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ABSTRACT
Background:  Perfluoroalkyl and polyfluoroalkyl substances (PFASs) are widely used for industrial 
and commercial purposes and have received increasing attention due to their adverse effects on 
health.
Objective:  To examine the relationship of serum PFAS and glycometabolism among adolescents 
based on the US National Health and Nutrition Examination Survey.
Methods:  General linear regression models were applied to estimate the relationship between 
exposure to single PFAS and glycometabolism. Weighted quantile sum (WQS) regression models 
and Bayesian kernel machine regressions (BKMR) were used to assess the associations between 
multiple PFASs mixture exposure and glycometabolism.
Results:  A total of 757 adolescents were enrolled. Multivariable regression model showed that 
Me-PFOSA-AcOH exposure was negatively associated with fasting blood glucose. WQS index 
showed that there was marginal negative correlation between multiple PFASs joint exposure and 
the homeostasis model of assessment for insulin resistance index (HOMA-IR) (β = −0.26, p < .068), 
and PFHxS had the largest weight. BKMR models showed that PFASs mixture exposure were 
associated with decreased INS and HOMA-IR, and the exposure-response relationship had 
curvilinear shape.
Conclusions:  The increase in serum PFASs were associated with a decrease in HOMA-IR among 
adolescents. Mixed exposure models could more accurately and effectively reveal true exposure.

KEY MESSAGES
1.	 The detection rates of different PFAS contents in adolescent serum remained diverse.
2.	 Adolescent serum PFASs had negative curvilinear correlation with INS and HOMA-IR levels.
3.	 PFHxS had the highest weight in the associations between multiple PFASs and adolescent 

glycometabolism.

1.  Introduction

Perfluoroalkyl and polyfluoroalkyl substances (PFASs) are 
emerging organic contaminants [1]. Due to their ther-
mal stability, chemical stability and high surface activity 
[2]. PFASs are widely used in industrial and commercial 
fields, including fire extinguishing products, nonstick 
pot coatings, food packaging, outdoor clothing, carpet 
production and so on [3]. At present, more than 5000–
10,000 individual PFASs have been identified and these 
include PFAS synthesized for industrial purposes as well 

as PFASs that are by-products and/or transformation 
products of other PFASs. Humans are exposed to PFASs 
either directly or indirectly through diet, drinking water 
and packaged food. Upon entering the body, the vast 
majority of PFAS that have been studied to date appear 
to combine with proteins in the liver and blood, accu-
mulate in the blood and highly perfused organs and 
are not metabolized or otherwise transformed [4]. 
Among adolescents aged 12–15 years, the detection 
rate of PFASs reached 94% [5]. It has been reported that 
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perfluorooctanoic acid (PFOA), perfluorooctane sulpho-
nate (PFOS), perfluorononanoic acid (PFNA) and perflu-
orohexane sulphonic acid (PFHxS) have been widely 
detected in children [6–8], with an average half-life of 
3.5–7.3 years [9,10]. Due to the high detection rate and 
long half-life, the health problems associated with PFAS 
exposure have gradually attracted international atten-
tion. Countries around the world have taken measures 
to reduce PFAS use and release. However, due to their 
environmental persistence, long-distance migration and 
bioaccumulation, PFASs are still widely present in vari-
ous environmental samples and human serum.

Population-based epidemiological studies have pro-
vided some evidence for the relationship between sev-
eral common PFASs in humans and blood glucose 
levels. A study based on 981 pregnant women in 
Shanghai, China, found that PFAS exposure was associ-
ated with an increased risk of elevating 1-h plasma 
glucose (1 h-PG) [11]. A study of obese Spanish chil-
dren showed that increased serum concentrations of 
PFOA and PFHxS led to a significant increase in 2-h 
postprandial serum glucose levels [12]. Rodent studies 
have also shown that PFAS exposure may disrupt the 
balance of glucose metabolism and affect body weight 
[13,14]. However, these studies evaluated the associa-
tion between each PFAS and glycometabolism sepa-
rately based on single-exposure models. In addition, 
mice exposed to PFASs tend to suffer from impaired 
glucose homeostasis, a result of a negatively regulated 
protein kinase B (PKB) pathway by PFASs in white adi-
pose tissue, which gives rise to increased glucose, 
decreased insulin and insulin resistance [15].

Based on a cross-sectional epidemiological survey 
from the US National Health and Nutrition Examination 
Survey (NHANES) database, we investigated the associ-
ation between PFASs and glycometabolism in American 
adolescents by combining single exposure and mixed 
exposure models. We aimed to identify the types of 
PFASs that are associated with a higher risk of affect-
ing glycometabolism. Our study a provides a theoreti-
cal basis for the formulation and improvement of 
environmental endocrine disruptors measurement 
standards and the strengthening of PFAS environmen-
tal risk management and control policies.

2.  Methods

2.1.  Study population

NHANES is a national cross-sectional survey initiated 
by the National Center for Health Statistics at the 
Centers for Disease Control and Prevention (CDC) in 
the United States [16]. A multistage random sampling 

design was used for a survey cycle every two years to 
obtain information on the health and nutritional status 
of adults and children in the United States. The survey 
is unique in that it combines interviews with physical 
examinations, with the interview component covering 
demographic, socioeconomic, diet and health-related 
questions. The physical examination included physio-
logical measurement and laboratory examination. The 
NHANES protocol was approved by the Ethics Review 
Committee of the National Center for Health Statistics 
and written informed consent was collected from all 
participants. The NHANES is a well-known public data-
base that can be downloaded for free from the official 
website (https://www.cdc.gov/nchs/nhanes/).

In this study, adolescents aged 12–18 who had partic-
ipated in NHANES between 2009 and 2018 were included, 
and their data were collected, including demographic 
informatics, physical examination and biochemical exam-
ination. We used five consecutive investigation cycles of 
NHANES data from 2009–2010 to 2017–2018. Exclusion 
criteria included individuals who did not have serum 
PFASs measured and individuals who did not have fast-
ing glucose, insulin, or glycosylated haemoglobin levels 
measured. Ultimately, 757 adolescents aged 12–18 years 
were included in the analysis (Figure 1).

2.2.  Serum PFAS measurements

Since the NHANES began to detect PFAS concentra-
tions in participants in 2009–2010, the types of PFAS 
measured in each subsequent investigation cycle were 
slightly different. We selected the types of PFAS that 
were available in each cycle, namely, perfluorodeca-
noic acid (PFDeA), PFHxS, 2-(N-methyl-perfluorooctane 
sulphonamido)-acetic acid (Me-PFOSA-AcOH), PFNA 
and perfluoroundecanoic acid (PFUA). Phlebotomists 
collected blood samples from participants at mobile 
examination centres (MECs). PFASs were quantitatively 
detected by online solid phase extraction coupled to 
high-performance liquid chromatography-turbo ion 
spray ionization-tandem mass spectrometry (online 
SPE-HPLC-TIS-MS/MS). Based on the guidelines, we 
assigned the value of serum PFAS concentrations 
below the limit of detection (LOD) as the LOD divided 
by the square root of 2. The laboratory protocol for 
detecting serum PFAS is available from the official 
website of NHANES [17].

2.3.  Assessment of glycometabolism

In this study, the main outcomes that we were inter-
ested in included fasting blood glucose (FBG), insulin 
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(INS), homeostasis model of assessment for insulin 
resistance index (HOMA-IR) and glycosylated haemo-
globin (GHB). Specimens were stored at −70 °C until 
analysed. FBG testing was performed in the Diabetes 
Diagnostic Laboratory University of Missouri 1 Hospital. 
Plasma samples were studied and analysed using a 
Roche/Hitachi Cobas C chemical analyser-C311. INS 
levels were measured in serum samples using the 
Tosoh Bioscience AIA-900 method. The GHB level was 
analysed using both the Tosoh G8 Glycohaemoglobin 
Analyser and Trinity Biotech Boronate Affinity HPLC. 
The average relative error of the two instruments for 
detecting GHB is 0.5% (range − 4.0% ~ 5.2%), which is 
considered acceptable.

2.4.  Covariates

Covariates considered in the analyses included age, 
gender (male, female), race (Mexican American, other 
Hispanic, non-Hispanic White, non-Hispanic Black, 
other Race-including multi-racial), number of family 
members (≤3, 4–5, >5), annual household income ($0 
to $24,999, $25,000 to $74,999, $75,000 and over) and 
body mass index (BMI; kg/m2).

2.5.  Statistical analysis

The quantitative data are expressed as the mean ± stan-
dard deviation, and qualitative data are expressed as 
the frequency (proportion). PFAS exposure levels 

varied widely among individuals and showed severely 
skewed distributions, so the data were log-transformed 
to correct for skewness [12]. To measure the associa-
tion between the five PFASs and glycometabolism, we 
combined different statistical methods, including linear 
regression, weighted quantile sum (WQS) regression 
and Bayesian kernel machine regression (BKMR), and 
comprehensively considered their characteristics to 
jointly explain the results. First, multiple linear regres-
sions were used to evaluate the associations between 
each PFAS and FBG, INS, HOMA-IR and GHB. Model 1 
was the unadjusted model, and model 2 was further 
adjusted for potential confounding factors.

In addition, the WQS was used to comprehensively 
evaluate the relationship between multiple PFASs and 
outcome variables. The WQS regression analysis esti-
mated the individual’s overall exposure level, which 
was derived from the weighting of different chemicals 
to outcome associations and the weighting of expo-
sure concentrations [18]. It is useful not only for ana-
lysing the overall exposure to a series of highly 
correlated environmental chemicals but also for explor-
ing the types of chemicals that have the greatest 
impacts on the outcome. Each chemical was divided 
into four groups based on the exposure concentration. 
The score of each group was given by q, and qi = 0, 
1, 2 and 3 represented exposure levels ranging from 1 
to 4. The scores of each chemical were weighted, and 
the WQS index values of all the chemicals were even-
tually obtained, reflecting the overall burden of expo-
sure [19,20]. To improve the reliability of the results, 

Figure 1. F low chart of study screening.
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the data were randomly divided into two datasets: 
40% in the training dataset and 60% in the verification 
dataset. The weights of various PFASs were calculated 
in the training dataset, and the WQS scores were cal-
culated in the validation dataset to explore the associ-
ation between WQS scores and glycometabolism.

Finally, we used the BKMR model to assess the joint 
effect of five PFASs on glycometabolism [21]. The core 
of the BKMR model is kernel machine regression (KMR), 
also known as Gaussian process regression, which uses 
machine learning algorithms to identify nonlinear and 
nonadditive relationships between chemicals and out-
comes [22]. Before the BKMR model analysis, the 
chemicals were assigned into three groups based on 
the value of the correlation coefficient and similar 
exposure sources [23,24], in which PFDeA, PFHxS and 
PFUA were divided into group 1, and Me-PFOSA-AcOH 
and PFNA were group 2 and group 3, respectively. The 
five PFASs in the analysis were highly correlated, so we 
applied the Markov chain Monte Carlo algorithm with 
10,000 iterations of the hierarchical variable selection 
method [25]. All analyses were performed with R 
Studio (Version 4.1.1). WQS and BKMR were calculated 
by the R packages ‘gWQS’ (version 3.0.4) and ‘BKMR’ 
(version 0.2.0), respectively.

It is suggested that the samples of the NHANES 
should be weighted to reduce the selection bias result-
ing from age, gender and ethnic subgroups. In this 
case, we used unweighted estimation in the mixed 
exposure model because the demographic information 
used to calculate the sample weight was considered, 
which is also consistent with the previous recommen-
dation [25,26].

2.6.  Subgroup analysis

Compared with normal-weight adolescents, PFASs may 
have different effects on glycometabolism in over-
weight and obese adolescents. Therefore, based on the 
United States Centers for Disease Control and 
Prevention’s recommended BMI ranges for children 
and adolescents of different ages and genders, we 
divided participants into normal-weight (n = 417) and 
overweight or obese (n = 340) adolescents using a 
mixed exposure model for subgroup analysis. After 
adjusting for the same covariates, the association 
between PFASs and glycometabolism was examined 
by subgroup analysis through mixed exposure 
approaches. In addition, participants were divided into 
high-, middle- and low-exposure groups based on the 
concentration of PFAS to explore the association 
between different exposure levels and the outcomes 
of interest.

3.  Results

3.1.  Characteristics of participants

The average age of the adolescents was 14.95 ± 1.96 years 
old, including 400 males (52.84%) and 357 females 
(47.16%). Among all subjects, non-Hispanic White peo-
ple accounted for the largest proportion (27.48%). The 
average BMI was 24.55 ± 5.6 kg/m2 for all children, 
among which 370 were overweight or obese, account-
ing for 44.8% (Table 1).

3.2.  Distribution of serum PFASs

The percentiles, ranges and detection rates of serum 
concentrations of five PFASs are presented for all ado-
lescents. The LODs of PFDeA, PFHxS, Me-PFOSA-AcOH, 
PFNA and PFUA were 0.10, 0.10, 0.08, 0.08 and 0.10 ng/
mL, respectively. The detection rate of PFHxS and 
PFNA reached 99%, and the detection rate of PFUA at 
33.3% was the lowest. Among the included PFASs, 
PFHxS had the highest concentration (median= 
0.10 ng/mL) and the largest range (LOD-22.90 ng/mL), 
while PFUA had the lowest exposure level 
(median = LOD) and the smallest range (LOD-1.70 ng/
mL) (Table S1).

3.3.  Correlation measurement between different 
PFASs

Spearman correlation analysis was conducted for the 
concentration of serum PFASs in adolescents. Most 

Table 1. C haracteristics of adolescents in the NHANES, 
2009–2018.
Characteristics N (%) or mean ± SD

Age (years) 14.95 ± 1.96
Gender
  Male 400 (52.84)
 F emale 357 (47.16)
Race
  Mexican American 176 (23.25)
 O ther Hispanic 78 (10.30)
 N on-Hispanic White 208 (27.48)
 N on-Hispanic Black 185 (24.44)
 O ther race - including 

multi-racial
110 (14.53)

Number of people in family
  ≤3 169 (22.32)
  4 to 5 388 (51.25)
  >5 200 (26.42)
Annual household income
  $0 to $24,999 163 (21.53)
  $25,000 to $74,999 313 (41.35)
  $75,000 and over 247 (32.63)
  Refused 34 (4.49)
BMI (kg/m2) 24.55 ± 5.60
FBG (mmol/L) 5.28 ± 0.68
INS (µlU/mL) 15.83 ± 13.12
GHB (%) 5.27 ± 0.40

https://doi.org/10.1080/07853890.2023.2227844
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PFAS concentrations were positively correlated. In par-
ticular, PFDeA showed a strong correlation with PFUA 
and PFNA (correlation coefficients were 0.66 and 0.60, 
respectively). However, PFUA had no significant cor-
relations with PFHxS nor Me-PFOSA-AcOH (Figure 2).

3.4.  Association between serum PFASs and 
glycometabolism

Multiple linear regression was performed for the rela-
tionship between each serum PFAS and FBG, INS, 
HOMA-IR and GHB. In the model adjusted for con-
founding factors, the level of serum Me-PFOSA-AcOH 
had a significant negative association with FBG in ado-
lescents (β= −0.19, p = .006), while other PFAS expo-
sures were not significantly associated with 
glycometabolism outcomes. In addition, PFDeA and 
PFHxS were associated with the reduction of HOMA-IR 
in the crude model but were not significant in the 
adjusted model (Table 2).

3.5.  WQS regression analysis

WQS regression models were applied to analyse the 
associations between the mixture exposure of 5 PFASs 
and glycometabolism. The WQS index showed a 

marginal negative correlation between joint exposure 
with 5 PFASs and INS (β= −0.93, p = .066) and HOMA-IR 
(β= −0.41, p = .060) levels in the unadjusted models. 
Stable results were also presented in the adjusted 
model, where HOMA-IR decreased by 0.26 µlU/mL 
(95% CI: −0.54, 0.02) for each unit increase in the WQS 
index (Table 3).

The WQS model also showed the weight of each 
PFAS, with PFHxS having the highest weight in the 
FBG, INS and HOMA-IR models (0.38, 0.60 and 0.50 
respectively), followed by PFDeA (0.22, 0.40 and 0.42, 
respectively). It should be noted that the sum of the 
weights of PFHxS and PFDeA in the INS model was 
nearly 1, so the other three chemicals with small 
weights were barely represented. In terms of the effect 
on GHB, PFUA has the largest weight (weighted 0.72), 
followed by PFHxS (weighted 0.23) (Figure 3).

3.6.  BKMR model analysis

To explore the effect of collinearity and potential inter-
actions between various PFASs on outcomes, we further 
used BKMR model analysis to fit the combined effect of 
mixed exposure to PFASs on glycometabolism-related 
indicators. First, the effect of each PFAS at median levels 
and the combined effect of all PFASs at higher exposure 

Figure 2.  Pairwise correlation of five serum PFASs in adolescents. All correlations were statistically significant (p value < .001).
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levels on blood glucose are shown. We found that 
exposures of combined PFASs at levels of 60 percentile 
and above were associated with significantly lower INS 
and HOMA-IR compared to median level exposures of 
individual PFAS, and the exposure-response relationship 
showed a broken line shape. There was no significant 
difference in the relationship between mixed PFAS 
exposure and FBG and GHB levels (Figure 4).

In addition, we further identified which PFASs were 
associated with decreased insulin levels in the com-
bined effect assessment. We fixed other PFASs at the 
median level and investigated whether individual PFASs 
had a nonlinear relationship with insulin levels. As 
shown in Figure S1 (B), there was a curved 
exposure-response relationship between PFDeA and 
insulin levels. PFNA showed a positive exposure-response 
relationship with INS, while for PFHxS and ME-PFOsa-
ACOH, this relationship was negative (Figure S1).

Finally, to determine whether the exposure-response 
relationship between a certain PFAS and glycometabo-
lism is affected by the concentration of a second PFAS, 
we maintained the concentration of all other PFASs at 
the median level and looked at the slope of the 
exposure-response curve. If the slope of the 
exposure-response curve changes at different concen-
trations of the second PFAS, an interaction is consid-
ered. Taking the upper right of Figure S2 (B) as an 
example, when all chemicals except PFUA and 
Me-PFOSA-AcOH were fixed at the median exposure 
level and the exposure level of Me-PFOSA-AcOH was 
fixed at the 10th, 50th and 90th percentiles, an 
exposure-response relationship was observed between 
PFUA and glucose control indicators. The results 
showed no significant interaction among the five 
PFASs (Figures S2 and S3).

3.7.  Subgroup analysis

Furthermore, the associations between the mixed 
exposure of five PFASs and glycometabolism were 
investigated in normal-weight and obese children. The 
results showed that there was no significant difference 
between the WQS index and the outcomes of interest 
in normal-weight children. In obese children, we found 
that the WQS index was significantly correlated with 
the decrease in FBG, which showed relatively stable 
results before and after adjusting for covariates (Table 

Table 2.  Associations between each serum PFAS (ln-transformed) and the glycometabolism outcomes.

PFASs

Model 1a Model 2b

β 95% CI p Values β 95% CI p Values

FBG
  PFDeA −0.14 (−0.32, 0.03) .106 −0.16 (−0.33, 0.02) .086
  PFHxS −0.70 (−0.20, 0.06) .280 −0.13 (−0.27, 0.01) .061
  Me-PFOSA-AcOH −0.17 (−0.30, −0.03) .014 −0.19 (−0.33, −0.06) .006
  PFNA −0.08 (−0.23, 0.08) .337 −0.10 (−0.25, 0.06) .220
  PFUA −0.18 (−0.38, 0.02) .072 −0.16 (−0.37, 0.05) .140
INS
  PFDeA −2.82 (−6.18, 0.54) .100 −1.91 (−5.35, 1.53) .277
  PFHxS −2.28 (−4.75, 0.18) .069 −1.95 (−4.58, 0.68) .147
  Me-PFOSA-AcOH −1.88 (−4.45, 0.69) .151 −1.08 (−3.74, 1.59) .428
  PFNA −0.63 (−3.60, 2.33) .674 0.01 (−2.99, 3.01) .995
  PFUA −1.65 (−5.51, 2.21) .402 0.23 (−3.88, 4.35) .912
HOMA-IR
  PFDeA −0.96 (−1.90, −0.02) .044 −0.75 (−1.71, 0.20) .123
  PFHxS −0.75 (−1.44, −0.07) .031 −0.71 (−1.45, 0.02) .057
  Me-PFOSA-AcOH −0.66 (−1.37, 0.06) .072 −0.45 (−1.19, 0.29) .235
  PFNA −0.31 (−1.13, 0.52) .464 −0.15 (−0.99, 0.68) .721
  PFUA −0.66 (−1.73, 0.41) .228 −0.19 (−1.34, 0.96) .745
GHB
  PFDeA −0.04 (−0.14, 0.07) .489 −0.04 (−0.15, 0.06) .424
  PFHxS −0.02 (−0.10, 0.05) .557 −0.02 (−0.10, 0.06) .610
  Me-PFOSA-AcOH −0.03 (−0.11, 0.05) .496 −0.02 (−0.10, 0.07) .713
  PFNA 0.07 (−0.03, 0.16) .158 0.05 (−0.04, 0.15) .244
  PFUA −0.02 (−0.14, 0.10) .768 −0.08 (−0.20, 0.05) .236

Note: Cl: confidence interval.
aUnadjusted model.
bAdjusted model, adjusted for age, gender, race, the number of people in a family, household income, and BMI.
p Values < 0.05 are bolded. 

Table 3.  Associations between the WQS regression index and 
glycometabolism in NHANES, 2009–2018.

Outcome

Model 1a Model 2b

β 95% CI p Values B 95% CI p Values
FBG −0.04 (−0.12, 0.05) .391 −0.05 (−0.12, 0.02) .163
INS −0.93 (−1.92, 0.06) .066 −0.86 (−1.88, 0.16) .098
HOMA-IR −0.41 (−0.83, 0.02) .060 −0.26 (−0.54, 0.02) .068
GHB 0 (−0.05, 0.05) .966 −0.02 (−0.07, 0.04) .534

Note: Cl: confidence interval.
aUnadjusted model.
bAdjusted model, adjusted for age, gender, race, the number of people in 
a family, household income, and BMI.

https://doi.org/10.1080/07853890.2023.2227844
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S2). No significant effects were observed in BKMR 
models for either group (Figures S4 and S5).

Finally, INS and HOMA-IR in the medium- and 
high-exposure groups decreased significantly, with the 
low-exposure PFDeA group as the reference, and FBG 
and HOMA in the high exposure PFHxS group were 
significantly decreased. In addition, FBG in the middle 
exposure group of Me-PFOSA-AcOH decreased signifi-
cantly. Overall, the results showed that the glycome-
tabolism index showed a downward trend with the 
increase in PFAS exposure level (Table S3).

4.  Discussion

In this study, multiple linear regression, WQS and BKMR 
models were combined to provide relevant evidence 
for the negative association between serum PFASs and 
INS and HOMA-IR in adolescents aged 12–18 years. 
More importantly, these correlations are not linear. 
Among them, PFDeA and PFHxS have a relatively large 
weight, indicating that they play an important role.

PFASs have been reported to bioaccumulate into 
organisms at various ecological levels and also have 
been detected in a high proportion of the human 
population. Some PFASs are known to be in breast 
milk, thus exposing humans starting in infancy [27,28]. 
Due to the relatively small body mass and blood vol-
ume of the child, PFASs were more concentrated per 
volume of serum during childhood and accumulated 
gradually as the child grows [29]. From childhood to 
adolescence, individuals can be cumulatively exposed 
to PFASs through the living environment or drinking 
water and diet. It is well known that individuals in the 
early stage of life were most susceptible to adverse 
environmental influences, which could cause events 
that were not conducive to development [30,31]. This 
cross-sectional study using the NHANES database 
found that serum PFASs in children aged 12–18 years 
were associated with decreased HOMA-IR, contradict-
ing most but not all studies. However, it was also con-
sistent with the results of a cohort study, which found 
that higher concentrations of PFOA, PFOS and PFDeA 

Figure 3.  The weight of each PFAS in the WQS model. The figure shows the weights of individual PFAS contributing to the overall 
effect. WQS model regression index weights for FBG: fasting blood glucose (A), INS: insulin (B), HOMA-IR: homeostasis model of 
assessment for insulin resistance index (C) and GHB: glycosylated haemoglobin (D).

https://doi.org/10.1080/07853890.2023.2227844
https://doi.org/10.1080/07853890.2023.2227844
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were associated with lower HOMA-IR in eight-year-old 
children, especially in females [32]. However, 
sex-stratified findings need to be further verified in 
populations with different characteristics [33]. A disas-
ter epidemiology study conducted in the United States, 
which matched children in areas with high PFAS con-
tamination with controls, also detected an inverse rela-
tionship between PFHxS and insulin resistance [34]. In 
addition, a population study aged 12–80 years based 
on the NHANES showed that there were positive asso-
ciations between concentrations of PFOS, PFOA and 
PFNA and total and non-high-density cholesterol. 
However, the evidence of the relationship between 
PFAS and insulin resistance was inconsistent. For exam-
ple, PFNA and insulin resistance showed a significant 
positive trend in adult females, while PFHxS showed a 
negative trend in adolescent females [35].

We realized that the negative association we found 
between PFAS concentrations and insulin resistance in 
children could be occasional or residual confounding, so 
we performed multiple iterations of the analysis to 

correct for the statistical associations caused by chance, 
but its stable results pattern showed no possibility of 
spurious associations. We also considered the potential 
influence by including adolescents aged 12 to 18 with 
a high prevalence of obesity, nearly 40%, as well as the 
concentration distribution of PFASs. Studies have 
reported increased insulin resistance in adolescents [36] 
and an association between PFAS concentrations and a 
delay in adolescence [37], which may drive the reverse 
association between PFAS concentrations and HOMA-IR 
in adolescents. However, some studies have limited the 
analysis of preadolescent children and yielded similar 
results [32]. Further confirmations will be made about 
the extent and direction of the association with meta-
bolic status through well-designed controlled studies of 
PFAS exposure in early adulthood in the future.

The biological mechanisms associated with PFAS 
and insulin resistance are unclear, and most of our 
information was obtained from animal studies. PFASs 
have either harmful or beneficial effects on insulin 
sensitivity. On the harmful side, PFASs may increase 

Figure 4. C ombined effects of mixed PFAS exposure on FBG: fasting blood glucose (A), INS: insulin (B), HOMA-IR: homeostasis 
model of assessment for insulin resistance index (C) and GHB: glycosylated haemoglobin (D) levels in the BKMR model. The rela-
tionship between PFASs at other percentiles and outcomes of interest was shown in comparison to the situation where all PFASs 
were kept at median levels.
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the oxidative stress response and thus exacerbate 
insulin resistance [38], which may be due to the struc-
tural homology between PFASs and some fatty acids 
in the human body, increasing the expression of genes 
related to fatty acid oxidation [39,40]. On the other 
hand, the information we obtained from animal stud-
ies shows that PFASs have an affinity for PPAR-α and 
act as agonists of these receptors. Even so, the degree 
of agonist effect is variable and depends on the spe-
cific compound detected [41]. In addition, the affinity 
between PFASs and PPAR-γ has been demonstrated; 
exposure to PFASs may also trigger the expression of 
genes that store free fatty acids and regulate the tran-
scription of various insulin-related genes by activating 
nuclear PPAR-γ and ultimately enhance insulin sensitiv-
ity [42–44]. This mechanism is similar to thiazolidinedi-
ones, which are used in the treatment of type 2 
diabetes [34]. Although the findings of toxicological 
studies provide valuable insights, these findings are 
not directly applicable to humans, so further research 
is needed to clarify the underlying mechanisms.

Major strengths of this study include combining WQS 
regression analysis with the BKMR model to evaluate 
the effect of highly correlated mixed PFAS exposure on 
blood glycometabolism, which objectively reflects com-
plex exposure in the real world [25]. Moreover, it can 
visualize the potential nonlinear and nonadditive effects 
of PFAS mixtures, avoid the rough presentation of con-
tinuous exposure and reduce the deviation of evalua-
tion. In our study, the WQS regression model robustly 
evaluated the multilinearity of PFASs and clearly showed 
the weight of the relationship between each chemical 
and the outcome of interest. Our results found that 
PFHxS and PFDeA were important chemicals associated 
with glycometabolism glycemic control. However, the 
WQS index is not yet able to assess the combined effect 
of exposure in different directions, so we introduced the 
BKMR model to further capture the exposure-response 
relationship and identify the interactions between the 
two chemicals, showing a nonlinear negative correlation 
between mixed PFAS exposure and insulin resistance. 
There were some limitations in our study. The major 
limitation of NHANES-related research is that although it 
is a national multilevel stratified cluster sampling survey, 
it has a cross-sectional design, and our results can show 
only correlation rather than causality. Secondly the lab-
oratory test data are obtained from a single point in 
time, and any accidental misclassification may mask the 
real association. In addition, the family history and life 
behaviour variables of the included population were 
not considered, which may limit the power of our evi-
dence to some extent. Finally, the high rate of over-
weight and obesity and the frequent occurrence of 

insulin resistance among American adolescents may 
lead to more challenges in regard to population 
extrapolation.

5.  Conclusion

In summary, there is no evidence of adverse effects of 
PFAS exposure on glycometabolism in American adoles-
cents. In this cross-sectional study, higher serum PFAS 
concentrations were associated with lower insulin resis-
tance. Although this finding is biologically plausible, it is 
in contrast with previous literature about early life expo-
sure to PFASs, and considering the high rates of obesity 
in the included population, our conclusions need to be 
treated with caution. Even so, we suggest strengthening 
PFAS environmental risk management of PFASs and tak-
ing preventive measures to reduce exposure and pro-
mote the health of children and adolescents.
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