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Introduction
Diabetes mellitus, a metabolic disorder characterized by glucose 
dysregulation and insulin resistance, is a globally important 

cause of morbidity and mortality due to its high and increas-
ing prevalence worldwide.1 In addition to traditional risk fac-
tors for diabetes (e.g., energy-rich diet, physical inactivity, and 
overweight/obesity), epidemiologic evidence suggests that lon-
ger-term mean ambient air pollution concentrations are associ-
ated with higher risk of incident diabetes,2–10 particularly among 
women.2 Endothelial dysfunction, visceral adipose inflamma-
tion, hepatic insulin resistance, and pulmonary oxidative stress 
have been implicated as plausible biological mechanisms by 
which air pollution may affect diabetogenesis.8–12

Recent epidemiologic studies also suggest that longer-term 
mean ambient particulate matter (PM) and nitrogen oxide 
(NOx) concentrations are associated with biomarkers of im-
paired glucose homeostasis and insulin resistance.13–23 Studies of 
shorter-term mean concentrations are sparse, but yield mostly 
consistent positive associations.17,23–29 Extant studies also indi-
cate that prediabetes may exacerbate the adverse effects of air 
pollution on these biomarkers.13,29 However, current evidence 
examining short- and longer-term mean concentrations largely 
relies on cross-sectional studies13,15–21,26,27,29 with limited general-
izability due to focus on adolescents,15,18,19 the elderly,14,24,28 or 
pregnant women.26

Accordingly, the present study aimed to determine 
whether short- and longer-term mean ambient PM and NOx 
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Background: Ambient particulate matter (PM) and nitrogen oxide (NOx) air pollution may be diabetogenic.
Objective: To examine longitudinal associations of short- and longer-term mean PM ≤10 μm (PM10), PM ≤2.5 μm (PM2.5), and NOx 
concentrations with five biomarkers of diabetes risk.
Methods: We studied a stratified, random minority oversample of nondiabetic Women’s Health Initiative clinical trials participants 
with biomarkers and geocoded participant address-specific mean air pollution concentrations available at repeated visits (years = 
1993–2004; n = 3,915; mean age = 62.7 years; 84% white). We log-transformed the biomarkers, then used multi-level, mixed-ef-
fects, longitudinal models weighted for sampling design/attrition and adjusted for sociodemographic, clinical, and meteorological 
covariates to estimate their associations with air pollutants.
Results: Biomarkers exhibited null to suggestively negative associations with short- and longer-term PM10 and NOx concentrations, 
e.g., −3.1% (−6.1%, 0.1%), lower homeostatic model assessment of insulin resistance per 10 μg/m3 increase in 12-month PM10. 
A statistically significant interaction by impaired fasting glucose (IFG) at baseline in this analysis indicated potentially adverse effects 
only among women with versus without IFG, i.e., 1.4% (−3.5%, 6.5%) versus −4.6% (−7.9%, −1.1%), Pinteraction < 0.05. In contrast, 
longer-term PM2.5 concentrations were largely but not statistically significantly associated with higher biomarkers.
Conclusions: Low-level short-term PM10 and NOx concentrations may have negligible adverse effects on biomarkers of diabetes 
risk. Although longer-term mean PM2.5 concentrations showed primarily null associations with these biomarkers, results suggestively 
indicated that PM2.5 exposure over the range of concentrations experienced in the United States may adversely affect biomarkers of 
diabetes risk at the population level, as may longer-term mean PM10 concentrations among women with IFG.
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What this study adds
Examining longitudinal associations at lower exposures adds 
to the understanding of the relationship between air pollution, 
diabetes, and its related biomarkers. The study expands upon 
existing literature by focusing on a longitudinal population 
exposed to air pollution concentrations typically experienced 
in the United States and other countries with lower average 
air pollution exposure. Further, the focus on Women’s Health 
Initiative participants identified otherwise healthy women with 
impaired fasting glucose as a population potentially susceptible 
to the effects of air pollution on markers of diabetes risk.
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concentrations are longitudinally associated with repeated, 
interval-scale measures of biomarkers of diabetes risk (fasting 
glucose, fasting insulin, homeostatic model assessment of insulin 
resistance [HOMA-IR], the ratio of triglycerides to high-density 
lipoprotein cholesterol [TG:HDL-C], and the triglyceride-glu-
cose index [TyG]), including effect modification by impaired 
fasting glucose (IFG) status, in a well-characterized cohort of 
nondiabetic, postmenopausal women with and without IFG liv-
ing in the 48 contiguous United States.

Methods

Study design and population

The methods of the Women’s Health Initiative clinical trials 
(WHI CT) have been detailed elsewhere.30 Briefly, the WHI CT 
were designed to evaluate the effects of hormone therapy (es-
trogen ± progesterone), calcium/vitamin D supplementation, 
and dietary modification (low-fat, high fruit, vegetable, and 
grain diet) on the risk of breast and colorectal cancer, cardio-
vascular disease, and bone fractures. Between 1993 and 1998, 
the trials enrolled 68,132 postmenopausal female volunteers 
aged 50–79 years from one of the 76 US examination centers 
(including satellite clinics, remote sites and their changes in 
location over time). These women were recruited using, e.g., 
residential mailing lists, media announcements, and partici-
pation in health screening programs or health maintenance 
organizations. The present study examines a center- and 
race-stratified ~6% random, minority oversample of WHI CT 
participants with repeated measures of fasting glucose, fast-
ing insulin, and geocoded address coordinates. Participants 
(N = 4019) were eligible if they were free of diabetes at their 
screening visit and underwent phlebotomy at the screening 
visit or annual visits 1, 3, or 6 (1993–2004). Participants 
were included through annual visit 6 unless their WHI fol-
low-up ended or they developed diabetes, as defined below 
(See Figure S1 of Supplemental Digital Content; http://links.
lww.com/EDE/B555). Recruitment, consent, and data collec-
tion were overseen by institutional review boards at the WHI 
Clinical Coordinating Center in the Fred Hutchinson Cancer 
Research Center and the 40 WHI clinical centers. All partici-
pants provided written informed consent

Biomarkers of diabetes risk

Fasting (>9 hours) serum and EDTA-treated plasma collected 
at the screening and annual visits 1, 3, or 6 (1993–2004) were 
frozen at −70°C and shipped to Medical Research Laboratories 
(MRC, Highland Heights, KY). Serum glucose and plasma lipids 
were assayed on a Hitachi 747 analyzer, glucose by the hexoki-
nase method and HDL-C via isolation using heparin-manganese 
chloride.31–33 Serum insulin was measured by radioimmunoassay 
or on an ES 300 analyzer (Boehringer Mannheim Diagnostics, 
Indianapolis, Indiana) in a stepwise sandwich enzyme-linked 
immunosorbent assay.34 Results of the two methods were com-
parable at insulin concentrations <60 µIU/ml. Moreover, intra-
class correlation coefficients among 564 WHI participants with 
repeatedly measured analyte concentrations obtained 8–15 
weeks apart were 0.71 (insulin, µIU/ml), 0.83 (glucose, mg/dl), 
0.80 (triglycerides, mg/dl), and 0.89 (HDL-C, mg/dl).35 Three 
additional biomarkers of diabetes risk were estimated from 
these analytes. HOMA-IR was estimated as the product of in-
sulin × glucose divided by 22.5,36 TG:HDL-C as a simple quo-
tient,37 and TyG as the natural log-transformed product of (TG 
× glucose × 0.5).38 The American Diabetes Association definition 
was used to define IFG (glucose = 100–125 mg/dl) and diabetes 
(fasting glucose ≥126 mg/dl or nonfasting glucose ≥200, antidi-
abetic medication use, or self-reported history of previous phy-
sician diagnosis).39,40

Other participant characteristics

Clinical trial membership, randomly assigned treatment group, 
self-reported sociodemographic variables (age, race/ethnicity, 
education), and family history of diabetes were established at 
the screening visit. Using standardized instruments, relevant 
behaviors (current smoking; current alcohol use) were identi-
fied, use of oral or injectable anti-diabetic medications invento-
ried, and total energy expenditure (metabolic equivalent-hours/
week) calculated based on the type, frequency, and duration of 
recreational physical activity at both the screening and annual 
visits. Anthropometrics (height, weight) also were measured at 
these visits and used to calculate body mass index (BMI; kg/
m2). Between visits, incident comorbidities (such as myocardial 
infarction, congestive heart failure, cancer,and stroke) and use 
of anti-diabetic medications were identified by semiannual ques-
tionnaires and validated.41

Air pollution assessment

Participant addresses were collected at each visit, updated at 
least biannually (1993–2004), and geocoded.42,43 Two meth-
ods were then used to estimate exposure to ambient air pol-
lutants because the study period included time before daily 
PM2.5 monitoring was initiated (1999). The first method in-
volved spatially estimating a series of geocoded participant 
address-specific daily mean concentrations of ambient PM 
≤ 10 μm in diameter (PM10, µg/m3) and NOx (ppb) using 
US Environmental Protection Agency Air Quality System 
(EPA AQS) monitored concentrations44 (see Figures S2–4 of 
Supplemental Digital Content; http://links.lww.com/EDE/
B555 for monitor locations) and a semi-automated pro-
gram.45–47 The program used a spherical model to perform 
national-scale, log-normal ordinary kriging with a weighted 
least squares method to estimate semi-variograms. This model 
has been previously cross-validated in WHI with prediction 
errors near 0 for PM10 and over 95% of average prediction 
errors within 2 µg/m3 of measured PM10.

45 Because biomark-
ers of diabetes risk can acutely rise and fall but also tend 
to be chronically higher among individuals at risk of devel-
oping diabetes, we averaged estimated daily mean PM10 and 
NOx concentrations over the 2- to 7-day, and 365-day peri-
ods ending on the WHI visit dates (representing short- and 
long-term exposures). We compared associations of the 2- to 
7-day means with the biomarkers of diabetes risk and assessed 
model fit using the Akaike Information Criterion values. 
Because models of the 2-day mean concentrations averaged 
over the day of and preceding the WHI visit produced the 
strongest associations and were best fitting, we focused on 2 
days as the short-term averaging period in further analysis.

Comparably estimated daily mean concentrations of ambient 
PM ≤2.5 μm in diameter (PM2.5, µg/m3) were not available for 
the entire study period because US EPA AQS monitoring data 
for PM2.5 did not become widely available until 1999. Hence, we 
also used a second method to estimate ambient PM exposures 
at high spatial and temporal resolution.48 The second method 
involved spatiotemporally estimating a series of geocoded par-
ticipant address-specific monthly mean concentrations of am-
bient PM2.5 and PM10 using the log-transformed ratio of PM2.5 
to predicted PM10, geospatial predictors (elevation, urban land 
use, county population density, distance to nearest A1, A2, and 
A3 roads, point source emissions, meteorological variables), and 
generalized additive mixed models. We averaged the monthly 
mean concentrations over the 12-month periods ending on the 
WHI visit dates.48 Cross-validation of these models has been 
reported with R2 = 0.77 for PM2.5 and R2 = 0.58 for PM10. 
Exposure data for N = 95 participants living outside the con-
tiguous United States could not be estimated with these models 
(Figure S1, Supplemental Digital Content; http://links.lww.com/
EDE/B555).
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Other contextual characteristics

Weather data from all National Climatic Data Center stations 
were used to estimate corresponding measures of geocoded 
address-specific mean temperature (°C), dew point (°C) and 
barometric pressure (kPa). US Census 2000 data were used to 
estimate address-specific neighborhood socioeconomic status 
(nSES) as a sum of six, z-transformed measures of wealth, in-
come, education, and occupation.49

Statistical analyses

To facilitate inference to the entire WHI CT population, all 
analyses adjusted for unequal center- and race-specific sampling 
and for unequal visit- and comorbidity-specific participation. 
Adjustment involved weighting for the appropriately scaled, 
inverse product of the joint (sampling by participation) prob-
abilities.50 All analyses also relied on outcome, exposure and 
covariate data previously subjected to flexible, multivariate im-
putation of infrequently missing values (maximum missing ex-
posure was 12.8% for 365-day average PM10 and NOx at the 
screening visit and maximum missing outcome was 20.3% for 
HOMA-IR and TG:HDL-C at annual visit 6).51,52 The multiply 
imputed data were used to estimate exposure-outcome associa-
tions in weighted, longitudinal, multi-level, linear mixed-effects 
models, as follows:

Y P t C b b P b bijk ijk ijk ijk k k ijk jk j= + + + + + + +( ) ( ) ( )β β β β1 2 3 4 1
3

2
3

1
2

2 kk ijk ijkt e2 1( ) ( )+

where Yijk is a log-transformed biomarker at the ith visit (level 1) 
of the jth participant (level 2) in the kth center (level 3); β1-β4 are 
fixed effects; and b1–b2 and e are random effects. In this model, 
Pijk is the pollutant concentration, tijk is time since the screening 
visit, and Cijk is a vector of covariates including trial member-
ship (hormone replacement therapy, calcium/vitamin D supple-
mentation, or dietary modification), clinical trial treatment group, 
age (years), race/ethnicity, education (college graduate vs. not), 
nSES, current smoking, current alcohol use, recreational energy 
expenditure (metabolic equivalent-hours/week), BMI (kg/m2), 
family history of diabetes, season, day of the week, temperature 
(°C), dew point (°C), and barometric pressure (kPa). The terms 
b1k

3 and b2k
3 are the random intercept and slope for the pollutant 

concentration at level 3, b1jk
2 and b2jk

2 are the random intercept 
and slope for time at level 2, and eijk is the random error at level 1. 
Associations among nondiabetic participants with versus without 
IFG were estimated by including a pollutant × IFG interaction 
term in the former model. Sensitivity of estimation to handling 
of center as a fixed versus random effect also was examined. All 
analyses were conducted using the XTMIXED function in STATA 
15 (STATA, College Station, Texas).

Results

Participants were largely born before World War II (n = 3,915; 
mean age at recruitment: 62.7 years), non-Hispanic white and 
high-school educated (Table  1). Examinations between 1993 
and 2004 occurred in all seasons and most often on weekdays, 
with relatively few participants reporting a family history of 
diabetes, current smoking, abstaining from alcohol, or regular 
exercise. The mean BMI at screening was 28.7 kg/m2 (Table 2). 
Although IFG was prevalent (n = 1,013; weighted prevalence: 
24.9%, 95% confidence interval [CI] = 23.1, 26.6%), mean 
fasting glucose (94.1 mg/dl) was within the normal range. 
Corresponding means of insulin, HOMA-IR, TG:HDL-C, and 
TyG were 10.9, 2.6, 2.9, and 8.7 µIU/ml, respectively, with little 
variation across visits (Table 2; Figure S5, Supplemental Digital 
Content; http://links.lww.com/EDE/B555). Participants contrib-
uted a mean (SD) follow-up time of 2,136 (469) days over a 
mean (SD) of 2.4 (1.1) visits.

Participants, monitors, and exam sites were located 
throughout the contiguous United States, including repre-
sentation in all 10 EPA regions (Figures S2–S4, Supplemental 
Digital Content; http://links.lww.com/EDE/B555). The median 
distance between geocoded participant addresses and nearest 
PM or NOx monitors was 7.4–15.0 km. Air pollutant concen-
trations and meteorological measures varied seasonally with 
PM10 and NOx means lower than and PM2.5 means slightly 
higher than US National Ambient Air Quality Standards 
in place at the time of examination53,54 (Table  2; Figure S5, 
Supplemental Digital Content; http://links.lww.com/EDE/
B555). In general, correlation among pollutants was low. The 
highest Pearson correlations were observed for spatiotempo-
rally estimated 12-month mean PM10 and PM2.5 concentrations 
(r = 0.63), spatiotemporally estimated 12-month and spatially 
estimated 365-day mean PM10 concentrations (r = 0.59), and 
spatially estimated 2- and 365-day mean NOx concentrations 
(r = 0.55) (Table 3).

We found little evidence to suggest that short-term mean 
PM10 and NOx concentrations were associated with biomark-
ers of diabetes risk. Indeed, the multi-variable adjusted models 
for the overall sample showed a null-to-suggestively negative 
association between biomarkers of diabetes risk and short-
term mean pollutant concentrations (Table  4). For example, 
the percent changes (95% CI) in fasting glucose, fasting insulin, 
HOMA-IR, TG:HDL-C, and TyG per 10 µg/m3 increase in the 
2-day mean PM10 concentration were −0.1% (−0.5, 0.2), −0.9% 
(−1.8, 0.0), −1.0% (−2.0, 0.0), 0.0% (−1.1, 1.2), and −0.1% 
(−1.0, 0.9), respectively. Corresponding percent changes per in-
terquartile range (IQR) increase (28.4 ppb) in the 2-day mean 

Table 1

Weighted demographic and behavioral characteristics at 
screening (1993–1998), WHI CT.

Characteristics Weighteda mean or % (95% CI)

Age (years) 62.7 (62.4, 63.0)
Race/ethnicity (%)  
    Non-Hispanic White 84.2 (83.3, 85.1)
    Non-Hispanic Black 9.4 (8.7, 10.1)
    Hispanic 4.1 (3.7, 4.5)
    Others 2.3 (2.1, 2.6)
Calcium and vitamin D trial (%)
    Not randomized 46.7 (44.7, 48.7)
    Intervention 25.4 (23.7, 27.1)
    Control 27.9 (26.1, 29.7)
Diet modification trial (%)  
    Not randomized 36.1 (34.2, 38.1)
    Intervention 25.1 (23.3, 26.8)
    Control 38.8 (36.8, 40.8)
Hormone therapy trial (%)  
    Not randomized 43.1 (41.1, 45.1)
    Estrogen alone intervention 10.9 (9.6, 12.1)
    Estrogen alone control 11.2 (10.0, 12.4)
    Estrogen + progestin intervention 18.0 (16.4, 19.5)
    Estrogen + progestin control 16.9 (15.3, 18.4)
Less than college graduate (%) 63.5 (61.5, 65.4)
Area-level SES −0.2 (−0.4, 0.0)
Examination season (%)  
    Spring 27.3 (25.5, 29.1)
    Summer 25.2 (23.5, 27.0)
    Fall 24.8 (23.1, 26.6)
    Winter 22.7 (21.0, 24.4)
Examination day on weekday (%) 96.0 (95.2, 96.8)
Family history of diabetes (%) 32.3 (30.4, 34.2)
Current smoker (%) 8.7 (7.6, 9.8)
Current alcohol use (%) 57.8 (55.8, 59.8)
Total energy expenditure, MET-hours/week 10.8 (10.2, 11.4)

aBased on a sample of 3,915 from 50 centers and weighted for sampling design and attrition, 
thereby reflective of the entire WHI CT.
MET indicates metabolic equivalent; SES, socioeconomic status.
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Table 2

Weighted clinical and contextual characteristics at screening (1993–1998), WHI CT.

Characteristics

Weighteda

Mean (95% CI)

Percentiles

5 25 50 75 95

BMI (kg/m2) 28.7 (28.5, 29.0) 21.0 24.5 27.7 32.0 39.2
Glucose (mg/dl)b 94.1 (93.7, 94.5) 80.0 87.0 93.0 100.0 113.0
Insulin (µIU/ml) 10.9 (10.6, 11.1) 4.7 6.8 9.3 13.2 22.0
HOMA-IR 2.6 (2.5, 2.6) 1.0 1.4 2.2 3.2 5.6
TG:HDL-C 2.9 (2.8, 3.0) 0.9 1.5 2.3 3.5 7.0
TyG 8.7 (8.7, 8.8) 8.0 8.4 8.7 9.1 9.6
PM

10
 (μg/m3), 2-dayc 29.0 (28.5, 29.6) 14.2 21.2 26.7 34.7 50.5

    365-dayc 28.2 (28.0, 28.4) 21.8 25.2 27.9 30.4 35.6
    12-monthd 21.1 (20.9, 21.3) 14.3 17.4 20.1 23.8 31.9
PM

2.5
 (μg/m3), 12-monthd 12.2 (12.1, 12.3) 7.5 9.8 12.1 14.4 17.1

NO
x
 (ppb), 2-dayc 40.5 (39.1, 41.8) 12.1 20.7 31.5 49.1 99.7

    365-dayc 39.3 (38.6, 40.0) 18.9 27.5 36.3 47.8 71.5

aBased on a sample of 3,915 and weighted for sampling design and attrition, thereby reflective of WHI CT.
bExcluded extremely low glucose values (<50 mg/dl, n = 2).
cDaily mean concentrations spatially estimated using national-scale, log-normal, ordinary kriging.
dMonthly mean concentrations spatiotemporally estimated using generalized, additive mixed models, and land use regression.
HOMA-IR, homeostatic model assessment of insulin resistance; PM

10
, particulate matter ≤10 μm in diameter; PM

2.5
, particulate matter ≤2.5 μm in diameter; ppb, parts per billion; TG:HDL-C, triglyceride to 

high-density lipoprotein cholesterol ratio; TyG, triglyceride-glucose index; µIU, micro international units.

Table 3

Pearson correlations among air pollutant concentrations at screening (1993–1998), WHI CT.

Pollutant
Averaging  

period
PM10

2-daya

PM10

365-daya

PM10

12-monthb

PM2.5

12-monthb

NOx

2-daya

NOx

365-daya

PM
10

2-daya 1      
PM

10
365-daya 0.34 1     

PM
10

12-monthb 0.18 0.59 1    
PM

2.5
12-monthb 0.09 0.33 0.63 1   

NO
x

2-daya 0.18 0.02 0.15 0.11 1  
NO

x
365-daya 0.05 0.14 0.32 0.32 0.55 1

aDaily mean concentrations spatially estimated using national-scale, log-normal, ordinary kriging.
bMonthly mean concentrations spatiotemporally estimated using generalized, additive mixed models, and land use regression.
PM

2.5
 indicates particulate matter ≤2.5 μm in diameter; PM

10
, particulate matter ≤10 μm in diameter.

Table 4

Percent change in biomarkers of diabetes risk (95% CI) per unit increase in air pollution concentration (1993–2004), WHI CT.

Measure Fasting glucose N

PM10
a PM2.5

a NOx
a

2-day 365-day 12-month 12-month 2-day 365-day

Fasting glucose All 3,915 −0.1 (−0.5, 0.2) −0.6 (−1.9, 0.7) −0.7 (−1.8, 0.4) −1.1 (−2.1, −0.1) b −0.2 (−0.7, 0.2) −0.3 (−1.1, 0.5)
Normal 2,902  0.0 (−0.4, 0.3) −0.9 (−2.0, 0.3) −0.9 (−1.8, 0.0) −1.2 (−2.3, −0.2) −0.2 (−0.6, 0.3) −0.3 (−1.1, 0.4)
Impaired 1,013 −0.1 (−0.4, 0.2) −0.2 (−1.3, 1.0) −0.2 (−1.2, 0.7)  0.0 (−1.1, 1.0) 0.0 (−0.4, 0.3) 0.1 (−0.5, 0.7)

Fasting insulin All 3,915 −0.9 (−1.8, 0.0)b −2.5 (−6.4, 1.4) −2.0 (−4.8, 0.8) 2.3 (−1.6, 6.3) −0.4 (−1.4, 0.7) −0.9 (−3.3, 1.7)
Normal 2,902 −1.0 (−1.9, 0.0) −4.2 (−8.0, −0.2)c −3.1 (−6.1, 0.0) 1.6 (−2.4, 5.8) −0.4 (−1.4, 0.6) −1.0 (−3.9, 1.9)
Impaired 1,013 −0.4 (−2.5, 1.6) 2.0 (−3.5, 7.9)c 1.0 (−3.2, 5.5) 4.2 (−1.6, 10.3)  0.2 (−2.0, 2.4)  0.4 (−2.7, 3.5)

HOMA-IR All 3,915 −1.0 (−2.0, 0.0)b −3.7 (−7.7, 0.5) −3.1 (−6.1, 0.1) 0.1 (−4.0, 4.4) −0.6 (−2.1, 0.9) −1.2 (−3.8, 1.4)
Normal 2,902 −1.0 (−2.2, 0.2) −5.9 (−9.7, −1.8)c −4.6 (−7.9, −1.1)c −0.5 (−4.6, 3.9) −0.4 (−1.9, 1.1) −1.1 (−4.2, 2.0)
Impaired 1,013 −0.4 (−2.5, 1.8)  3.1 (−3.7, 10.4)c 1.4 (−3.5, 6.5)c 2.0 (−4.2, 8.5) −0.1 (−2.4, 2.2) 0.0 (−3.2, 3.3)

TG:HDL-C All 3,915  0.0 (−1.1, 1.2) 1.5 (−3.2, 6.3) −0.6 (−4.2, 3.2) 1.7 (−2.9, 6.6) −0.2 (−1.4, 0.9) −0.6 (−3.2, 2.0)
Normal 2,902 −0.1 (−1.3, 1.0) 0.5 (−3.8, 5.1) −1.4 (−5.2, 2.6) 2.0 (−2.6, 6.7) −0.4 (−1.9, 1.1) −0.8 (−3.6, 2.0)
Impaired 1,013 0.6 (−1.4, 2.6) 4.3 (−4.0, 13.3) 1.7 (−4.7, 8.4) 1.1 (−6.2, 9.1) −0.1 (−2.4, 2.2) 0.0 (−4.0, 4.1)

TyG All 3,915 −0.1 (−1.0, 0.9) 0.0 (−4.0, 4.1) −1.7 (−4.9, 1.8) 2.0 (−1.5, 5.7) −0.4 (−1.6, 0.8) −1.0 (−3.5, 1.5)
Normal 2,902 −0.2 (−1.2, 0.8) −0.8 (−4.8, 3.3) −2.7 (−6.1, 0.9) 1.9 (−1.6, 5.6) −0.5 (−1.6, 0.7) −1.2 (−4.0, 1.6)
Impaired 1,013 0.3 (−1.6, 2.1) 2.1 (−4.6, 9.3) 1.2 (−4.5, 7.1) 2.0 (−4.2, 8.5) 0.0 (−2.6, 2.6) −0.5 (−3.9, 3.0)

Adjusted for the following clinical trial, sociodemographic, behavioral, clinical, temporal, and meteorological attributes: trial membership, treatment group, age (years), race/ethnicity, education, nSES, 
smoking, alcohol use, energy expenditure (MET-hours/week), BMI (kg/m2), family history of diabetes, season, day of the week, temperature (°C), dew point (°C), and barometric pressure (kPa).
aPM: 10 µg/m3 increase; NO

x
: IQR increase (2-day: 28.4 ppb; 365-day: 20.3 ppb).

bP < 0.05.
cP

interaction
 < 0.05.

HOMA-IR indicates homeostatic model assessment of insulin resistance; MET, metabolic equivalent; NOx, nitrous oxide; PM
2.5

, particulate matter ≤2.5 μm in diameter; PM
10

, particulate matter ≤10 μm in 
diameter; TG:HDL-C, triglyceride to high-density lipoprotein cholesterol ratio; TyG, triglyceride-glucose index.
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NOx concentration were −0.2% (−0.7, 0.2), −0.4% (−1.4, 0.7), 
−0.6% (−2.1, 0.9), −0.2% (−1.4, 0.9), and −0.4% (−1.6, 0.8).

Similarly, there was little evidence to suggest that lon-
ger-term mean PM10 and NOx concentrations were associated 
with higher biomarkers of diabetes risk. For example, per-
cent changes in fasting glucose, fasting insulin, HOMA-IR, 
TG:HDL-C, and TyG were −0.6% to −0.7%, −2.0 to −2.5%, 
−3.1 to −3.7%, −0.6 to 1.5%, and −1.7 to 0.0% per 10 µg/
m3 increment in the 365-day and 12-month mean PM10 con-
centrations, respectively; and −0.3%, −0.9%, −1.2%, −0.6%, 
and −1.0% per IQR (20.3 ppb) increase in the 365-day mean 
NOx concentration with CIs that uniformly crossed the null. 
In contrast, longer-term mean PM2.5 concentrations were asso-
ciated with positive, nonstatistically significant changes across 
some biomarkers of diabetes risk, including 2.3%, 1.7%, and 
2.0% increases in fasting insulin, TG:HDL-C, and TyG per 
10 µg/m3 increase in the 12-month mean PM2.5 concentration. 
Although these estimates were statistically null at α = 0.05, 
P-value functions for these analyses were shifted towards a 
positive association (Figure S6, Supplemental Digital Content; 
http://links.lww.com/EDE/B555). The exception was a −1.1% 
(−2.1, −0.1) change in fasting glucose per 10 µg/m3 increase in 
the 12-month PM2.5 concentration.

Interaction models demonstrated statistically significant het-
erogeneity of the effect of longer-term mean PM10 concentra-
tions on fasting insulin and HOMA-IR among those with versus 
without IFG (P < 0.05). In these cases, percent changes were 
positive among participants with IFG and negative among those 
with normal fasting glucose, e.g., for HOMA-IR, 3.1% (−3.7%, 
10.4%) versus −5.9% (−9.7%, −1.8%) per 10 µg/m3 increase 
in 365-day mean PM10 concentration. Although stratified point 
estimates for those with IFG were imprecise and non-significant 
at α = 0.05, they again favored a potentially adverse effect when 
considering the full P-value function. This pattern held for sev-
eral other biomarkers of diabetes risk at nearly all pollutants, 
although without statistically significant interaction.

Unadjusted results can be found in Supplemental Table 2; 
http://links.lww.com/EDE/B555. Sequential addition of covari-
ate groupings did not materially change estimates. Results were 
not materially different in sensitivity analyses treating WHI clin-
ical center as a fixed rather than random effect (data not shown).

Discussion

In this large, longitudinal study of ambient air pollution in the 
United States, we found little evidence that low-levels of short- 
or longer-term mean ambient PM10 or NOx concentrations are 
significantly associated with adverse changes in biomarkers of 
diabetes risk. However, results were suggestive of a potential ad-
verse effect of longer-term mean PM2.5 concentrations on these 
biomarkers, and women with IFG were identified as a group 
with potentially increased susceptibility to longer-term mean 
PM10 concentrations.

Because multiple metabolic pathways are involved in the onset 
of type 2 diabetes, this article focused on the effect of air pol-
lution on several validated blood-based biomarkers of diabetes 
risk commonly used to identify high-risk populations while pro-
viding insight into diabetes risk and pathophysiology: fasting 
glucose, fasting insulin, HOMA-IR, TG/HDL-C, and TyG. The 
latter four biomarkers were previously developed because the 
various metabolic disturbances observed before diabetes onset 
can be difficult to assess in routine settings.55 Indeed, while fast-
ing glucose is commonly used to identify hyperglycemia in the 
clinical context, fasting insulin reflects the secretion and action 
of the corresponding pancreatic hormone, and HOMA-IR, the 
TG/HDL-C ratio, and TyG are surrogate markers of insulin 
resistance and action. Both short- and long-term air pollution 
exposure may affect all of them because each biomarker can 
acutely rise and fall in response to stimuli, yet clusters at higher 

values on repeated measurement among individuals at risk of 
developing diabetes.

In contrast to previous longitudinal studies that found asso-
ciations between increased short-term mean air pollutant con-
centrations, fasting blood glucose,24,25,28 and HOMA-IR,28 the 
present study found little evidence supportive of a positive as-
sociation between 2-day mean PM10 concentrations and these 
biomarkers of diabetes risk. Rather, our results were suggestive 
of a negative association between short-term pollutant levels 
and these biomarkers, potentially reflecting an initially adap-
tive response to short-term mean air pollutant concentrations 
in which glucose homeostasis is reestablished and insulin sensi-
tivity is improved. This finding aligns with the theory that short-
term mean concentrations may induce endoplasmic reticulum 
stress, trigger the adaptive unfolded protein response in the liver, 
and restore glucose homeostasis, while longer-term mean con-
centrations and the resulting endoplasmic reticulum stress may 
lead to pancreatic beta cell apoptosis and exacerbated hypergly-
cemia.56–58 The latter possibility is consistent with the suggestive 
associations of longer-term mean air pollutant concentrations 
and biomarkers of diabetes risk observed herein among post-
menopausal women with IFG.

Alternatively, differences in findings could be due to the pop-
ulations under study, differences in the average air pollution ex-
posure concentrations in the populations, or to differences in 
exposure averaging durations. For example, the lack of positive 
associations between short-term mean PM10 and NO2 concentra-
tions and biomarkers of diabetes risk in the present study may re-
flect its focus on relatively healthy, postmenopausal women living 
in the United States. Indeed, two studies in which adverse asso-
ciations were previously identified focused on Asian populations 
in which average fasting glucose concentrations were higher and 
diabetes was prevalent. This distinction is important because rel-
atively healthy participants have greater homeostatic capacity to 
counteract hyperglycemic perturbations. Further, pollutant con-
centrations in these Asian populations exceeded those typically 
encountered in the United States. For example, the 2-day mean 
PM10 concentration was 29.0 μg/m3 herein versus 1- to 11-day 
means ranging from 42.6 to 106.9 μg/m3 in previous studies from 
China and Korea.25,28 Positive associations were also observed be-
tween PM, blood glucose, and hemoglobin A1c (HbA1c) among 
German participants.23 This study observed stronger associations 
between 2 and 4 months mean PM and HbA1c, a measure of glu-
cose homeostasis over the preceding 2–3 months, but associations 
with blood glucose were strongest for PM2.5 averaged over 7–45 
days. However, HbA1c and PM2.5 over such durations were una-
vailable for comparison herein.

We assessed whether IFG modified the association between 
air pollution and markers of diabetes risk and observed sig-
nificantly different effects among those with versus without 
IFG. Susceptibility of individuals with IFG to adverse effects 
of air pollution has been reported in other studies. Notably, 
cross-sectional effects of annual PM10 and NOx concentration 
on HOMA-IR and insulin were strongest among prediabetic 
individuals in the German KORA study and appeared to drive 
associations in a combined nondiabetic, prediabetic, and dia-
betic population.13 Similarly, a cross-sectional study of over 
130,000 Israeli patients in a Health Maintenance Organization 
found significantly stronger effects of 1- and 2-day NO2 con-
centration on serum glucose among those with versus without 
IFG.29 Taken together, this literature suggests that individuals 
with IFG may be vulnerable to the diabetogenic effects of air 
pollution and therefore positioned to benefit from more strin-
gent regulatory protection.

Strengths and Limitations

The present study is limited by its focus on postmenopausal 
women participating in randomized clinical trials of interventions 

http://links.lww.com/EDE/B555
http://links.lww.com/EDE/B555
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that may influence markers of diabetes risk. Although diabetes 
risk is greatest during young- to mid-adulthood, the study also fo-
cused on a population free of diabetes in mid- to older-adulthood, 
i.e., healthier than the general population. The study was also un-
able to examine short-term mean PM2.5 concentrations before 
1999, relied on estimated ambient pollutant concentrations, and 
is limited by the lack of scientific knowledge on the most relevant 
exposure periods. Moreover, the two exposure estimation meth-
ods were limited by the availability of EPA AQS monitoring data, 
inability to account for differences in PM components across 
space, and in the case of the spatial model, failure to account 
for smaller-scale fluctuations in exposure captured by the spatio-
temporal model inputs including, e.g., higher resolution roadway, 
point source emission, and population density data. Further, 
while the spatiotemporal model did include distance to various 
road types as a model input, there was no direct inclusion of noise 
exposure in the analyses. The study nevertheless accounted for 
potential selection bias, trial membership, treatment arm, and 
attrition when examining the effects of air pollution within its 
admittedly healthier, but otherwise multi-racial/ethnic, geograph-
ically diverse, and well-characterized population. In addition, 
the study ensured the accuracy of geocodes assigned to its par-
ticipant addresses42,43,59 and validated the ambient concentrations 
spatiotemporally estimated at their address coordinates.45–48 
Furthermore, the classical form of exposure measurement error 
associated with such concentrations is likely to bias estimates 
towards the null,60 potentially masking true associations between 
air pollutants and biomarkers of diabetes risk.

Conclusions
These findings suggest that low-level, short-term (2-day) mean 
PM10 and NOx concentrations may have negligible adverse 
effects on biomarkers of diabetes risk among nondiabetic post-
menopausal women, potentially due to triggering of the body’s 
adaptive restoration of normal glucose homeostasis. Although 
longer-term (12-month) mean PM2.5 concentrations showed pri-
marily null associations with biomarkers of diabetes risk, results 
suggestively indicated that PM2.5 exposure over the range of 
concentrations experienced in the United States may adversely 
affect biomarkers of diabetes risk at the population level, as may 
longer-term mean PM10 concentrations among women with IFG. 
Additional longitudinal studies among populations exposed to 
air pollution concentrations experienced in the United States are 
needed to further guide air quality standards, particularly those 
that examine effects among individuals with IFG.
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