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Abstract

Background: Organochlorine pesticides (OCPs), polybrominated diphenyl ethers (PBDEs), and
polychlorinated biphenyls (PCBs) are persistent organic pollutants (POPSs) that can negatively
impact metabolic health through pathways including endocrine disruption. Few studies have
evaluated diabetes risk associated with PBDEs. Little is known about the joint effect of exposure
to POP mixtures on diabetes risk.

Objectives: We investigated the relationship between POPs, individually and as mixtures, and
diabetes development over 18 years (1999-2016) in midlife women.
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Methods: We measured lipid-standardized serum concentrations of 34 PCBs, 19 OCPs, and 14
PBDEs in 1,040 midlife women aged 45-56 years from the Study of Women’s Health Across

the Nation. We tested the association between POPs measured in 1999/2000 and incident diabetes
using Cox proportional hazards models. We evaluated diabetes risk associated with the overall
POP mixture using Quantile-Based G-Computation (QBGC).

Results: For most mixture components, single pollutant and mixtures analyses indicated null
associations with diabetes risk, however results were inconsistent. After adjustment, hazard ratios
(HRs) of developing diabetes (95% CI) associated with upper exposure tertiles (T2/T3) compared
with the first tertile (T1), were 1.7 (1.0, 2.8) at T2 and 1.5 (0.84, 2.7) at T3 for hexachlorobenzene
and 1.9 (1.1, 3.3) at T2 and 1.6 (0.88, 2.9) at T3 for PCB 123. A doubling of PBDE 47 was
associated with 1.11 (1.00, 1.24) times the risk of T2D. QBGC identified no association for the
overall joint effect of the POP mixture on diabetes (HR=1.04 [0.53, 2.07]).

Conclusion: Exposure to a mixture of PCBs, OCPs, and PBDEs was not associated with
incident diabetes in midlife U.S. women, although some individual POPs demonstrated significant
yet inconsistent associations with diabetes. Non-linear and non-monotonic dose-response
dynamics deserve further exploration. More research is needed on the diabetogenic effects of
PBDEs.

Keywords
persistent organic pollutants; PCBs; pesticides; PBDEs; women; diabetes

1. Introduction

Type 2 Diabetes (T2D) is increasingly prevalent and a leading cause of morbidity and
mortality. Diabetes was responsible for 6.7 million deaths worldwide in 2021 (International
Diabetes Federation, 2021). Global diabetes prevalence is projected to rise 46% from 1 in 10
adults in 2021 to 1 in 8 adults in 2045, with growth most rapid in low- and middle-income
countries (International Diabetes Federation, 2021; World Health Organization, 2022). T2D
comprises over 95% of diabetes cases (World Health Organization, 2022). In the United
States (U.S.), 1 in 10 adults have T2D, 1 in 3 have prediabetes, and 1 in 5 are undiagnosed
(Centers for Disease Control and Prevention, 2023, 2022). People with T2D are at higher
risk of stroke, cardiovascular disease, kidney failure, cancer, complications from SARS-
CoV-2, and death (Centers for Disease Control and Prevention, 2021; Chatterjee et al., 2017;
Vargas-Vazquez et al., 2021). T2D is characterized by insulin resistance, the inability of
glucose to be used to produce energy and its subsequent accumulation in the blood. Risk of
T2D increases with lack of exercise, obesity, and family history, yet genetics only explain
10% of cases (Billings and Florez, 2010). Increasingly, environmental chemical exposures
are explored as risk factors for T2D.

Persistent organic pollutants (POPs) are a broad class of chemicals that include, among
others, polychlorinated biphenyls (PCBs), polybrominated diphenyl ethers (PBDEs), and
organochlorine pesticides (OCPs). PCBs have been used in dielectric and coolant fluids,
paint, plastics, and pesticides. PCBs and OCPs were banned by many high-income countries,
including the U.S., in the 1970s and 1980s due to health risks at high doses (Centers
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for Disease Control and Prevention, n.d.). Additional countries have since banned OCPs
(Sharma et al., 2019). PBDEs have been used as flame retardants, manufactured in

several commercial mixtures including decaBDE in electronics, octaBDEs in plastics,

and pentaBDEs in upholstery foam, three types prohibited in the U.S. by 2013 (Agency

for Toxic Substances and Disease Registry, 2017). Although POPs are often considered
historical contaminants, climate change may exacerbate exposure worldwide as more intense
and frequent floods remobilize and redistribute POPs from industrial sites, river sediment,
and landfills (Crawford et al., 2022; Erickson et al., 2019). Furthermore, research emerges
on POP contamination of microplastics, which are ubiquitous in our environment and bodies
(Joo et al., 2021).

POPs can persist in the human body and act as endocrine disruptors (Bonefeld-Jargensen et
al., 2014; Gore et al., 2015; Wahlang, 2018). The main exposure pathway is diet, primarily
animal-based fatty foods (Agency for Toxic Substances and Disease Registry, 2000). Indoor
air is another source of PCBs and PBDEs, which then accumulate in dust (Agency for Toxic
Substances and Disease Registry, 2017; Kraft et al., 2021). High lipophilicity allows POPs
to accumulate in adipose tissue, where they can induce adipocyte dysfunction regardless

of obesity (Lee et al., 2018). Hormonal receptor-mediated mechanisms including low-grade
inflammation in adipose tissue are linked to insulin resistance and T2D (Lee et al., 2014;
Lind and Lind, 2018).

The relationship between diabetes and PCBs and OCPs is a popular topic of research,
however, findings often differ by compound. In the case of PCBs, many prospective studies
found PCBs to increase diabetes risk (Lee et al., 2011; Vasiliu et al., 2006; Wang et al.,
2008; Wolf et al., 2019) while others found no link (Charles et al., 2022; Lee et al., 2010;
Magliano et al., 2021; Rignell-Hydbom et al., 2007; Wu et al., 2013). Prospective studies
of OCPs suggest compound-specific positive associations with diabetes risk (Charles et al.,
2022; Lee et al., 2010; Rignell-Hydbom et al., 2007; Turyk et al., 2009; Wu et al., 2013) or
no associations (Magliano et al., 2021; Wolf et al., 2019). One limitation to compare some
prospective studies is the failure to standardize serum POP concentrations by serum lipids
(Rignell-Hydbom et al., 2009; Turyk et al., 2009; Vasiliu et al., 2006; Wang et al., 2008).

Few studies have investigated the relationship between PBDEs and diabetes, and of those
that do, most address gestational diabetes. Studies relevant to non-gestational diabetes are
contradictory with inconsistent dose-response curves. The most robust prospective studies
found no associations after serum lipid adjustment (Lee et al., 2010; Magliano et al., 2021).
PBDE exposure calculated using dietary intake and food contamination data, rather than
serum concentrations, had a positive, non-linear association with T2D risk (Ongono et al.,
2019).

Given the conflicting literature and the reality of simultaneous and correlated exposures,

it is critical to evaluate the overall effect of mixtures of PCBs, OCPs, and PBDEs. To

our knowledge, only two studies, both cross-sectional, have employed mixtures methods
(Reina-Pérez et al., 2023; Tan et al., 2022). PCB and OCP mixtures in adipose tissue

were linked to higher prevalence of metabolic syndrome (Reina-Pérez et al., 2023). Serum
mixtures of PCBs were associated with increased prevalence of diabetes (Tan et al., 2022).
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Women may be at greater risk of diabetes due to POPs exposure (Vasiliu et al., 2006;
Wang et al., 2008). Midlife and older women may be at a particularly increased risk of
disrupted glucose homeostasis associated with chronic exposure to POPs, independent of
body mass index (BMI), due to compounded effects of multi-decade POPs exposure and
possible interactions of POPs with aging-related physiological processes (Suarez-Lopez et
al., 2015). The Study of Women’s Health Across the Nation (SWAN) is one of the most
carefully phenotyped population samples with respect to the menopausal transition and
numerous heath markers. This study investigated whether serum concentrations of PCBs,
PBDEs, and OCPs, individually and as mixtures, were associated with incident diabetes
among U.S. midlife women in SWAN.

2. Methods

2.1. Study Population

The SWAN Multi-Pollutant Study (MPS) is part of the larger, ongoing SWAN, which

has been detailed previously (Sowers et al., 2000). SWAN is a multi-site, multi-ethnic
cohort study launched in 1996 to follow 3,302 premenopausal women between age 42

and 52 through the menopausal transition. Across 15 follow-up visits from 1996/97 to
2015/16, SWAN collected data on metabolic and reproductive biomarkers and health
outcomes, in addition to socio-demographic, lifestyle, and other risk factors. SWAN retained
approximately 75% of living participants over the study period (Wang et al., 2020). The
institutional review board at each site approved the study protocol and all participants
provided written, signed informed consent at each study visit.

The MPS characterizes environmental exposures in a subset of SWAN. The design of SWAN
MPS is illustrated in Supplemental Figure A.1. Environmental exposure data were collected
from biobanked specimens at the MPS baseline visit (1999/2000). The MPS was designed

to evaluate environmental chemicals in serum and urine, one class at a time and as mixtures;
therefore, participants who had sufficient volumes of both serum and urine were eligible.
After further excluding participants with insufficient serum or urine samples, the final MPS
totaled 1,400 women from Boston, MA, Los Angeles, CA, Oakland, CA, Pittsburgh, PA,
and southeast Michigan, which limited the sample to white, Black, Japanese, and Chinese
women.

2.2. POPs Measurements

Serum concentrations of PBDESs, PCBs, and OCPs were measured using blood samples
collected from the 1,400 women in the SWAN MPS at baseline (1999/2000). We

analyzed serum samples for 34 PCB congeners, 14 PBDEs, and 19 OCPs including
dichlorodiphenyltrichloroethane (DDT) metabolites p,p’-DDT, p,p’-DDE, and p,p’-DDD,
chlordanes, and hexachlorobenzene (HCB) among others (see Supplemental Table A.1 for
the complete list). Laboratory procedures, including quality assurance (QA), have been
detailed previously (Grant-Alfieri et al., 2024). A number of samples were flagged by two
QA checks. Background levels in some samples and/or blanks exceeded method detection
limits (MDLs), especially lower molecular weight PCBs which are widespread in many
older buildings. Additionally, some samples showed low response of the internal standards,
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a companion measurement and QA check, which is compensated by boosting the results.
Because these issues likely increase reported concentrations, these samples were excluded
from further consideration. Concentrations below the MDL were replaced with MDL/V2.

Lipid-standardized POP concentrations are preferable to wet weight concentrations because
POPs are lipophilic, circulate bound to lipids, and distribute in the body according to a
tissue’s lipid content (Heindel et al., 2017; Yu et al., 2011). Standardizing serum POP
concentrations by serum lipids has been the most common method employed in studies

of serum POPs because it eliminates the influence of recent fat intake on serum lipids

and enables the comparison of exposure across individuals (O’Brien et al., 2016). Total
cholesterol and triglycerides were measured by enzymatic methods (Hitachi 747-200
analyzer Boehringer Mannheim Diagnostics, Indianapolis IN). The total lipid concentration
was imputed using linear regression to address missing observations of total cholesterol and
triglycerides. O’Brien and colleagues (2016) recommended traditional standardization in
addition to model adjustment for serum lipids when serum POPs are the exposure of interest
(O’Brien et al., 2016).

S = C/OTL x 102.6

OTL = (2.27*TC) + TG + 62.3

where S is lipid-standardized serum POP concentration (ng/g lipid); C is wet weight serum
POP concentration (ng/g); OTL is observed total lipid concentration (mg/dl) (Centers for
Disease Control and Prevention, n.d.); TC is total cholesterol concentration (mg/dl); and TG
is triglycerides concentration(mg/dl).

2.3. Diabetes Incidence

From 1999/2000 (baseline) through 2015/16, participants were defined as having incident
diabetes if they met one or more of the following criteria: (1) use of an anti-diabetic
medication at any visit; (2) fasting glucose =7 mmol/l at two consecutive visits while not
taking corticosteroids including glucocorticoids; and (3) any two visits with self-reported
diabetes and at least one visit with fasting glucose =7 mmol/l. Most if not all of the diabetes
cases in this population of midlife women are likely T2D. See Supplemental Methods
Section 1 for additional information on incident diabetes ascertainment.

2.4. Covariates

Potential confounders of the relationship between serum POP concentrations and diabetes
incidence were selected a priori. Age can influence exposure especially for historical
contaminants such as PCBs, OCPs, and PBDEs. In addition, T2D risk increases with age,
notably after 45 years of age (Centers for Disease Control and Prevention, n.d.). Study
sites included Los Angeles, CA, Oakland, CA, Pittsburgh, PA, Boston, MA, and Southeast
MI. Self-reported race/ethnicity, financial hardship, and education were assessed by a
self-administered questionnaire in 1996/97. Black and white women were recruited from
Boston, Southeast M, and Pittsburgh; Chinese and white women from Oakland; Japanese
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and white women from Los Angeles. Race was not a proxy for biological or genetic
differences yet was included because it is implicit in systems, policies, and institutions that
shape individuals’ environments and experiences (The Aspen Institute, 2017). Differences
in lifestyle, resources, and historical contamination may result from structural racism, “a
system in which public policies, institutional practices, cultural representations, and other
norms work in various, often reinforcing ways to perpetuate racial group inequity” (The
Aspen Institute, 2017). Weekly dietary intake frequency of meat, high fat dairy, fish and
shellfish were collected in 1996/97 using a semiquantitative adaptation of the Block Food
Frequency Questionnaire.

At baseline (1999/2000), age, smoking status, alcohol consumption, and menopausal
status were self-reported. Smoking status was defined as never, current, or past. Alcohol
consumption was categorized as 0, <1, 1-7, or >7 drinks per week. Menopausal status

was categorized as i) pre-menopause or early peri-menopause, ii) late peri-menopause or
post-menopause due to surgical or natural processes, or iii) unknown due to hormone
therapy. Waist circumference (WC) was measured to the nearest 0.1 cm at baseline. WC
was the most appropriate proxy for visceral fat mass, considering the invasiveness of
collecting adipose tissue and the high degree of missingness for body composition scan
data, (Dirinck et al., 2015) and may better predict diabetes incidence (Fan et al., 2020).
Physical activity during the prior 12 months was scored from 3 to 15 with 15 indicating the
most activity, as previously detailed (Wang et al., 2020). If women were missing physical
activity observations from baseline (1999/2000), we used observations from 1997/99. Parity
was defined as parous or nulliparous based on live and stillbirths. Uniform protocols were
used to collect covariate data across study sites.

2.5. Statistical Analysis

Women with POPs data meeting surrogate recovery and other QA criteria were considered
for further analysis. Of the 1,400 participants, this excluded 166 women with OCP data, 405
with PCB data, and 281 with PBDE data, in turn creating three subsamples by POP type. We
excluded women for insufficient serum lipids (cholesterol) information; two from the PCB
subsample, two from the PBDE subsample, and one from the OCP subsample. We retained
POP compounds detected in at least 70% of samples. We did not apply the 70% detection
frequency (DF) cutoff to p,p’-DDT, p,p’-DDE, and p,p’-DDD. Notwithstanding the low
detection frequencies of DDT metabolites, approximately 40%, their high lipophilicity

and persistence, endocrine disruption and carcinogenicity, and continued use worldwide
warranted special consideration (U.S. Environmental Protection Agency, 2023). After these
exclusions, 14 PCBs, 7 OCPs, and 1 PBDE remained.

The distributions of POPs were characterized using the median and various quantiles. We
reported the 33 and 66t percentiles because they defined tertiles (T1, T2, T3). We reported
concentrations using traditional lipid-standardization to facilitate comparison with previous
studies. We visualized Spearman correlations between serum POP concentrations using a
heatmap.

Compiling data on T2D diabetes and covariates, we applied additional inclusion and
exclusion criteria. We excluded women who had diabetes at or before 1999/2000: 67 from
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the OCP subsample, 52 from the PCB subsample, and 60 from the PBDE subsample.
Additionally, we omitted participants lacking key covariate information, leaving 1,071
women in the OCP subsample, 866 in the PCB subsample, and 972 in the PBDE subsample.
To compute inverse probability weights (IPW) to account for potential selection bias,

we omitted participants missing IPW predictors. Details about IPW are described in the
Supplemental Methods Section 2. After restricting to observations with IPW, the final OCP
subsample was reduced to 1,040 (102 cases), the PCB subsample to 838 (85 cases), and

the PBDE subsample to 943 (92 cases). Supplemental Figure A.1 illustrates this process.
Mixtures analyses were conducted in a slightly reduced population of 809 women who had
complete observations for PCBs, OCPs, and PBDEs.

Cox proportional hazard models were constructed to evaluate the association between serum
POP concentrations and diabetes incidence over an 18-year follow-up period. Serum POP
concentrations, standardized using traditional lipid-standardization, were the independent
variables (O’Brien et al., 2016). We treated serum POP concentrations as continuous, log2-
transforming them and interpreting hazard ratios (HRs) and 95% confidence intervals (Cls)
per doubling of concentration. To explore non-linearity and non-monotonicity, we assessed
POP tertiles. We assessed DDT metabolites using a binary exposure variable (detect vs.
non-detect) as well as a three-level exposure variable treating non-detection as the reference
group and dividing detectable concentrations at the median to create moderate and high
exposure groups.

In single pollutant and mixture analyses, final models were adjusted for age, study

site, race/ethnicity, education, financial strain, alcohol, smoking, parity, physical activity,
high fat dairy intake, meat intake, fish/shellfish intake, and serum lipids (Model 3). We

first investigated crude models (Model 0) followed by models adjusted for demographic

and socioeconomic covariates (Model 1). Model 2 further adjusted for serum lipids as
recommended when exposures are serum concentrations of lipid-soluble chemicals (O’Brien
et al., 2016). All models were adjusted for joint stabilized IPWs. IPW lessens the impact of
selection bias on risk estimates that may arise from selective participation into SWAN MPS
(see Supplemental Methods).

Model 0 = Unadjusted

Model 1 = Joint stabilized inverse probability weights + demographic and socioeconomic variables: age,
race/ethnicity, study site, education, and financial strain

Model 2 = Model 1 + serum lipids

Model 3 (final) = Model 2 + behavioral and reproductive variables: alcohol consumption, smoking status, parity,

physical activity, high fat dairy intake, meat intake, and fish/shellfish intake

As a sensitivity analysis, we additionally adjusted for baseline WC, however, this may be
an over-adjustment, therefore Model 3 was selected a priori as our main model. Menopausal
status in 1999/2000 and change in WC between 1997/99 and 1999/2000 were explored as
potential confounders and ultimately not included (data not shown).

We quantified the overall effect of the POP mixture using Quantile-Based G-Computation
(QBGC). The strong positive correlations between POP concentrations informed our
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decision to use a mixtures approach (Figure A.2). QBGC combines the strengths of the
Weighted Quantile Sums regression (WQS) and the causal effect estimation method, G-
Computation (Keil et al., 2020). Compared to WQS, QBGC does not assume directional
homogeneity, linearity, or additivity of mixture components. Thus, using QBGC, we
computed a weighted index of POPs based on tertiles of exposure. The scaling allowed

for comparability across POP mixture components. We then built Cox proportional hazards
models using a single weighted index exposure term. The overall mixture effect was
computed as the sum of estimated regression coefficients of all POP variables and can

be interpreted as the HR of incident diabetes associated with a one-tertile increase in the
serum concentrations of all POPs after controlling for covariates. The R package ‘qgcomp’
was used in this analysis (Keil, 2022).

3. Results

3.1. Participant Characteristics

The characteristics of women at SWAN MPS baseline (or first available timepoint, in the
case of sociodemographic characteristics) are presented in Table 1. The median age at
baseline was 49 years (IQR: 47-51). Approximately one quarter of women were from Los
Angeles, a quarter from Oakland, and those remaining were relatively evenly distributed
among Pittsburgh, Boston, and southeast MI. In terms of race/ethnicity, approximately half
were white. Half of the participants attained a college education at minimum. Most women
reported little to no alcohol use and no smoking history. Approximately 30% of women
experienced moderate or high financial strain. The median WC at baseline was 81 cm (IQR:
73-93). Approximately 80% of women were parous. Between 1999 and 2016, 10% of
women developed diabetes with 85 cases in the PCB subsample, 92 in the PBDE subsample,
and 102 in the OCP subsample.

3.2. Exposure to POPs

Serum POP concentrations at baseline (1999/2000) are displayed in Table 2. PCBs

were detected at the highest frequencies. 14 PCBs, PBDE 47, HCB, cis-chlordane, trans-
chlordane, and trans-nonachlor met DF criteria (Table A.1). PCB 118, 138, 153, and 180 had
the highest median (IQR) concentrations of 263.4 ng/g lipid (138.4, 402.8), 366.0 (176.0,
643.4), and 215.6 (120.8, 353.4), respectively. PCB 105, PCB 180, and PBDE 47 also had
relatively elevated concentrations of 73.8 (38.3, 122.4), 39.1 (24.6, 60.1), and 38.5 (22.8,
80.7), respectively.

3.3. POPs and Diabetes Incidence

Single pollutant models identified few statistically significant results and suggested both
positive and negative associations (Table 3). After adjustment (Model 3), HCB and PCB
123 were associated with increased diabetes risk with HRs (95% CI) of 1.67 (1.00, 2.79)
and 1.87 (1.06, 3.29), respectively, when comparing T2 to T1. No significant effects were
observed when comparing T3 versus T1, although the HRs remained above 1.0, suggesting
a positive, non-linear relationship. Neither HCB nor PCB 123 had a significant trend across
tertiles, which is consistent with a failure to reach statistical significance when analyzed
continuously. In contrast, a doubling of PBDE 47 was associated with increased diabetes
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risk with an HR (95% CI) of 1.11 (1.00, 1.24), yet HRs from tertile analysis did not reach
levels of statistical significance. Findings for PCBs, besides PCB 123, suggest a protective
relationship although none were statistically significant. All single pollutant results from
Models 0, 1, and 2 are presented in Tables A.2—-A.4. Moderate and high exposures to
p,p’-DDE, p,p’-DDT, and p,p’-DDD were not significantly associated with diabetes risk,
relative to non-detection (Table 4). Detection of DDT metabolites was also not associated
with diabetes risk, relative to non-detection (Table A.5).

QBGC survival analysis suggested a null overall joint effect of the POP mixture. After
adjustment, a one-tertile increase in the serum concentrations of all POPs was not associated
with diabetes risk (HR = 1.04 [95% ClI: 0.53, 2.07]). Further adjustment for baseline WC
did not significantly impact the estimate (HR = 1.15 [95% CI: 0.57, 2.29]). Examining

the contributions (weights) of individual compounds on the overall joint effect of the POP
mixture, it appeared that the direction of effect was compound dependent (Figure A.3).

4. Discussion

4.1. POPs and Diabetes Development

This study attempted to elucidate the complex dynamics between POPs and diabetes

by investigating the effects of individual pollutants and the overall mixture. Multiple
comparisons in single pollutant analyses may explain why positive associations were
suggested for PCB 123, PBDE 47, and HCB while the majority were null. Although many
of our findings suggest non-linearity, the failure to reach significance at one or both tertiles
impaired our ability to draw conclusions about dose-response shape. There is precedence for
dose-response curves that plateau or resemble an inverted U, yet these studies do not explain
our specific findings for PBDE 47, HCB, and PCB 123 (Lee et al., 2011, 2010; Tan et al.,
2022). The mechanism underlying a non-linear association is unclear, although endocrine
disruption is one proposed explanation. At low doses, endocrine disruptors may exert effects
not seen at higher doses (Lee et al., 2014). There is moderate to strong evidence that EDCs
including POPs have diabetogenic effects, which manifest in a non-monotonic manner (Gore
etal., 2015).

Mechanisms linking POPs, insulin resistance, and T2D are complex in part because they
involve adipose tissue, a major storage site for POPs. People with similar adiposity can
vary widely in insulin resistance and T2D risk (Gregg et al., 2007; McLaughlin, 2007;
Sims, 2001). The dysfunction of visceral adipose tissue may better predict metabolic health
than adipose tissue mass itself (Barrett, 2013; Bluher, 2010; Dirtu et al., 2013; La Merrill
etal., 2013; Lamat et al., 2022). Therefore, it is critical to look beyond adipose tissue

mass to consider POPs accumulated inside the tissue, where they may exert inflammatory
and/or endocrine disrupting effects (Barrett, 2013; La Merrill et al., 2013; Lee et al.,

2014). Low-dose POPs exposure has been shown have to pro-inflammatory effects in
adipose tissue (Lee et al., 2018). Endocrine mechanisms linking POPs and T2D include the
disruption of estrogen, androgen, thyroid hormone, and glucocorticoid homeostasis (Charles
et al., 2022; Lind and Lind, 2018). Additional mechanisms may include oxidative stress
and mitochondrial dysfunction (Lee et al., 2014; Lind and Lind, 2018). In mitochondrial
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dysfunction, diacylglycerol and fatty acid metabolites accumulate and suppress insulin
signaling, leading to insulin resistance (Charles et al., 2022).

Existing literature demonstrates strong evidence for a relationship between T2D and low-
dose exposure to OCPs and PCBs (Lee et al., 2018), moderate evidence for p,p’-DDE, (Lind
and Lind, 2018), and strong evidence for chlordanes (Mendes et al., 2021). The link between
POPs and insulin resistance is supported by /n vivo studies (Enan et al., 1992; Gray et al.,
2013; Ruzzin et al., 2010; Yau and Mennear, 1977). Most cross-sectional studies suggest
positive relationships with some evidence of compound-specific non-linearity. One notable
cross-sectional study assessed serum PCBs and OCPs at multiple timepoints and found
increased risk of T2D up to 7 years before diagnosis with effect strength increasing as the
time between serum collection and diagnosis decreased (Charles et al., 2022). Compared to
cross-sectional studies, findings from prospective studies were less consistent in the shape
and strength of dose-response relationships.

Results from prospective studies of PCBs are somewhat inconsistent, many finding that
PCBs increase T2D risk (Lee et al., 2011; Vasiliu et al., 2006; Wang et al., 2008) and

others finding no relationship (Charles et al., 2022; Lee et al., 2010; Magliano et al., 2021;
Rignell-Hydbom et al., 2009; Wu et al., 2013). Two such PCB studies found significant
positive relationships only in women (Vasiliu et al., 2006; Wang et al., 2008). Another study
found that among people who never developed T2D, lipid-adjusted Y PCBs were associated
with reduced insulin sensitivity, most prominently in the 48-55 age group; no effect was
observed among participants who developed T2D (Suarez-Lopez et al., 2015). Existing
evidence does not explain why we observed a positive association for PCB 123 but not for
other PCBs.

Prospective studies of OCPs suggest positive associations with compound-specific
inconsistencies (Charles et al., 2022; Lee et al., 2010; Rignell-Hydbom et al., 2009; Turyk
etal., 2009; Wu et al., 2013). One study found no association (Magliano et al., 2021). HCB
and p,p’-DDE were associated with diabetes risk, however, the direction of effect and shape
of dose-response curves were inconsistent (Rignell-Hydbom et al., 2009; Turyk et al., 2009;
Wau et al., 2013). Findings from a 16-year study of T2D risk and adipose concentrations

of PCBs and OCPs suggest a positive association although estimates did not reach levels

of statistical significance. (Barrios-Rodriguez et al., 2021). The positive association we
observed for HCB is supported by the literature.

Our finding of a marginal positive association for PBDE 47 is an important contribution
given the dearth of epidemiological literature on T2D and PBDESs. The two most robust
prospective studies of PBDEs found no associations with T2D after lipid adjustment (Lee et
al., 2010; Magliano et al., 2021). Exposure to Y PBDES, based on dietary estimates, had a
positive, non-linear association with T2D risk (Ongono et al., 2019). Animal studies suggest
that PBDEs may increase diabetes risk, possibly involving the PPARy receptor (Alimu et al.,
2021). Consistent with our findings, PBDE 47 was shown /n vivoto increase fasting glucose
(Zhang et al., 2016). More research on PBDEs and T2D risk is warranted.

Environ Res. Author manuscript; available in PMC 2025 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Grant-Alfieri et al.

Page 11

In our study, mixtures approaches were useful for comparison purposes but did not
contribute significantly to our conclusions beyond what was indicated by single pollutant
analyses. It is difficult to contextualize our findings in the literature as only two such studies
have been conducted. Gasull and colleagues (2012) found a positive, linear association
between a PCB mixture and diabetes prevalence using Bayesian Kernel Machine Regression
(BKMR) modeling (Gasull et al., 2012). Using Weighted Quantile Sum (WQS) regression
models, Reina-Pérez and colleagues (2023) found a positive association between a mixture
of PCBs and OCPs and the prevalence of metabolic syndrome, driven by OCPs including
HCB (Reina-Pérez et al., 2023). Neither of the existing mixtures studies evaluated PBDEs,
and their methods, BKMR and WQS, cannot be employed in time-to-event analysis (Gasull
etal., 2012; Reina-Pérez et al., 2023). Notwithstanding, it remains difficult to explain

our overwhelmingly null findings relative to positive associations in mixtures and single
pollutant studies.

The long follow-up period after POP measurement may have obscured a relationship
between POPs and diabetes. Although a longer follow-up time has numerous advantages,
the value of a single baseline serum concentration may decrease with an increasing follow-
up duration, thus reducing our chances of uncovering an association (Lee et al., 2018).
Exposure measurement error may increase over time as menopausal changes in adiposity
affect serum concentrations of lipophilic POPs. Studying T2D risk among menopausal and
post-menopausal women over a 19-year period, Wu et al. (2013) found null associations
for PCBs and DDT metabolites and a positive association for HCB (Wu et al., 2013).

This somewhat aligns with our findings. Furthermore, we considered that effect size may
decrease as time increases between serum collection and diagnosis, but our ability to
evaluate potential differences in effect size by follow-up time was impaired by low case
counts (Charles et al., 2022).

Differences in exposure distributions across studies may not fully account for incongruent
results, nevertheless they limit our ability to draw rigorous conclusions regarding dose-
response dynamics. SWAN MPS had higher POP concentrations than NHANES 1999-2004
(Centers for Disease Control and Prevention, n.d.). Our findings could be explained in part
by the possibility that diabetes risk increases more linearly for POPs in the low-dose range
compared to the high-dose range (Lee et al., 2018). However, low-dose and high-dose are
somewhat study-specific. Lee et al. (2010) reported PCB and OCP concentrations similar
to SWAN concentrations and found trans-nonachlor to be associated with increased T2D
risk. Although exposure levels were similar, our findings differed. Wu et al. (2013), a
similar prospective midlife study, reported higher levels of PCB 180 and HCB and lower
levels of PCB 118, 138, and 153 compared to SWAN. These differences may be due to
geography and participant age. Wu et al. (2013) found null associations for PCBs that
suggest non-linearity, null associations for DDT metabolites, and a positive association
for HCB. Here, although exposure levels differed, our findings were somewhat aligned.
Exposure distribution is one of many factors that may account for discrepancies in results
across studies.
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4.2 Strengths and Limitations

This is the first prospective study of POPs and diabetes to employ a mixtures approach. Our
study is one of few to analyze PBDEs in addition to PCBs and OCPs. We employ QBGC, a
rigorous, outcome-based mixtures method that can account for co-pollutant confounding and
interactions in a highly correlated mixture. QBGC does not assume directional homogeneity,
linearity, or additivity of mixture components. The study leveraged SWAN’s original design
to understand metabolic changes throughout the menopausal transition. The prospective
design enabled time-to-event analysis over 18 years and the use of IPW at multiple
timepoints to account for selection bias. Our study represents women from multiple

urban areas with a focus on Chinese and Japanese women who have been historically
underrepresented in U.S. studies.

This study is primarily limited by the small number of diabetes cases and the single
measure of serum POPs. A larger sample would have given us the power to stratify by
potential mechanistic characteristics such as menopausal status or obesity. With a larger
sample we could have investigated the interaction of race/ethnicity with POPs or study site.
Robust analysis of time-varying hazard ratios was prohibited by small case numbers at early
follow-up visits. Furthermore, different timing of serum collection with respect to diabetes
diagnosis could have affected risk estimates. These findings may only be generalizable to
populations similar to U.S. midlife women residing in greater metropolitan areas. Finally, in
the single pollutant analyses, we did not address multiple comparisons.

5. Conclusion

This study examined incident diabetes and exposure to POPs individually and as a mixture.
Overall, we conclude that exposure to a mixture of serum POPs was not associated with
incident diabetes in midlife U.S. women, although some individual POPs demonstrated
positive yet inconsistent associations with diabetes risk. In this study, mixtures analyses did
not contribute substantial information beyond the single pollutant approach. Nevertheless, a
mixtures approach is valuable to validate and contextualize single pollutant findings and is
necessary to evaluate the overall effect of a mixture. Additional studies are needed on the
effects of PBDESs on insulin resistance. We recommend repeated POP measures and a larger
study sample to elucidate this relationship and provide insight into mechanisms of action.
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Highlights

. Relations of persistent organic pollutants and incident diabetes were
examined in midlife women.

. Exposure to polychlorinated biphenyl (PCB) 123, hexachlorobenzene, and
polybrominated diphenyl ether (PBDE) 47 may increase diabetes risk.

. Exposure to a mixture of persistent organic pollutants was not linked to
incident diabetes.

. Non-linear and non-monotonic dose-response dynamics deserve further
exploration.
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Characteristics of SWAN MPS Participants Free of Diabetes at Baseline, 1999/2000.

Table 1.

PCB Subsample

PBDE Subsample

OCP Subsample

Characteristic

N = 8381

N = 9431

N =1,0401

Developed Diabetes

85 (10%)

92 (9.8%)

102 (9.8%)

Age at Baseline (yr)

49.0 (47.0, 51.0)

49.0 (47.0, 51.0)

49.0 (47.0, 51.0)

Race/Ethnicity

Black 152 (18%) 169 (18%) 191 (18%)
White 441 (53%) 495 (52%) 548 (53%)
Chinese 116 (14%) 135 (14%) 141 (14%)
Japanese 129 (15%) 144 (15%) 160 (15%)
Study Site
Boston 126 (15%) 144 (15%) 157 (15%)
Los Angeles 224 (27%) 251 (27%) 290 (28%)
Oakland 208 (25%) 236 (25%) 246 (24%)
Pittsburgh 145 (17%) 159 (17%) 180 (17%)
SE Michigan 135 (16%) 153 (16%) 167 (16%)

Educational Attainment

High School or Less

137 (16%)

160 (17%)

179 (17%)

Beyond High School 261 (31%) 285 (30%) 316 (30%)
College 199 (24%) 231 (24%) 253 (24%)
Beyond College 241 (29%) 267 (28%) 292 (28%)
Menopause Status
Pre-menopause or early peri-menopause 524 (63%) 590 (63%) 649 (62%)
Late peri-menopause or surgical/natural post-menopause | 182 (22%) 202 (21%) 218 (21%)
Unknown 132 (16%) 151 (16%) 173 (17%)
Alcohol Consumption at Baseline
None 425 (51%) 483 (51%) 529 (51%)
<1 drink per week 210 (25%) 227 (24%) 257 (25%)
1-7 drinks per week 145 (17%) 163 (17%) 179 (17%)
>7 drinks per week 58 (6.9%) 70 (7.4%) 75 (7.2%)

Smoking Status at Baseline

Never 539 (64%) 604 (64%) 667 (64%)

Current 80 (9.5%) 89 (9.4%) 98 (9.4%)

Past Only 219 (26%) 250 (27%) 275 (26%)
Financial Strain, Somewhat or Very Difficult 240 (29%) 272 (29%) 303 (29%)
Physical Activity Score (3 to 15), not including work 7.8(6.7,8.9) 7.9 (6.7,9.0) 7.9 (6.7,9.0)
Parous (live or still birth) 662 (79%) 751 (80%) 826 (79%)

Total Serum Lipid Concentration (mg/dl) at Baseline

613.2 (544.9, 699.4)

610.5 (545.0, 695.9)

611.8 (545.8, 698.6)
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PCB Subsample

PBDE Subsample

OCP Subsample

Characteristic

N = 8381

N =943l

N =1,0401

Waist Circumference (cm)

81.3(73.3,93.2)

81.1(73.0, 92.8)

81.1(73.1,93.2)

High Fat Dairy Consumption (weekly frequency)

10.6 (5.7, 19.0)

10.8 (5.8, 19.1)

10.8 (5.8, 19.3)

Meat Consumption (weekly frequency)

35 (2.0, 5.6)

35 (1.8, 5.6)

35 (2.0, 5.5)

Fish and Shellfish Consumption (weekly frequency)

1.3(0.79, 2.5)

1.5 (0.79, 2.5)

1.5 (0.79, 2.5)

'ZMedian (IQR) or Frequency (%)
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Table 2.
Serum POP Concentrations (ng/g lipid) among SWAN MPS Participants Free of Diabetes at Baseline,
1999/2000

DF (%) | P25 P33 P50 P66 | P75
PCBs (n = 838)
PCB 105 99.3 383 |476 | 738 |981 | 1224
PCB 118 95.3 138.4 | 178.7 | 2634 | 348.7 | 402.8
PCB 123 91.7 131 | 167 | 307 |461 | 607
PCB 138 100.0 176.0 | 247.8 | 366.0 | 534.0 | 643.4
PCB 153 100.0 1208 | 151.9 | 2156 | 288.7 | 353.4
PCB 156 97.2 3.9 4.6 6.3 9.4 11.9
PCB 157 85.7 14 18 26 36 4.4
PCB 167 98.8 36 4.4 6.2 8.2 9.6
PCB 170 99.7 122 |[141 | 190 |252 | 286
PCB 174 98.5 113 | 143 |211 |276 | 331
PCB 178 82.1 38 4.7 6.6 838 102
PCB 180 94.9 246 | 291 | 391 |527 |601
PCB 187 99.8 197 | 245 | 344 |456 |537
PCB 194 718 <LoD | 35 48 6.3 7.3
PBDES (n = 943)
PBDE 47 728 <LOD | 246 | 385 |571 |807
OCPs (n = 1,040)
cis-chlordane 78.4 6.4 8.0 10.8 14.2 16.5
HCB 97.1 93 103 [ 129 | 162 | 183
trans-chlordane 96.1 7.0 8.9 12.7 17.0 20.6
trans-nonachlor 72.0 <LOD | 6.7 10.0 13.6 16.5
p,p’-DDT 39.6 <LoD | <LoD | <LoD | 5.2 9.3
p,p’-DDD 38.9 <LoD | <LoD | <LoD | 113 | 257
p,p’-DDE 38.8 <LoD | <LoD | <LoD | 117 | 231
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Table 3.
Hazard Ratio (95% CI) of incident diabetes associated with serum POP concentrations,

1999-2016.

Model adjusted for age at baseline, race/ethnicity, site, education, financial strain, alcohol, smoking, parity,
physical activity, high fat dairy intake, meat intake, and fish/shellfish intake, serum lipids at baseline, and joint
stabilized inverse probability weights. Second and third tertiles of serum POP concentrations were analyzed

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny
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relative to the first tertile.

Compound Continuous (per doubling) | p Tertile 2 Tertile 3 p for trend
OCPs (n = 1040)

cis-chlordane 1.05 (0.89, 1.25) 0.5632 | 0.88(0.52,1.46) | 0.96(0.58,1.59) | 0.8713
HCB 1.07 (0.81, 1.42) 0.6298 | 1.67 (1.00, 2.79) 1.49 (0.84,2.66) | 0.1584
trans-chlordane 1.02 (0.88, 1.19) 0.7878 | 1.41(0.84,2.38) | 1.30(0.75,2.24) | 0.3399
trans-nonachlor | 1.04 (0.86, 1.27) 0.6734 | 0.92(0.55,1.54) | 1.13(0.67,1.89) | 0.6481
PBDEs (n = 943)

PBDE 47 1.11 (1.00, 1.24) 0.0509 | 0.98 (0.56, 1.72) 1.37 (0.78, 2.43) | 0.2772
PCBs (n = 838)

PCB 105 0.98 (0.85, 1.14) 0.8290 | 1.03(0.59, 1.80) 0.81 (0.44,1.48) | 0.5031
PCB 118 0.92 (0.76, 1.12) 0.4052 | 0.91(0.52, 1.59) 0.85 (0.47,1.53) | 0.5819
PCB 123 1.10 (0.96, 1.27) 0.1704 | 187 (1.06,3.29)* | 1.60 (088,292 | 0.1180
PCB 138 0.95 (0.81, 1.11) 0.5254 | 0.83(0.48, 1.43) 0.72 (0.40, 1.28) | 0.2607
PCB 153 0.92 (0.73,1.17) 0.4990 | 1.05(0.61, 1.82) 0.72 (0.39, 1.33) | 0.3068
PCB 156 0.85 (0.69, 1.05) 0.1303 | 0.91(0.53, 1.57) 0.68 (0.38,1.21) | 0.1881
PCB 157 0.91 (0.71,1.17) 0.4498 | 0.71(0.40, 1.23) 0.72 (0.39,1.33) | 0.2744
PCB 167 0.91 (0.70, 1.17) 0.4539 | 0.84 (0.50, 1.42) 0.88 (0.48,1.62) | 0.6585
PCB 170 0.92 (0.75, 1.14) 0.4593 | 0.95(0.55, 1.64) 0.77 (0.43,1.35) | 0.3636
PCB 174 0.92 (0.74, 1.15) 0.4799 | 0.98 (0.57, 1.68) 0.77 (0.42,1.43) | 0.4111
PCB 178 0.91 (0.70, 1.19) 0.5003 | 0.93(0.53,1.61) 0.77 (0.43,1.37) | 0.3742
PCB 180 1.00 (0.85, 1.17) 0.9825 | 0.67(0.38, 1.19) 0.80 (0.47,1.38) | 0.4101
PCB 187 0.97 (0.77, 1.22) 0.8033 | 0.98 (0.57,1.71) 0.84 (0.47,1.50) | 0.5598
PCB 194 0.96 (0.71, 1.30) 0.7876 | 0.81(0.46, 1.45) 0.96 (0.56, 1.65) | 0.8687

*
indicates a p-value < 0.05
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Table 4.
Hazard Ratio (95% CI) of incident diabetes associated with DDT metabolites, 1999-2016.

Model adjusted for age at baseline, race/ethnicity, site, education, financial strain, alcohol, smoking, parity,
physical activity, high fat dairy intake, meat intake, and fish/shellfish intake, serum lipids at baseline, and joint
stabilized inverse probability weights. Moderate and high quantiles of exposure were analyzed relative to non-
detection. (n = 1040)

Metabolite | Moderate Exposure | High Exposure | p for trend
p,p’-DDD | 0.93 (0.53, 1.64) 0.96 (0.56, 1.65) | 0.836
p,p’-DDE | 0.80(0.44, 1.45) 1.35(0.84,2.17) | 0.381
p,p’-DDT | 1.16 (0.70, 1.92) 1.11(0.63,1.97) | 0.614
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