC:s offset the positive effects of the other
mVOCs, ultimately resulting in a negative association.

This cross-sectional study has several strengths. First,
the associations of mVOCs with MetS and its compo-
nents were explored based on a large and nationwide
representative sample size from the NHANES. Second,
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both individual urinary mVOCs and their mixture were
evaluated in the current study, providing robust clues
for mechanism research in the future. However, the cur-
rent results should be treated with caution due to several
inevitable limitations. First, this study was cross-sectional
designed, which prevented corroboration and causality.
Second, urinary mVOC concentrations were used to indi-
cate the levels of VOC exposure. Although it had its own
advantages of long physiological half-lives and non-inva-
sion, the potential time-lag between biological monitoring
and MetS should not be ignored. Last, various covariates
were introduced into the statistical models to reduce their
impact on the observed results, and subgroup analyses
were performed to ensure that these findings were reliable
across different scenarios. However, the impact of other
unknown covariates should not be neglected.

Conclusions

In conclusion, the current study found that exposure to
certain urinary mVOCs and mVOC mixtures were posi-
tively associated with MetS and its components. Of note,
CEMA was identified as a significant risk factor for MetS
and all of its components. These findings suggested that
exposure to specific mVOCs was significantly associ-
ated with an increased risk of MetS and its components.
Further prospective studies and mechanistic studies are
needed to validate the results of this study.
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