
Journal of Hazardous Materials 409 (2021) 124905

0304-3894/© 2020 Elsevier B.V. All rights reserved.

Identification and prioritization of the potent components for combined 
exposure of multiple persistent organic pollutants associated with 
gestational diabetes mellitus 

Xin Liu a,b, Lei Zhang a, Liangkai Chen c, Jingguang Li a,*, Jun Wang d, Yunfeng Zhao a, 
Liegang Liu c, Yongning Wu a,b 

a NHC Key Laboratory of Food Safety Risk Assessment, Food Safety Research Unit (2019RU014) of Chinese Academy of Medical Science, China National Center for 
Food Safety Risk Assessment, Beijing 100021, China 
b Institute of Food Science and Engineering, Wuhan Polytechnic University, Wuhan 430023, China 
c Ministry of Education Key Lab of Environment and Health, School of Public Health, Tongji Medical College, Huazhong University of Science and Technology, Wuhan 
430023, China 
d Shenzhen Center for Chronic Disease Control, Shenzhen 518020, China   

A R T I C L E  I N F O   

Editor: Dr. Rinklebe Jörg  

Keywords: 
POPs mixture 
Combined exposure 
GDM risk 
Glucose homeostasis 
Prioritization 

A B S T R A C T   

Persistent organic pollutants (POPs) remain a major point of concern worldwide, and surveillance monitoring of 
these contaminants presents a significant challenge. Here, we conducted an assessment of combined exposure to 
multiple POPs components [10 perfluoroalkyl acids (PFAAs), seven polybrominated diphenyl ethers (PBDEs), six 
polychlorinated biphenyls (PCBs) and 29 dioxin-like compounds (DLCs)] in relation to gestational diabetes 
mellitus (GDM) risk, and determined the identification and prioritization of potent components in these POPs 
mixtures. The results indicated a significant mixture effect and the combined exposure index estimated from 
multiple POPs components was associated with GDM and glucose homeostasis (P < 0.001). Based on the mixture 
effects on GDM, the procedure of prioritization identified DLCs as the components of the greatest concern, 
although at the lowest body burden in the population compared with PBDEs, PFAAs, and PCBs. For glucose 
homeostasis, BDE-153 was the chemical of top-ranked priority of concern. The final effect-based prioritized list of 
POPs was DLCs > PBDEs >PFAAs > PCBs. This prioritization is important for developing a more cost-effective 
regulation framework focusing on the POPs components of the greatest concern to human health.   

1. Introduction 

Persistent organic pollutants (POPs), such as polychlorinated bi-
phenyls (PCBs), polychlorinated dibenzo-p-dioxins and furans (PCDD/ 
Fs), polybrominated diphenyl ethers (PBDEs), and perfluoroalkyl acids 
(PFAAs), are halogenated chemicals with strong bonds between carbon 
and chlorine/bromine/fluorine which makes them resistant to envi-
ronmental degradation and can remain in the environment for a long 
time once released. Due to their ubiquitous presence, all populations 
have background exposure mainly via the diet (Xu and Cai, 2015). To 
address this global issue, a groundbreaking United Nations treaty was 
signed in Stockholm in May 2001. Under the signed Stockholm 
Convention, countries agreed to reduce or eliminate the production, use, 
and release of POPs. Although following the convention and earlier 

phase-outs have largely resulted in a decline of these contaminants in 
the environment and in food, humans are currently still at potential risk 
caused by POPs exposure, with pregnant women, infants, and children 
having an even higher risk (Landrigan et al., 2018; Ouidir et al., 2019). 
On the other hand, POPs comprise groups of chemicals consisting of a 
large number of congeners and isomers, which leads to a significant 
challenge for surveillance monitoring and public health interventions 
concerning labor, material, and cost, especially for low- and 
middle-income countries (Ashraf, 2017; Cai and Jiang, 2006). The 
challenge implies practical demands for the prioritization of abatement 
strategies, and identification of priority pollutants to develop more 
cost-effective environmental regulations. 

A previous attempt was made to rank the chronic risks of identified 
contaminants including POPs by only considering the type of critical 
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effect they induce and whether the exposure is regular from daily food 
intake (Eskola et al., 2020). It failed to consider the real scenarios of 
mixture exposure and lacked support from real outcome data. Thus, this 
risk ranking lacks practicality and should be regarded as indicative only. 
Our recent study in pregnant women has indicated a significant asso-
ciation between gestational diabetes mellitus (GDM) and dioxin-like 
compounds (DLCs) (Liu et al., 2019a), and similar results have been 
observed for some PFAAs (Liu et al., 2019b), PBDEs (Liu et al., 2018) 
and non-dioxin like PCBs (Zhang et al., 2018). Consistent findings have 
been reported in numerous epidemiological studies with differences in 
study design, sample size, ethnic group, and measured covariates 
(Eslami et al., 2016; Matilla-Santander et al., 2017; Rahman et al., 2019; 
Shapiro et al., 2016; Vafeiadi et al., 2017; Wang et al., 2018; Zhang 
et al., 2015). These previous findings were mainly from a 
component-based approach that separately evaluated the association 
between each POPs or total exposure within a specific POPs group and 
GDM, and did not consider the mixture effect. Using separate regression 
models for each environmental exposure could hardly identify the 
certain etiological chemicals from the complex correlation pattern 
following POPs exposure (Braun et al., 2016). Moreover, widespread 
concern has been raised regarding the potential additive, synergistic, 
and antagonistic interactions in chemical mixtures (Rotter et al., 2018). 
Under this scenario, large groups of co-occurring pollutants may be 
reduced to a few mixture components or even one single component, 
which can be demonstrated to explain most of the overall risk, that is, 
the drivers of mixture risks (Drakvik et al., 2020). 

To identify the priority substances from POPs mixture exposure that 
cause health risks in vulnerable populations, we combined an exposure 
dataset to conduct a multiple-pollutants analysis to assess the combined 
effects of POPs mixtures on GDM, to identify and prioritize of the critical 
components in these mixtures on the observed exposure-outcome 
association. 

2. Materials and methods 

2.1. Study subjects 

We combined exposure datasets from a prospective nested case- 
control study from August 2013 to June 2015. Details of the study 
design have been described previously (Liu et al., 2018, 2019b; Zhang 
et al., 2018). Briefly, healthy pregnant women who were free from 
prediabetes and did not have a family history of diabetes were invited to 
participate in this research during their first prenatal care visits at 
Xicheng Maternal and Child Health Hospital in Beijing, China. This 
investigation enrolled 439 pregnant women in the cohort over the study 
period, and the final analyses included 77 GDM cases and 154 
age-matched (±2 years) healthy controls. Participants recruitment and 
analyzed sample selection flowchart is provided in Supplementary 
Fig. S1. The study protocol was approved by the Ethical Review Board of 
the China National Center for Food Safety Risk Assessment. Informed 
written consents were collected from all pregnant women enrolled in 
this study. The present combined exposure analysis was a further 
investigation based on previous findings (Liu et al., 2018, 2019b; Zhang 
et al., 2018), which aimed to find the potent risk factor among the 
various POPs mixtures and make a prioritization helping to develop 
more cost-effective regulation framework on the POPs components of 
the greatest concern for human health. 

2.2. Blood collection and POPs measurement 

Fasting venous blood samples were obtained from the pregnant 
women in their first trimester. Serum was immediately separated after 
blood sampling, and was stored in a freezer at − 40 ºC until analysis. 

Exposure to a mixture of 67 halogenated organic pollutants (i.e., 25 
PFAAs, 7 PBDEs, 6 non-dioxin-like PCBs,7 PCDDs, 10 PCDFs and 12 dl- 
PCBs) was quantified in maternal first trimester serum as described 

previously (Liu et al., 2018, 2019a, 2019b; Zhang et al., 2018). We 
calculated wet weight concentration for all these chemicals. With the 
exception of DLCs, we restricted our data analysis to the analytes that 
were quantifiable in at least 80% of serum samples including 10 PFAAs 
[perfluorohexane sulfonate (PFHxS), perfluorooctane sulfonate (PFOS), 
perfluorobutanoate (PFBA), perfluoropentanoate (PFPeA), per-
fluorohexanoate (PFHxA), perfluoroheptanoate (PFHpA), per-
fluoroctanoate (PFOA), perfluorononanoate (PFNA), 
perfluorodecanoate (PFDA), perfluoroundecanoate (PFUnDA)], seven 
PBDEs (BDE-28, 47, 52, 101, 138, 153, 180), six non-dioxin-like PCBs 
(PCB-28, 52, 101, 138, 153, 180). For these 23 analytes, values below 
the method detection limit (MDL) were replaced with MDL/√2. For 29 
DLCs, as an interpretation of the aromatic hydrocarbon receptor 
(AhR)-mediated pathway effect for DLCs, the Total toxic equivalents 
(TEQ) [TEQ = Σ Ci × TEF2005; Ci, concentration of each DLC; TEF2005, 
toxic equivalency factor (TEF) set by the World Health Organization 
(WHO) in 2005] were also integrated into the statistical analysis. For the 
TEQ calculations, 17 congeners of 2,3,7,8-substituted PCDD/Fs and 12 
congeners of dl-PCBs designated by WHO were all included, and the 
non-detected values of each DLC congener were substituted with zero. 

2.3. Health outcome assessment 

The pregnant women with GDM were screened at 24–28 weeks of 
gestation, using the “One-step” 75-g oral glucose tolerance test (OGTT). 
This screening approach is recommended by the International Associa-
tion of Diabetes and Pregnancy Study groups, and has been adopted in 
China. The diagnosis of GDM is made if one or more cut-off values are 
met or exceeded [fasting blood glucose (FBG): 5.1 mmol/L or 92 mg/dL; 
1-h postprandial blood glucose (PBG): 10.0 mmol/L or 180 mg/dL; 2-h 
PBG: 8.5 mmol/L or 153 mg/dL). 

2.4. Covariates 

Information on potential confounders was collected from the ques-
tionnaires or medical records. These covariates included maternal age, 
pregnancy body mass index (BMI), parity, occupational exposure his-
tory, tobacco smoking, alcohol drinking, and serum lipids. Maternal age 
was used as a pair-matched factor due to its implication in both POPs 
exposure and GDM risk. The pregnancy BMI (kg/m2) was calculated 
from maternal body weight and height collected at the first prenatal 
visit. After the information was abstracted from questionnaires or 
medical records, all the enrolled women were identified as primiparas, 
and none of the women were found to have tobacco and alcohol con-
sumption, and occupational exposure history. Serum lipids, represented 
by serum triglycerides and total cholesterol, were measured with a TBA- 
120FR biochemical analyzer (Toshiba Medical System, Tokyo, Japan). 

2.5. Statistical analysis 

Statistical analysis was conducted for the analytes with a detection 
rate > 80% samples. Distribution of chemical concentrations was right 
skewed and thus was natural logarithmic transformed for further ana-
lyses. The Mann-Whitney U test was used to examine the concentration 
differences between two groups. We also calculated Pearson’s correla-
tion coefficients (r) among chemical concentrations and the results were 
further visualized with a heatmap using the “ggplot2” R package. Forty- 
two women (18.1%) had no PFAAs measurement available due to 
sample volume restriction, and we used multiple imputation by chained 
equations to impute missing exposure data up to the full sample size of 
231 (Little et al., 2012; Rahman et al., 2019). 

We integrated mixture analysis regression and variable selection 
procedure to identify the individual components within the POPs 
mixture that were most critical to health outcomes considering the 
correlated nature of serum POPs in humans. 

First, we used the “gWQS” package in R software to fit the weighted 
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quantile sum (WQS) regression model, which can be used to assess the 
association between POPs mixture and GDM (Carrico et al., 2015). In 
WQS regression, highly correlated exposures are combined into an 
empirically weighted index, which provides both estimates of mixture 
health effects and indicators of exposure importance (i.e., individual 
chemical weights). 

Second, we applied a shrinkage-based regression method to identify 
the most critical exposures as risk predictors for outcomes. Least abso-
lute shrinkage and selection operator (LASSO) is a frequent shrinkage 
regression that just allows the important predictor variable entering the 
model while the least predictive variables are shrunk to exactly zero 
(Zhao et al., 2019). LASSO regression analysis can yield a sparse model 
with greater interpretability and more-precise coefficient (β) estimates, 
while β estimates are biased because of the penalty in the following 
model: 

β̃ = arg minβ

{
∑N

i=1
(yi − β0 −

∑p

j=1
xijβj

)2
+ λ

∑p

j=1

⃒
⃒βj

⃒
⃒

}

,

where λ (> 0) is a tuning parameter that controls the amount of 
shrinkage. 

The penalty term in the LASSO model is constrained by parameter λ, 
where the greater the value of λ the more stringent the penalty on the 
regression coefficients, and the less variable will be selected as a subset 
in the final regression model. However, if λ increases to a certain value 
this does not improve the model performance. Two values of λ should be 
noted, those are λ.min (λ with the lowest mean squared error) and λ.se 
(the highest λ within one standard error of the minimum mean squared 
error). λ = λ.min can obtain the regression model with the smallest 
prediction error, and λ = λ.se can obtain the regression model with the 
minimum set of predictive variables. The optimal values of the penalty 
parameters λ.min and λ.se were determined using 10-fold cross- 
validation. The exposure variables were standardized with z-scores 
prior to fitting the LASSO model, which can help to make a comparison 
of relative effect importance to outcomes via the standardized co-
efficients (β). LASSO was also selected due to its ability to address the 
problem of regression analysis when the number of predictor variables is 
relatively large in terms of the sample size. 

All the regression models were adjusted for covariates including 
pregnancy BMI, serum triglyceride and total cholesterol. Two-tailed 
tests were conducted to calculate all P values, and the statistically sig-
nificant level were set at α = 0.05. Statistical analyses were performed 
with Empower stats (www.empowerstats.com; X&Y Solutions Inc., 
Boston, MA, USA) or R software version 3.5.2 (www.r-project.org; R 
Core Team). 

3. Results 

3.1. Characteristics of the study population 

The final analysis in the cohort included 77 GDM cases [geometric 
mean age (range): 28.8 (23.0–37.0)] and 154 healthy controls [geo-
metric mean age (range): 28.8 (21.0–37.0)] (Table 1). There was sig-
nificant difference in terms of maternal body weight (P = 0.03) and 
height (P = 0.02) between the GDM cases and age-matched healthy 
controls. However, the BMI (kg/m2) calculated from weight (kg) and 
height squared (m2) was not significantly different between the two 
groups. The non-significant difference in pregnancy BMI between GDM 
and control may arise a concern on the potential variation within the 
studied population. While we conducted a statistical description of all 
the enrolled subjects in the cohort and make a comparation on the BMI 
of present study population with other studies conducted in Chinese 
pregnant women. We found that the BMI for GDM and non-GDM in 
present study were comparable with these study as for pregnancy BMI in 
GDM and non-GDM (see supplementary Table S1). GDM and non-GDM 
women showed significant differences in serum triglyceride (P = 0.01), 

while an insignificant difference was observed for total cholesterol be-
tween the two groups (also observed in our previous study) (Liu et al., 
2018; Zhang et al., 2018). 

3.2. Exposure characteristics of POPs components 

Among the 67 halogenated POPs measured in pregnant women 
serum, 34 POPs had a detection rate over 80% and among these, 24 
chemical components, i.e., 10 PFAAs, seven PBDEs, six non-dioxin like 
PCBs and the Total TEQ (derived from 29 dioxin-like compounds), were 
included in the final regression analysis. We observed that the exposure 
distributions significantly differed between GDM and non-GDM women 
for Total TEQ (0.057 vs. 0.040 pg/g, adjusted P < 0.001), PCB-52 (1.98 
vs. 1.45 pg/g, adjusted P = 0.005), PCB-101 (1.40 vs. 0.99 pg/g, 
adjusted P = 0.005), BDE-28 (1.66 vs. 1.26 pg/g, adjusted P = 0.021), 
BDE-153 (15.11 vs 0.14.76 pg/g, adjusted P < 0.001), BDE-154 (2.40 vs 
0.1.78 pg/g, adjusted P = 0.048), BDE-183 (2.08 vs. 1.42 pg/g, adjusted 
P < 0.001), and PFHxA (0.025 vs. 0.015 ng/mL, adjusted P = 0.020) 
(Fig. 1). We also found significant positive correlations among most of 
the POPs with Pearson correlation coefficients ranging from 0.132 to 
0.919 (P < 0.05) (Fig. 2). However, three short-chain PFAAs (i.e., PFBA, 
PFPeA, PFHxA), regarded as low accumulation in biological organisms, 
showed a low or negative correlation with other POPs (Pearson’s r 
ranged from − 0.171 to 0.122). 

3.3. Assessment of mixture effect on outcome 

The WQS regression model was used to assess the combined effect of 
aggregate exposure of multiple POPs components on GDM and glucose 
levels (Table 2). After adjustment of BMI, triglyceride and total choles-
terol, the WQS index of 24 POPs components was significantly associ-
ated with GDM [odds ratio(OR) = 24.53, 95% CI: 8.68–69.32], FBG 
(β = 0.29, 95% CI: 0.15–0.43), 1-h PBG (β = 1.86, 95%CI: 1.35–2.37), 
and 2 h PBG (β = 1.44, 95% CI: 1.00–1.88). 

3.4. Identification and prioritization of important mixture components 

The WQS index of individual exposures provides the individual 
contribution of each mixture component, which can be used to identify 

Table 1 
Characteristics of GDM and Non-GDM women.  

Characteristics GDM (n = 77) 
GM (range) 

Non-GDM 
(n = 154) GM 
(range) 

P value of 
difference 

Maternal age (years) 28.8 (23.0–37.0) 28.8 (21.0–37.0) 0.74 
Maternal body weight 

(kg) 
59.3 (45.0–90.0) 56.8 (41.5–85.0) 0.03 

Maternal body height 
(cm) 

163.6 
(150.0–177.0) 

162.3 
(146.0–173.0) 

0.02 

Pregnancy body mass 
index, BMI (kg/m2) 

22.2 (17.3–29.4) 21.6 (15.6–32.4) 0.11 

Serum lipids 
measurement results 
(mmol/L)    
Triglyceride 1.58 (0.53–4.48) 1.33 (0.44–3.41) 0.01 
Total Cholesterol 4.38 (2.38–6.88) 4.23 (1.57–6.73) 0.27 

75 g-OGTT 
measurement results 
(mmol/L)    
Fasting blood 
glucose 

4.8 (3.8–7.5) 4.4 (2.8–5.1) <0.01 

1 h PBG 10.0 (6.3–13.3) 7.7 (4.7–10.5) <0.01 
2 h PBG 8.3 (4.7–11.5) 6.5 (3.1–8.5) <0.01 

Note: Data were expressed as geometric mean (GM) and range (min-max); P- 
values for difference between GDM and Non-GDM women were derived from 
Mann-Whitney U tests. GDM, gestational diabetes mellitus. PBG, postprandial 
blood glucose. 
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the critical contributors to the outcomes and permit priority setting 
based on risk. The ranked weights of individual exposures are displayed 
in Fig. 3. The most heavily weighted components in relation to GDM 
were Total TEQ (w = 0.232), followed by PFHxA (w = 0.152) and BDE- 
183 (w = 0.135), and the first three chemical components explained 
51.9% of the total weights. With regard to FBG and 1 h PBG, BDE-153 
had the highest weight (w = 0.202 and 0.183) followed by Total TEQ 
(w = 0.161 and 0.180). The first three chemicals, additionally included 
BDE-183 for FBG and PFBA for 1-h PBG, which constituted the 45.7% 
and 45.1% of the total weights for FBG and 1 h PBG, respectively. Total 
TEQ (w = 0.190) and PFHxA (w = 0.160) were also the first and second 
ranked heavily weighted chemicals for 2-h PBG, as was observed for 
GDM. 

The most important predictors among the multiple POPs in relation 
to GDM and glucose level were further assessed using the LASSO 
regression model. Cross-validation selected penalty parameter λ as 
shown in Supplementary Fig. S2 (the red and blue dash line indicated λ. 
min and λ.1se, respectively). The vertical red dash lines defined the 
optimal values of λ (λ = λ.min), where the model provided the best fit to 
the data. For GDM with the LASSO regression under optimal λ, the Total 
TEQ, BDE-153, PFHxA, PFHpA, BDE-183, and PFOA exposure variables 

were estimated with nonzero coefficients, and were finally selected as 
important predictors from the 24 POPs components (Fig. 4A). The 
important predictive exposure variables selected from 24 POPs with the 
LASSO models were discrepant for the three glucose levels, where the 
optimal λ resulted in five, six and ten predictors (as shown in Fig. 4B–D) 
for FBG, 1-h PBG and 2-h PBG, respectively. At the same time, BDE-153 
and Total TEQ were included in all the LASSO models for FBG, 1-h and 2- 
h PBG (Fig. 4B–D). The estimated regression coefficients (β) under 
optimal λ (λ.min) are depicted in Fig. 5. As the values of predictor 
variables were standardized, the estimated coefficients (β) were com-
parable and could be used to indicate the relative sensitivity of the 
predictor variable to the response (outcome). For GDM with optimal λ, 
the relative importance of predictive exposures in ordering was as fol-
lows: Total TEQ (β = 0.586) > BDE-153 (β = 0.415) > PFHxA 
(β = 0.0856) > PFHpA (β = 0.0483) > BDE183 (β = 0.0126) > PFOA 
(β = 0.0104) (Fig. 5A). For OGTT glucose levels, the top-ranked pre-
dictor was BDE-153 suggesting that it had the strongest association with 
glucose homeostasis, which was followed by Total TEQ. The third- 
ranked critical exposure was PCB-101 which was discrepant for FBG 
(Fig. 5B), BDE-154 for 1-h PBG (Fig. 5C) and PFHxA for 2-h PBG 
(Fig. 5D). 

Fig. 1. The concentration distribution of 24 POPs (natural logarithmic transformed), and the difference comparation between GDM and Non-GDM group performed 
with Mann-Whitney U tests. 
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4. Discussion 

Determining the most etiologically relevant environment exposure 
factors is required to develop more targeted health interventions and 
more cost-effective regulation policies (Taylor et al., 2016). The key 
objective for the prioritization of substances and for monitoring pro-
grams should be the chemicals that might pose significant threats to 
human health. With the extensive measurement of multiple POPs in 
pregnant women, the risk of GDM following combined exposure to POPs 
was assessed by focusing on the identification and prioritization of the 
most important chemical components in these mixtures in relation to 
health outcomes. The findings indicated a significant association be-
tween combined exposures to multiple POPs and a higher risk of GDM, 
as well as an increased glucose level. Risk factor ranking revealed that 
DLCs, calculated as Total TEQ, were the most heavily weighted com-
ponents although at the lowest concentration among the POPs mixture, 

and were selected as the strongest risk factor for GDM. In addition, 
BDE-153 was identified as the most potent predictor associated with 
glucose levels. 

Due to the concerted efforts of public authorities and industry, the 
levels of some POPs have considerably decreased, and may not to be a 
major threat to human health now compared to decades ago. However, 
numerous human studies have indicated that the risk due to POPs 
background exposure remains, especially for specific vulnerable groups, 
such as pregnant women (Kim et al., 2013; Smarr et al., 2016), infants 
(Berg et al., 2017; Vizcaino et al., 2014) and young children (Forns et al., 
2018; Park et al., 2016). The observed adverse health effects suggested 
that the safety margins for dietary exposure to DLCs, PCBs, PBDEs, and 
PFAAs, may still needed to be improved in order to better protect human 
health. Under the real-life exposure scenario, human studies are 
considered more and more important in deriving safety margins for the 
regulation framework. For example, in updating the tolerable weekly 
intake (TWI) for DLCs in 2018, the European Food Safety Authority 
(EFSA) Panel on Contaminants in the Food Chain (CONTAM) reviewed 
the data from experimental animal and epidemiological studies and 
further decided to base the human risk assessment on effects observed in 
humans while using animal data as supportive evidence (Knutsen et al., 
2018a). Similarly, the derivation of TWI for PFOS and PFOA was also 
based on human epidemiological studies (Knutsen et al., 2018b). Study 
findings in the same population in our previous work (Liu et al., 2019a) 
and supportive evidence from Tomáš Trnovec’s research group (Trnovec 
et al., 2013; Wimmerová et al., 2016) have suggested that human studies 
could derive a more reliable toxic equivalency factor (TEF) (proposed by 
WHO based on in vivo and in vitro data) for DLCs in human health risk 
assessment. Therefore, the observed adverse health effects in relation to 
chemicals exposure in human studies should be given particular 

Fig. 2. Pearson correlation coefficients matrix for the POPs concentrations visualized as heatmap. (Red shows a positive correlation, and blue indicates a negative 
correlation, the intensity of the shaded squares reflects the magnitude of the correlation coefficient.). (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 

Table 2 
The WQS regression estimated combined effects of multiple POPs exposure on 
GDM and glucose level.  

Outcomes Estimated effectsa Lower CI Upper CI P value 

GDM  24.53  8.98  69.32  < 0.001 
FBG  0.29  0.15  0.43  < 0.001 
1 h PBG  1.86  1.35  2.37  < 0.001 
2 h PBG  1.44  1.00  1.88  < 0.001 

Note: WQS is a sum of weighted quartile index for 24 POPs components. BMI, TG 
and CHO were the covariates and have been adjusted in each WQS regression 
model. 

a Value represented as estimated odds ratio (OR) and 95% confidence interval 
(CI) for GDM, and estimated β (95%CI) for FBG, 1 h PBG and 2 h PBG. 
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Fig. 3. The weighted index in WQS regression assigned to each individual chemical ordered from the highest weight to the lowest (A, GDM outcome; B, FBG 
outcome; C, 1 h PBG outcome; D, 2 h PBG outcome). 
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consideration when investigating the health hazards due to exposure to 
pollutants. 

As POPs are present as mixtures in the environment, long-term 
exposure in humans to low doses of POPs mixtures is the rule rather 
than the exception. Thus, from a public health point of view, combined 
exposure to multiple POPs needs to be taken into account. Recently, the 
combined effects approach has been applied by the EFSA to establish a 
health-based guidance value (HBGV) for PFAAs. In 2018, the CONTAM 
Panel initially set two separate TWIs for PFOS (13 ng/kg b.w.) and PFOA 
(6 ng/kg b.w.). In 2020 under the EFSA’s “MixTox” guidance, the 
CONTAM Panel completed the assessment of combined exposure to 
multiple PFAAs and then proposed a group TWI of 4.4 ng/kg b.w. for 
four selected PFAAs (PFOA, PFNA, PFHxS and PFOS). Here, we pre-
sented the application of the WQS regression (Carrico et al., 2015) 

method to assess the combined effect of the POPs mixture on GDM and 
glucose homeostasis. It is notable that the estimated combined effect 
indicated by OR = 24.53 was greater than the effect of individual POPs 
(OR ranged from 1.25 to 4.70) as obtained by traditional logistic 
regression in our previous chemical by chemical investigations with the 
same population (Liu et al., 2018, 2019b; Zhang et al., 2018) and other 
studies with different populations (Eslami et al., 2016; 
Matilla-Santander et al., 2017; Rahman et al., 2019; Shapiro et al., 
2016). The present study assessed the combined risk due to exposure to 
the mixture which was expected to be greater than the risks assessed for 
single chemicals based on the simple dose-addition principle. 

As the POPs mixture accumulated in the human body and exhibited a 
complex correlation pattern, identifying the key etiologically relevant 
chemicals and/or mixtures associated with health outcome is an 

Fig. 4. The LASSO solution path, with the coefficient profiles for 24 POPs predictors with estimated outcomes as a function of the penalty parameter (log10 λ). 
Vertical dash lines were drawn at the λ.min (λ with the lowest mean squared error) and λ.1se (the highest λ within one standard error of the minimum mean squared 
error) selected using 10-fold cross-validation. The red dash lines defined the optimal values of λ.min, where the model provided the best fit to the data. The grey dash 
lines indicate the variables that were not selected in the LASSO model under the optimal λ, and the red numbers indicate the selected variable order of entry into the 
model (A, GDM outcome; B, FBG glucose outcome; C, 1-h PBG outcome; D, 2-h PBG outcome). (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.) 
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important concern for more targeted regulation. Recent efforts have 
been undertaken to develop methods to evaluate the combined effect of 
aggregated exposure to multiple pollutants, which could further allow 
identification of the most critical risk factors. We combined the WQS 
index ranking list and the LASSO standardized regression coefficient to 
identify the critical risk factors in relation to health outcomes. These two 
models were consistent and found that Total TEQ was the most potent 
risk factor for GDM. However, it should be noted that the following top 
three ranking weighted variables, i.e., PFHxA (short-chain PFAAs), BDE- 
183, and BDE-153 were also components with a relatively high weight in 
the WQS model suggesting a strong association with GDM. The chronic 
potential risks of food contaminants including dioxin and dioxin-like 
PCBs, PBDEs, PFOS and PFOA based on the type of critical effect they 
induce and their exposure frequency due to food consumption have been 
ranked (Eskola et al., 2020). In this ranking, dioxin and dl-PCBs pose 
higher potential chronic risks than PBDEs, PFOS and PFOA in European 
consumers. This ranking was considered simple due to the lack of 
toxicity, health risk or occurrence data. In the present study, we 
observed a similar ranking of DLCs > PBDEs > PFAAs using real expo-
sure data and related adverse health outcomes in a population of preg-
nant women. The findings provide a strong scientific basis for ranking 
the importance of POPs in terms of human health risk assessment. 

The potential mechanism behind the association between POPs 
exposure and diabetes including GDM is yet to be revealed, but extensive 

evidence from experimental studies supports the involvement of indi-
vidual POPs or POPs mixture exposure in the induction of multiple 
hormonal alterations (e.g., sex steroids and thyroid hormones) (Krau-
gerud et al., 2011; Rogstad et al., 2017), insulin resistance (Ruzzin et al., 
2010), mitochondrial dysfunction (Lim et al., 2010), DNA adducts for-
mation (Lai et al., 2011), oxidative stress (Hassoun et al., 2000), lipid 
peroxidation (La Merrill et al., 2013) and pancreatic β cell dysfunction 
(Hectors et al., 2011). The molecular mechanism linking DLCs to dia-
betes or its related endpoints has been widely investigated. Evidence 
from several experimental studies has converged to support the impor-
tant role of AhR activity, mainly because DLCs exert biological or toxi-
cological effects through the AhR-mediated pathway (Tavakoly Sany 
et al., 2015). For example, C57BL/6J wild-type and AhR-null mice 
injected intraperitoneally with 2,3,7,8-tetrachlorodibenzo-p-dioxin, the 
prototype of DLCs, significantly decreased the plasma insulin concen-
tration in wild-type mice but not in AhR-null mice (Kurita et al., 2009). 
Furthermore, a rodent study using a gene knockout mouse model found 
that AhR-deficient mice displayed enhanced insulin sensitivity and 
improved glucose tolerance (Wang et al., 2011). These findings sug-
gested that AhR has a physiological function in glucose metabolism, and 
supported the suspicion that activation of the AhR by DLCs could 
contribute to diabetes. 

The strengths of the present study included its prospective design, 
extensive POPs exposure measurement, and objective registry linkage 

Fig. 5. The estimated nonzero standardized coefficients in LASSO regression under the optimal λ (λ.min) (A, GDM outcome; B, FBG glucose outcome; C, 1 h PBG 
outcome; D, 2 h PBG outcome). 
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for determination of GDM. Moreover, we applied a mixture exposure 
analysis strategy, which contributed to obtaining better insights into the 
health effects of chemical mixtures on GDM, and the identification of the 
most influential exposures on the investigated outcomes while ac-
counting for correlated co-pollutants. However, there were some limi-
tations in the present study. Firstly, although the statistical power was 
acceptable, the small sample size still made the conclusion should be 
cautiously interpreted. Second, this was a single-center study performed 
in women of the same ethnicity. Future large-scale studies in a multi- 
ethnic population, preferably with a prospective design, are warranted 
to confirm our findings. Furthermore, information on dietary intake, 
physical activity and some socioeconomic factors were not available in 
the present study, which constituted residual confounding factors. We 
were also unable to separate the estimated effect of the investigated 
POPs from other unmeasured environmental exposures such as non- 
persistent organic pollutants, toxic metals, and air pollution. 

5. Conclusion 

In conclusion, based on a mixture exposure risk investigation in 
humans, exposure to POPs mixture exhibited significant combined ef-
fects on GDM and glucose homeostasis. Effect-based prioritization 
showed that DLCs in the POPs mixture were the most critical risk factors 
for GDM, and BDE-153 was most strongly associated with glucose ho-
meostasis. The priority POPs were DLCs > PBDEs > PFAAs > PCBs based 
on combined exposure data and mixture risk assessment. The present 
findings provide the basis for better knowledge on combined exposure to 
POPs on human health, which could contribute to developing a strategy 
for more targeted health protection and implementing priority measures 
for contamination control to achieve a cost-effective regulation 
framework. 
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Yamazaki, K., Öberg, M., Bergman, Å., 2020. Statement on advancing the assessment 
of chemical mixtures and their risks for human health and the environment. Environ. 
Int. 134, 105267. 

Eskola, M., Elliott, C.T., Hajslova, J., Steiner, D., Krska, R., 2020. Towards a dietary- 
exposome assessment of chemicals in food: an update on the chronic health risks for 
the European consumer. Crit. Rev. Food Sci. 60 (11), 1890–1911. 

Eslami, B., Naddafi, K., Rastkari, N., Rashidi, B.H., Djazayeri, A., Malekafzali, H., 2016. 
Association between serum concentrations of persistent organic pollutants and 
gestational diabetes mellitus in primiparous women. Environ. Res. 151, 706–712. 

Forns, J., Stigum, H., Høyer, B.B., Sioen, I., Sovcikova, E., Nowack, N., Lopez- 
Espinosa, M.J., Guxens, M., Ibarluzea, J., Torrent, M., Wittsiepe, J., Govarts, E., 
Trnovec, T., Chevrier, C., Toft, G., Vrijheid, M., Iszatt, N., Eggesbø, M., 2018. 
Prenatal and postnatal exposure to persistent organic pollutants and attention-deficit 
and hyperactivity disorder: a pooled analysis of seven European birth cohort studies. 
Int. J. Epidemiol. 47 (4), 1082–1097. 

Hassoun, E.A., Li, F., Abushaban, A., Stohs, S.J., 2000. The relative abilities of TCDD and 
its congeners to induce oxidative stress in the hepatic and brain tissues of rats after 
subchronic exposure. Toxicology 145 (2), 103–113. 

Hectors, T.L., Vanparys, C., van der Ven, K., Martens, G.A., Jorens, P.G., Van Gaal, L.F., 
Covaci, A., De Coen, W., Blust, R., 2011. Environmental pollutants and type 2 
diabetes: a review of mechanisms that can disrupt beta cell function. Diabetologia 54 
(6), 1273–1290. 

Kim, S., Park, J., Kim, H.J., Lee, J.J., Choi, G., Choi, S., Kim, S., Kim, S.Y., Moon, H.B., 
Kim, S., Choi, K., 2013. Association between several persistent organic pollutants 
and thyroid hormone levels in serum among the pregnant women of Korea. Environ. 
Int. 59, 442–448. 

Knutsen, H.K., Alexander, J., Barregård, L., Bignami, M., Brüschweiler, B., Ceccatelli, S., 
Cottrill, B., Dinovi, M., Edler, L., Grasl Kraupp, B., Hogstrand, C., Hoogenboom, L.R., 
Nebbia, C.S., Oswald, I.P., Petersen, A., Rose, M., Roudot, A.C., Vleminckx, C., 
Vollmer, G., Wallace, H., Bodin, L., Cravedi, J.P., Halldorsson, T.I., Haug, L.S., 
Johansson, N., van Loveren, H., Gergelova, P., Mackay, K., Levorato, S., van 
Manen, M., Schwerdtle, T., 2018b. Statement on the safety of d-ribose. EFSA J. 16 
(12), 5194. 

Knutsen, H.K., Alexander, J., Barregård, L., Bignami, M., Brüschweiler, B., Ceccatelli, S., 
Cottrill, B., Dinovi, M., Edler, L., Grasl Kraupp, B., Hogstrand, C., Nebbia, C.S., 
Oswald, I.P., Petersen, A., Rose, M., Roudot, A.C., Schwerdtle, T., Vleminckx, C., 
Vollmer, G., Wallace, H., Fürst, P., Håkansson, H., Halldorsson, T., Lundebye, A.K., 
Pohjanvirta, R., Rylander, L., Smith, A., van Loveren, H., Waalkens Berendsen, I., 
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