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Abstract

Background: While studies suggest impacts of individual environmental exposures on type 2
diabetes (T2D) risk, mechanisms remain poorly characterized. Glycated hemoglobin (HbAlc) is a
biomarker of glycemia and diagnostic criterion for prediabetes and T2D. We explored associations
between multiple environmental exposures and HbAlc in non-diabetic adults.

Methods: HbAlc was assessed once in 12,315 women and men in three U.S.-based
prospective cohorts: the Nurses’ Health Study (NHS), Nurses’ Health Study Il (NHSII), and
Health Professionals Follow-up Study (HPFS). Residential greenness within 270m and 1,230m
(normalized difference vegetation index, NDVI) was obtained from Landsat. Fine particulate
matter (PM> 5) and nitrogen dioxide (NO,) were estimated from nationwide spatiotemporal
models. Three-month and one-year averages prior to blood draw were assigned to participants’
addresses. We assessed associations between single exposure, multi-exposure, and component
scores from Principal Components Analysis (PCA) and HbA1c. Fully-adjusted models built on
basic models of age and year at blood draw, BMI, alcohol use, and neighborhood socioeconomic
status (nSES) to include diet quality, race, family history, smoking status, postmenopausal
hormone use, population density, and season. We assessed interactions between environmental
exposures, and effect modification by population density, nSES, and sex.

Results: Based on HbAlc, 19% of participants had prediabetes. In single exposure fully-adjusted
models, an IQR (0.14) higher 1-year 1,230m NDVI was associated with a 0.27% (95% CI:

0.05%, 0.49%) lower HbAlc. In basic component score models, a SD increase in Component 1
(high loadings for 1-year NDVI) was associated with a 0.19% (95% CI: 0.04%, 0.34%) lower
HbA1c. CI’s crossed the null in multi-exposure and fully-adjusted component score models. There
was little evidence of associations between air pollution and HbA1c, and no evidence of effect
modification.

Conclusions: Among non-diabetic adults, environmental exposures were not consistently
associated with HbAlc. More work is needed to elucidate biological pathways between the
environment and prediabetes.

Keywords
environmental exposures; air pollution; greenness; glycated hemoglobin; prediabetes; diabetes

. Introduction

The CDC estimates that 38% of U.S. adults have prediabetes, an intermediate glucose
category which places them at higher risk for developing type 2 diabetes (T2D) and
cardiovascular disease. (CDC, 2022) From 1990 to 2010 alone, there was a 21% increase in
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U.S. prediabetes prevalence. (Bullard et al., 2013) Research suggests that among individuals
with prediabetes, interventions aimed at decreasing body weight and increasing physical
activity can reduce or delay progression to T2D diagnosis. (American Diabetes Association,
2010) Given the magnitude of the public health burden of T2D, and the growing evidence
of associations between environmental exposures and T2D, it is important to investigate the
role of non-lifestyle factors in glucose homeostasis. (Ccami-Bernal et al., 2023; F. Liu et al.,
2019; Yang et al., 2020)

The American Diabetes Association adopted glycated hemoglobin (HbA1c) as a diagnostic
criterion for prediabetes and diabetes in 2010 (prediabetes: 5.7-6.4%, diabetes: = 6.5%)

as an alternative to impaired fasting glucose. (Leong et al., 2018) Since red blood cells

have a lifespan of about 120 days, HbAlc reflects a glycemic history of average blood
glucose levels over the preceding two to three months. Elevated HbAlc indicates greater
risk of progression from prediabetes to diabetes, as well as greater risk of cardiovascular
complications. (Davis et al., 2018; Heianza et al., 2011; Morris et al., 2013) Although
environmental exposures represent potentially modifiable risk factors, studies of their effects
on HbAlc have been limited. Epidemiologic research has identified associations between
environmental exposures and T2D risk, supported by toxicological studies suggesting
pathways between pollutants and impaired glucose tolerance and insulin resistance. (Puett et
al., 2019) Increased exposure to fine particulate matter (PM5 5) and nitrogen dioxide (NO,)
has been consistently associated with higher T2D incidence. (F. Liu et al., 2019; Yang et

al., 2020) Findings from studies on air pollution exposure and HbAlc have been mixed,
with some suggesting positive associations (Chuang et al., 2010; Honda et al., 2017; C.

Liu et al., 2016; Riant et al., 2018; Yitshak Sade et al., 2016) and others not identifying

any association. (Bloemsma et al., 2019; Wolf et al., 2016) Meanwhile, evidence that
neighborhood greenness may be associated with lower T2D risk is growing. (Astell-Burt &
Feng, 2020; Ccami-Bernal et al., 2023; Jimenez et al., 2021) To date, there have been very
few studies of the association between greenness and HbAlc. (Bloemsma et al., 2019; Gallo
et al., 2022)

Environmental exposures are often correlated as they co-occur in space. Studies have begun
to examine the effects of these multiple environmental exposures on T2D risk through
mutually adjusted models, which may address some residual confounding and allow effects
of the individual exposures to be disentangled in the absence of strong collinearity. However,
none have applied mixture methods to account for collinearity or possible synergism
between exposures. While several analyses of air pollution and HbA1c have used two-
pollutant models (Chuang et al., 2010; Honda et al., 2017; F. Liu et al., 2022; Mei et al.,
2023; Riant et al., 2018), only one has incorporated greenness as a co-exposure. (Bloemsma
etal., 2019)

In the present study among women and men who provided blood samples in NHS, NHSI|,
and the Health Professionals Follow-up Study (HPFS), we hypothesized that higher air
pollution and lower neighborhood greenness are individually associated with elevated
HbA1c levels. Given that relationships between air pollution, greenness, and HbAlc are
likely complex, we further hypothesized that these exposures may interact. While there have
been few studies considering the potential interactive effects of air pollution and greenness
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on health overall, and fewer still focused on cardiometabolic outcomes, advancing this area
of understanding is important, as it may help inform policy or urban planning decisions

on where to target interventions to protect health. A recent review across health outcomes
suggests that greener areas generally experience smaller associations between air pollution
and health. (Son et al., 2021) Meanwhile, one study on cardiometabolic disease found
inconsistent evidence for any interaction between air pollution and greenness, including
some evidence of the opposite result, i.e., larger air pollution-health associations in greener
areas. (Klompmaker et al., 2019) This opposite direction of interaction was also found

in a recent mortality study. (Ji et al., 2020) A small number of studies have looked at

air pollution as a modifier of the greenness-health association; at least one study on risk

of gestational diabetes found that the protective effects of greenness are stronger in less
polluted areas. (Yu et al., 2023) Drawing on the prior literature, we also examined the impact
of different exposure windows (three months and one year prior to blood draw). As this was
a study of pathways to diabetes risk, we focused our analysis on individuals without diabetes
at the time of blood draw.

Methods

Study population

NHS, NHSII, and HPFS are ongoing prospective cohort studies of health professionals in
the U.S. NHS and NHSII both consist of women who were recruited as registered nurses.

In 1976, NHS enrolled 121,700 women, and in 1989, NHSII enrolled 116,686 women.

In 1986, 51,529 male health professionals (dentists, pharmacists, optometrists, osteopath
physicians, podiatrists, and veterinarians) were recruited to form the HPFS cohort. NHS
and NHSII participants were initially recruited from 11 and 14 states, respectively, but

are now distributed throughout the conterminous U.S. HPFS participants were recruited
nationwide. Participants in all three cohorts completed biennial questionnaires by mail
regarding lifestyle and health-related factors. Mailing addresses were updated throughout
follow-up and geocoded. NHS and NHSII used residential addresses. HPFS participants had
the option of receiving their questionnaire at either their home or work address. In 1988,
they indicated whether the address utilized was home, work, or both. For participants who
indicated that the address was used for both home and work (e.g., teleworkers or individuals
who reside above their office), we counted the address as home. Lastly, we classified the
small percentage of participants who did not specify whether the address was home or work
as having a missing address type.

Participants in each of the studies were invited to provide blood samples between 1989—
1993 in NHS (n=32,826), between 1996—2000 in NHSII (n=29,611), and between 1993—
1998 in HPFS (n=18,000). Participants in these biospecimen collections were sent a
blood collection kit and completed a short questionnaire at the time of blood draw. They
returned whole blood samples to the laboratory via overnight courier where the samples
were immediately processed, separated into plasma, red blood cell, and white blood

cell components, and stored in vapor phase liquid nitrogen freezers. These biospecimen
collections, as well as the current study, were approved by the Internal Review Board of
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Brigham and Women’s Hospital. Informed consent was implied through completion and
return of the questionnaires and via consent forms for the blood samples.

For the current study, we took advantage of existing HbAlc measurements from a series of
case-control studies. HbAlc assays were available from 23 substudies in NHS (n=7,207), 7
substudies in NHSII (n=2,537), and 9 substudies in HPFS (n=3,964). The year of HbAlc
blood draw was, on average, 1990 for participants in NHS, 1998 for participants in NHSII,
and 1994 for participants in HPFS. This analysis was conducted among participants who
were free of cancer other than non-melanoma skin cancer at the time of blood draw. As this
is a study of pathways to T2D risk, we also excluded participants with diagnoses of type

1 diabetes, type 2 diabetes, or secondary diabetes (defined as temporally associated with
conditions or medications) at blood draw. Diabetes diagnoses were obtained through self-
reported questionnaire, with cases confirmed by a validated supplementary questionnaire
on diabetes symptoms, diagnostic tests, and treatment. (Manson et al., 1991) Participants
with erroneous records, infeasible HbALc values (<1%), or missing exposure data were
also dropped. The extreme Studentized deviate (ESD) many-outlier approach was applied to
identify and remove 10 outlier HbAlc observations. (Rosner, 1983) After these exclusions,
our study population consisted of 6,457 NHS participants, 2,485 NHSII participants, and
3,373 HPFS participants for a total of 12,315.

Outcome measurement

HbA1c levels were determined on the Roche P Modular system using turbidimetric
immunoinhibition (Roche Diagnostics, Indianapolis, IN) We used batch correction to
address technical variation across and within substudies, which may occur due to lab drift
or differences in participants in each batch. Substudies were treated as one batch when
coefficients of variation within the substudy were low (<15%). We used the average batch
method and included potential confounders as described below. (Rosner et al., 2008)

Exposure assessment

We estimated average exposures to particulate matter (PM), nitrogen dioxide (NO,), and
greenness at participants’ addresses in the three months as well as in the one year prior to
blood collection.

Particulate Matter—Spatiotemporal generalized additive mixed models covering the
conterminous U.S. were used to predict monthly levels of exposure to PM < 2.5 um in
aerodynamic diameter (PM2.5). The models incorporate nearby point source, urban land
use, elevation, and meteorological data in addition to nationwide monitoring data from
multiple academic and governmental sources. Due to the lack of EPA monitoring data for
PM, 5 before 1999, the models instead used pre-1999 PM1 levels, post-1999 PM, 5/PM1q
ratios, and airport visibility data to predict pre-1999 PM, 5 levels. Ten-fold cross-validation
demonstrated low bias and high precision for PMs 5 predictions. (YYanosky et al., 2014)

Nitrogen Dioxide—L.ikelihood-based spatiotemporal models with a universal kriging
framework were used to estimate monthly NO, levels. (Kirwa et al., 2021) Data sources
included tropospheric NO, data from the Aurora satellite, as well as monitoring data from

Environ Res. Author manuscript; available in PMC 2024 December 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fiffer et al.

Covariates

Page 6

regulatory and non-regulatory monitors, some of which was collected via a researcher-led
exposure monitoring campaign designed to capture near-source (road) gradients. Further,
the models are optimized to handle irregular monitoring data. They also reflect proximity
and buffer-based geospatial predictors such as roads and commercial zones. High predictive
accuracy was observed with a cross-validated R? of 0.87 and a spatially clustered R2 of 0.77.
(Kirwa et al., 2021)

Greenness—We defined greenness using the normalized difference vegetation index
(NDVI), an indicator of quantity of photosynthetically active vegetation. NDVI ranges from
-1 to 1, with negative values indicating water and higher values indicating more greenness.
(Kriegler et al., 1969) In keeping with the recent literature, we set negative values to zero.
(Klompmaker et al., 2018) Landsat satellite data at 30m resolution was used to calculate
NDVI within a 270m and 1,230m radial buffer of each participant’s address. We used the
NDVI value for the season of blood draw to represent the three-month exposure window and
the average of NDVI for the year of blood draw as a measure of annual exposures.

We selected covariates that were potential confounders or predictors of HbAlc a priori
using directed acyclic graphs (DAGs). We used the values from the follow-up questionnaire
prior to the time of blood draw in each cohort (i.e., 1988 for NHS, 1995 for NHS2, and
1992 for HPFS) or the closest available questionnaire prior to blood draw. The covariates
included age and year at blood draw, season of blood draw, race/ethnicity (White, Black, or
other/unknown), family history of diabetes (yes/no), Census tract population density from
the 1990 U.S. Census, postmenopausal hormone (PMH) use (female, premenopausal/never
used; female, past or current user; or male), body mass index (BMI, < 25.0, 25.0 — 29.9,

or > 30.0 kg/m?3), smoking status (never, former, or current), alcohol consumption (0, 0.1—
14.9, 15.0-29.9, or =30 g/day) and Alternative Healthy Eating Index (AHEI) 2010 scores
(0-99, where higher scores indicate a healthier diet). (Chiuve et al., 2012) We evaluated
neighborhood socioeconomic status (NSES) at the Census tract level with a composite score
created by z-standardizing and summing 17 variables from the 1990 U.S. Census, where
higher nSES scores indicate higher SES. (DeVille et al., 2023)

Statistical analysis

We evaluated pairwise Spearman correlations between the exposures within each time
window, and across the time windows (three-month and one-year averages prior to blood
draw). We log transformed HbA1c to improve normality of residuals. In linear regression
models applied to data pooled across the three cohorts, we estimated the percentage
difference and 95% confidence interval (Cl) in HbAlc associated with an interquartile
range (IQR) difference in exposure. Beta coefficients were transformed to represent a
percentage change in HbAlc associated with a change in exposure. We first applied
basic models adjusted for age and year at blood draw, BMI, alcohol use, and nSES. In
fully adjusted models, we also included AHEI diet score, race, family history of diabetes,
smoking status, PMH use, population density, and season. For each exposure in each time
window, we constructed single exposure multivariate linear regression models. Linearity
was assessed with restricted cubic splines, using a likelihood ratio test to compare the
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model with and without the cubic spline term. (Durrleman & Simon, 1989) We assessed
interactions between each pair of environmental exposures (type of exposure and time
window) using likelihood ratio tests comparing a model with both exposures and their
pairwise interaction, to a model which includes both exposures but not their interaction.
Lastly, we added multiplicative interaction terms to the single exposure linear models to
assess effect modification by population density (<1,000 people per square mile or 21,000
people per square mile) and nSES (quartiles).

To address potential correlation in the exposures, for each time window we ran multi-
exposure multivariate linear regression models. We also applied principal components
analysis (PCA) to the full set of exposure variables, including all exposures/time window
combinations, to create component variables summarizing the information contained in sets
of highly correlated exposures. We decided how many components to retain based on the
following criteria: the inflection point in the scree plot, eigenvalues greater than one, and
the percent of variance explained (>80%). Since PCA components are uncorrelated and can
be included jointly in models without multicollinearity concerns, we ran basic and fully
adjusted linear models with the PCA components as simultaneous exposures.

In secondary analyses, we explored potential differences in associations by sex. We
compared the model results among women (NHS/NHSII) to those among men (HPFS). As a
sensitivity analysis, we also restricted the dataset to participants with home addresses only.
For HPFS participants, this was limited to those who indicated home as the address type.

In an additional sensitivity analysis, we dropped any individuals with prediabetes, thereby
restricting the dataset to individuals without prediabetes only.

All statistical tests were two-sided and p values <0.05 were considered statistically
significant. All analyses were conducted in SAS 9.4 (SAS Institute, Cary, NC).

Results

Table 1 illustrates participant characteristics overall and by cohort at the time of blood
collection, which took place on average in 1990 in NHS, 1998 in NHSII, and 1994 in HPFS.
Air pollution levels have declined over time. Accordingly, predicted air pollution exposures
were the highest in NHS. The overall 1-year average PM, 5 and NO, exposures were 14.7
pg/m3 and 14.3 ppb, respectively. NDVI estimates were comparable across the cohorts, with
an average 270m 1-year NDVI of 0.33.

Nearly all participants were White (95%). The season of blood collection was evenly
distributed except for HPFS, which had a higher proportion of summer blood draws (37%).
The average age was 57 years old. NHSII participants were the youngest (45) while HPFS
were the oldest (64). Age differences were reflected in the distribution of PMH use for
female participants, with 52% past or current users in NHS, compared to only 10% in
NHSII. HbAlc averaged 5.53% overall. HPFS participants had the highest HbAlc readings
— close to 5.7% -- and were more likely to have pre-diabetes at blood draw (28%, vs 19%
overall). Meanwhile, they had the lowest family history of T2D (23%, vs 30% overall).

As for risk factors, HPFS had higher consumers of alcohol and the highest percentage of
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past smokers (50%), but the lowest percentage of current smokers (9%). NHSII had the
highest percentage of never smokers (64%), but the lowest average diet score (44, vs 52
overall). Just under half (43%) of HPFS addresses were known to be work rather than home
addresses, and 8% were of an unknown address type.

We did not identify any high correlations between the different environmental exposures
(Figure 1). However, there were high correlations across time windows for each of the air
pollutants (r=0.81 for 3-month and 1-year PM, 5, and r=0.96 for 3-month and 1-year NO5).
We found moderate-high correlations between the two NDVI buffer sizes in the same time
window. There were moderate negative correlations between NO, and 1-year NDVI.

Since we did not find consistent evidence of deviation from linearity in the relationship
between any of the exposures and HbAlc (p-value of test for nonlinear relation >0.05),

we present linear exposure effect estimates throughout. In both the three-month and one-
year exposure windows, there was little evidence of associations between any of the
environmental exposures (air pollutant concentrations and NVDI) and HbAlc. (Table 2) In
the one-year exposure window, the single-exposure fully-adjusted model for 1,230m NDVI
indicated a modest negative association with HbAlc (-0.27%; 95% CI: —0.05%, —0.49%),
with an effect size robust to co-adjustment when moving from the basic to fully-adjusted
model. However, in the multi-exposure model, the CI for this association crossed the null.
We did not find evidence of effect modification by population density or nSES, nor did we
observe interactions between the environmental exposures (p-for interaction >0.05).

Three components were retained from the PCA analysis, which explained 83% of the
variance (Figure 2). Component 1 had high loadings for 1-year average NDVI in both
buffer sizes. Component 2 had high loadings for both air pollutants at both time points.
Component 3 had high loadings for 3-month NDVI in both buffer sizes. NO, also loaded in
a negative direction on Component 1. In the basic linear model with the PCA components
included as simultaneous exposures, a 1 SD increase in Component 1 (1-year NDVI) was
associated with a 0.19% (95% CI: 0.04%, 0.34%) lower HbA1c (Table 3). Additionally, a 1
SD increase in Component 2 (air pollution) was associated with a 0.20% (95% CI: 0.03%,
0.36%) lower HbAlc. However, in fully adjusted models, no associations persisted.

In supplemental analyses, we failed to find any evidence of effect modification by sex (p-for
interaction >0.05). (Table S1). In a sensitivity analysis where we included only participants
who had provided home addresses (n=10,594), the effect estimates were largely similar to
the main model results (Table S2). Differences between the effect estimates for 270m versus
1,230m NDVI were a bit more pronounced than in the main model results, with the 270m
coefficients being more consistently negative in the main results. However, the positive
coefficients for 270m NDVI were small in size, with confidence intervals crossing the null in
both main and sensitivity analyses. Meanwhile, in a separate sensitivity analysis restricted to
individuals without prediabetes (n=10,107), our findings remained unchanged from the main
model results (Table S3).
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V. Discussion

This U.S.-based study of men and women who provided blood samples as part of nationwide
cohorts is one of the first to examine associations between individual and joint air pollution
and greenness exposures and HbA1c, an important indicator of diabetes risk. While
greenness was modestly associated with HbAlc in single exposure models, we did not find
consistent evidence of any associations in fully adjusted models with individual exposures or
component scores.

Earlier studies of greenness and HbA1c similarly found no evidence of an association.
(Bloemsma et al., 2019; Gallo et al., 2022) The study in the Netherlands investigated PM> 5
and NO» along with greenness, in single and multi-exposure models, like our study. No
associations were found for the air pollutants and HbAlc, either. (Bloemsma et al., 2019) A
study in Germany also did not detect associations between PM5 5, NO,, and HbAlc. (Wolf
et al., 2016) While the Dutch study was among adolescents, the German study had a mean
participant age very close to ours (56 years old).

Meanwhile, several studies have identified positive associations between air pollution and
HbAlc, across vastly different exposure ranges. A study among women of child-bearing

age in the Programming Research in Obesity, Growth, Environment, and Social Stressors
(PROGRESS) cohort in Mexico City detected a small, positive association between 6-month
average PM, s exposure and HbAlc. (He et al., 2022) In a study sampled from the Health
and Retirement Study cohort, among non-diabetic older Americans (57 years old and above)
with similar exposure levels to ours, an IQR increase in 1-year average NO, exposure was
associated with a 0.8% increase in HbAlc. (Honda et al., 2017) This association remained
statistically significant in models jointly adjusted for PM, . The opposite was true in a
Taiwanese study, two Chinese studies, and a French study, where only particulate matter
remained a significant predictor in two-pollutant models. (Chuang et al., 2010; F. Liu et al.,
2022; Mei et al., 2023; Riant et al., 2018) In contrast, several studies of PMs 5, NO,, and
T2D incidence have found the NO,, relationship to be more robust. (Coogan et al., 2012;
Sade et al., 2021; Thiering et al., 2016)

Biological mechanisms linking air pollution exposure and diabetes risk have been studied in
animal models and epidemiologic studies, and may include inflammation, impaired glucose
metabolism, oxidative stress, and insulin resistance. (Puett et al., 2019) More specifically, air
pollution has been associated with overproduction of pro-inflammatory cytokines, resulting
in inhibited insulin signaling and oxidative stress. (Mei et al., 2023) Earlier research in the
NHS and HPFS cohorts identified the strongest associations between NO, exposure and C-
Reactive Protein (CRP) in women in 1-,3-, and 12-month averaging windows, and between
PM, 5_10 and CRP in men in the shorter 1- and 3-month windows. (lyer, Hart, Fiffer, et al.,
2022) HbAlc may be an important biomarker on this pathway, as it reflects average blood
glucose over a two-to-three-month time frame. Risk of diabetes rises disproportionately with
increasing HbAlc. (American Diabetes Association, 2010)

Meanwhile, the specific mechanisms linking greenness and T2D risk are still unknown.
(Frumkin et al., 2017) Broad pathways between greenness and health include lower adverse
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environmental exposures, better stress recovery, and enhanced opportunities for physical
activity and social connection. (Kuo, 2015; Markevych et al., 2017) Since intervention
studies indicate that physical activity can help halt the progression from prediabetes to T2D
diagnosis, it is also plausible that increased greenness might contribute to this mechanism,
even though we did not observe a consistent association with NDV1 in this study. (Bullard
et al., 2013) On a biological level, reductions in psychosocial stress through contact with
nature may in turn decrease physiologic stress through lower levels of inflammation. (lyer,
Hart, James, et al., 2022) Among the NHS and HPFS participants who provided blood
samples, one prior study constructed an inflammation z-score based on the inflammatory
biomarkers CRP, adiponectin, interleukin-6, and soluble tumor necrosis factor receptor-2.
Protective associations were found between 270m NDVI and the inflammation score, in
women only. (lyer, Hart, James, et al., 2022)

Since we pooled data from two female cohorts (NHS and NHSII) and one male cohort
(HPFS), we had the opportunity to assess potential differences in associations by sex. Other
studies that have assessed effect modification by sex have similarly found no statistically
significant interaction. (C. Liu et al., 2016; Riant et al., 2018; Wolf et al., 2016) This finding
runs counter to previous studies on air pollution and T2D, which have indicated that women
may experience stronger associations than men. (Eze et al., 2015; F. Liu et al., 2019; Rao

et al., 2015) As the age range and dates of blood collection were different for the men

and women in our study, potentially impacting exposure patterns and variability, our ability
to draw conclusions about effect modification by sex may be somewhat limited. The one
other study that examined potential effect modification by urbanicity, like ours, did not find
evidence of any differences in association. (Riant et al., 2018)

The main limitation of this study was its reliance on secondary data from nested case-control
studies. As a considerable proportion of these participants went on to develop major diseases
later, they may not be representative of the broader NHS, NHSII, and HPFS populations.
While we excluded participants with a diagnosis of diabetes at blood draw, our study
population was at higher risk for prediabetes than the general population in the 1990s.

For comparison, in a study using U.S. NHANES data, the mean HbAlc was 5.17% in
1999/2000, which is lower than our study population mean HbAlc of 5.54%. (Bullard et al.,
2013) Our outcome, HbA1c, was only available at one time point, and we used measures

of air pollution and greenness relatively close to the time of blood draw. However, research
applying variable time windows ranging from one-year to five-year averages suggests that
associations between air pollutants and HbA1c are strongest in the one-year average time
window. (Honda et al., 2017) Further, our study was conducted among a predominantly
white population of well-educated adults, who were recruited as health professionals,

and lived in areas with low air pollutant exposures relative to other parts of the world.

As such, our results may not be generalizable to populations with different age, racial/
ethnic, socioeconomic, or exposure distributions. We primarily used exposure measures

at residential addresses, which could lead to measurement error as they do not capture
exposure in other locations where participants spend time. Since some HPFS addresses were
work rather than home addresses, there was a possibility of differences in associations by
address type. However, in a sensitivity analysis restricted to home addresses, the conclusions
were unchanged. Finally, while certain types of greenspace may influence HbAlc more than
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others, our measure of greenness, NDVI, is a quantitative metric which does not capture
type, quality, or access to greenspace.

This study has several strengths. It leverages highly resolved spatiotemporal exposure data
and several large nationwide prospective cohort studies among women and men. It is one
of the first studies to investigate simultaneous air pollution and greenness exposures in
relation to HbAlc. We considered potential interactions among exposures (though we did
not find any), and applied PCA analysis to enable assessment of simultaneous environmental
exposures without introducing multi-collinearity concerns. We were able to adjust for many
individual and area-level confounders. Of the small number of studies that have been
conducted, the largest and most consistent associations have been found among individuals
with diabetes, as we might expect based on research on the role of diabetes as an effect
modifier in association with cardiovascular disease. (Hart et al., 2015; Sacks et al., 2011) In
contrast, we focused on individuals free of diabetes at the time of blood draw, seeking to
shed light on the biological pathways between the environment and diabetes development.
Disentangling the importance of environmental exposures on HbAlc may offer potential
avenues for intervention prior to diabetes onset.

In conclusion, in single and multi-exposure models using individual exposures and
component scores, we did not uncover any consistent associations between air pollution,
greenness, and HbAlc.
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Acknowledgments:

We would like to thank the participants and staff of the Nurses” Health Study, Nurses’ Health Study Il, and the
Health Professionals Follow-up Study for their valuable contributions.

Financial Support:

This research was supported by NIH grants (T32 ES0007069, UM1 CA186107, R01 CA87969, U01 CA176726,
U01 HL145386, R01 CA67262, U0O1 CA167552, R01 ES017017, KO1 ES032458, R01 HL150119, and P30
ES000002, ES022981, DK112940, and R01 ES027696). HSI was supported by NIH T32 CA009001, and JDK was
supported by P30 ES007033.

References

American Diabetes Association. (2010). Diagnosis and Classification of Diabetes Mellitus. Diabetes
Care, 33(Supplement_1), S62-S69. 10.2337/dc10-S062 [PubMed: 20042775]

Astell-Burt T, & Feng X (2020). Urban green space, tree canopy and prevention of cardiometabolic
diseases: A multilevel longitudinal study of 46 786 Australians. International Journal of
Epidemiology, 49(3), 926-933. 10.1093/ije/dyz239 [PubMed: 31722373]

Bloemsma LD, Gehring U, Klompmaker JO, Hoek G, Janssen NAH, Lebret E, Brunekreef B, & Wijga
AH (2019). Green space, air pollution, traffic noise and cardiometabolic health in adolescents:
The PIAMA birth cohort. Environment International, 131, 104991. 10.1016/j.envint.2019.104991
[PubMed: 31302482]

Bullard KM, Saydah SH, Imperatore G, Cowie CC, Gregg EW, Geiss LS, Cheng YJ, Rolka DB,
Williams DE, & Caspersen CJ (2013). Secular Changes in U.S. Prediabetes Prevalence Defined by

Environ Res. Author manuscript; available in PMC 2024 December 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fiffer et al.

Page 12

Hemoglobin Alc and Fasting Plasma Glucose: National Health and Nutrition Examination Surveys,
1999-2010. Diabetes Care, 36(8), 2286—2293. 10.2337/dc12-2563 [PubMed: 23603918]

Ccami-Bernal F, Soriano-Moreno DR, Fernandez-Guzman D, Tuco KG, Castro-Diaz SD, Esparza-
Varas AL, Medina-Ramirez SA, Caira-Chuquineyra B, Cortez-Soto AG, Yovera-Aldana M, &
Rojas-Rueda D (2023). Green space exposure and type 2 diabetes mellitus incidence: A systematic
review. Health & Place, 82, 103045. 10.1016/j.healthplace.2023.103045 [PubMed: 37159977]

Chiuve SE, Fung TT, Rimm EB, Hu FB, McCullough ML, Wang M, Stampfer MJ, & Willett WC
(2012). Alternative Dietary Indices Both Strongly Predict Risk of Chronic Disease. The Journal of
Nutrition, 142(6), 1009-1018. 10.3945/jn.111.157222 [PubMed: 22513989]

Chuang K-J, Yan Y-H, & Cheng T-J (2010). Effect of Air Pollution on Blood Pressure, Blood
Lipids, and Blood Sugar: A Population-Based Approach. Journal of Occupational & Environmental
Medicine, 52(3), 258-262. 10.1097/JOM.0b013e3181ceff7a [PubMed: 20190657]

Coogan PFS, White LF, Jerrett M, Brook RD, Su JG, Seto E, Burnett R, Palmer JRS, & Rosenberg
LS (2012). Air Pollution and Incidence of Hypertension and Diabetes Mellitus in Black Women
Living in Los Angeles. Circulation, 125(6), 767-772. 10.1161/CIRCULATIONAHA.111.052753
[PubMed: 22219348]

Davis PJ, Liu M, Sherman S, Natarajan S, Alemi F, Jensen A, Avramovic S, Schwartz MD, &

Hayes x RB (2018). HbAlc, lipid profiles and risk of incident type 2 Diabetes in United
States Veterans. PLoS One, 13(9), e0203484. http://dx.doi.org.ezp-prod1.hul.harvard.edu/10.1371/
journal.pone.0203484 [PubMed: 30212478]

DeVille NV, lyer HS, Holland I, Bhupathiraju SN, Chai B, James P, Kawachi I, Laden F, &

Hart JE (2023). Neighborhood socioeconomic status and mortality in the nurses’ health study
(NHS) and the nurses’ health study 11 (NHSII). Environmental Epidemiology, 7(1), €235. 10.1097/
EE9.0000000000000235 [PubMed: 36777531]

Durrleman S, & Simon R (1989). Flexible regression models with cubic splines. Statistics in Medicine,
8(5), 551-561. 10.1002/sim.4780080504 [PubMed: 2657958]

Eze IC, Hemkens LG, Bucher HC, Hoffmann B, Schindler C, Kiinzli N, Schikowski T, & Probst-
Hensch NM (2015). Association between Ambient Air Pollution and Diabetes Mellitus in Europe
and North America: Systematic Review and Meta-Analysis. Environmental Health Perspectives,
123(5), 381-389. 10.1289/ehp.1307823 [PubMed: 25625876]

Frumkin H, Bratman GN, Breslow SJ, Cochran B, Kahn JPH, Lawler JJ, Levin PS, Tandon PS,
Varanasi U, Wolf KL, & Wood SA (2017). Nature Contact and Human Health: A Research
Agenda. Environmental Health Perspectives, 125(7), 075001. 10.1289/EHP1663 [PubMed:
28796634]

Gallo LC, Savin KL, Jankowska MM, Roesch SC, Sallis JF, Sotres-Alvarez D, Talavera GA, Perreira
KM, Isasi CR, Penedo FJ, Llabre MM, Estrella ML, Chambers EC, Daviglus ML, Brown SC, &
Carlson JA (2022). Neighborhood Environment and Metabolic Risk in Hispanics/Latinos From the
Hispanic Community Health Study/Study of Latinos. American Journal of Preventive Medicine,
63(2), 195-203. 10.1016/j.amepre.2022.01.025 [PubMed: 35365395]

Hart JE, Puett RC, Rexrode KM, Albert CM, & Laden F (2015). Effect Modification of Long-Term Air
Pollution Exposures and the Risk of Incident Cardiovascular Disease in US Women. Journal of the
American Heart Association, 4(12). 10.1161/JAHA.115.002301

Heianza Y, Hara S, Arase Y, Saito K, Fujiwara K, Tsuji H, Kodama S, Hsieh SD, Mori Y, Shimano
H, Yamada N, Kosaka K, & Sone H (2011). HbAlc 5-7-6-4% and impaired fasting plasma
glucose for diagnosis of prediabetes and risk of progression to diabetes in Japan (TOPICS 3): A
longitudinal cohort study. The Lancet, 378(9786), 147-155. 10.1016/S0140-6736(11)60472-8

Honda T, Pun VC, Manjourides J, & Suh H (2017). Associations between long-term exposure
to air pollution, glycosylated hemoglobin and diabetes. International Journal of Hygiene and
Environmental Health, 220(7), 1124-1132. 10.1016/j.ijheh.2017.06.004 [PubMed: 28712959]

lyer HS, Hart JE, Fiffer MR, Elliott EG, Yanosky JD, Kaufman JD, Puett RC, & Laden F (2022).
Impacts of long-term ambient particulate matter and gaseous pollutants on circulating biomarkers
of inflammation in male and female health professionals. Environmental Research, 214, 113810.
10.1016/j.envres.2022.113810 [PubMed: 35798268]

lyer HS, Hart JE, James P, Elliott EG, DeVille NV, Holmes MD, De Vivo |, Mucci LA, Laden
F, & Rebbeck TR (2022). Impact of neighborhood socioeconomic status, income segregation,

Environ Res. Author manuscript; available in PMC 2024 December 15.


http://dx.doi.org.ezp-prod1.hul.harvard.edu/10.1371/journal.pone.0203484
http://dx.doi.org.ezp-prod1.hul.harvard.edu/10.1371/journal.pone.0203484

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fiffer et al.

Page 13

and greenness on blood biomarkers of inflammation. Environment International, 162, 107164.
10.1016/j.envint.2022.107164 [PubMed: 35255255]

JiJS, Zhu A, Lv Y, & Shi X (2020). Interaction between residential greenness and air pollution
mortality: Analysis of the Chinese Longitudinal Healthy Longevity Survey. The Lancet Planetary
Health, 4(3), e107—115. 10.1016/S2542-5196(20)30027-9 [PubMed: 32220672]

Jimenez MP, DeVille NV, Elliott EG, Schiff JE, Wilt GE, Hart JE, & James P (2021). Associations
between Nature Exposure and Health: A Review of the Evidence. International Journal of
Environmental Research and Public Health, 18(9), 4790. 10.3390/ijerph18094790 [PubMed:
33946197]

Kirwa K, Szpiro AA, Sheppard L, Sampson PD, Wang M, Keller JP, Young MT, Kim S-Y, Larson
TV, & Kaufman JD (2021). Fine-Scale Air Pollution Models for Epidemiologic Research: Insights
From Approaches Developed in the Multi-ethnic Study of Atherosclerosis and Air Pollution
(MESA Air). Current Environmental Health Reports, 8(2), 113-126. 10.1007/s40572-021-00310-y
[PubMed: 34086258]

Klompmaker JO, Hoek G, Bloemsma LD, Gehring U, Strak M, Wijga AH, van den Brink C,
Brunekreef B, Lebret E, & Janssen NAH (2018). Green space definition affects associations
of green space with overweight and physical activity. Environmental Research, 160, 531-540.
10.1016/j.envres.2017.10.027 [PubMed: 29106952]

Klompmaker JO, Janssen NAH, Bloemsma LD, Gehring U, Wijga AH, van den Brink C, Lebret E,
Brunekreef B, & Hoek G (2019). Associations of Combined Exposures to Surrounding Green,
Air Pollution, and Road Traffic Noise with Cardiometabolic Diseases. Environmental Health
Perspectives, 127(8), 087003. 10.1289/EHP3857 [PubMed: 31393793]

Kriegler F, Malila W, Nalepka R, & Richardson W (1969). Preprocessing transformations and their
effects on multispectral recognition. Proceedings of the Sixth International Symposium on Remote
Sensing of Environment, 97-131.

Kuo M (2015). How might contact with nature promote human health? Promising mechanisms and
a possible central pathway. Frontiers in Psychology, 6. https://www.frontiersin.org/article/10.3389/
fpsyg.2015.01093

Leong A, Daya N, Porneala B, Devlin JJ, Shiffman D, McPhaul MJ, Selvin E, & Meigs JB (2018).
Prediction of Type 2 Diabetes by Hemoglobin Alc in Two Community-Based Cohorts. Diabetes
Care, 41(1), 60-68. 10.2337/dc17-0607 [PubMed: 29074816]

Liu C, Yang C, Zhao Y, Ma Z, Bi J, Liu Y, Meng X, Wang Y, Cai J, Kan H, & Chen R
(2016). Associations between long-term exposure to ambient particulate air pollution and type
2 diabetes prevalence, blood glucose and glycosylated hemoglobin levels in China. Environment
International, 92-93, 416-421. 10.1016/j.envint.2016.03.028

Liu F, Chen G, Huo W, Wang C, Liu S, Li N, Mao S, Hou Y, Lu Y, & Xiang H (2019).

Associations between long-term exposure to ambient air pollution and risk of type 2 diabetes
mellitus: A systematic review and meta-analysis. Environmental Pollution, 252, 1235-1245.
10.1016/j.envpol.2019.06.033 [PubMed: 31252121]

Liu F, Zhang K, Chen G, He J, Pan M, Zhou F, Wang X, Tong J, Guo Y, Li S, & Xiang H (2022).
Sustained air pollution exposures, fasting plasma glucose, glycated haemoglobin, prevalence and
incidence of diabetes: A nationwide study in China. International Journal of Epidemiology, 51(6),
1862-1873. 10.1093/ije/dyac162 [PubMed: 35947763]

Manson JE, Stampfer MJ, Colditz GA, Willett WC, Rosner B, Hennekens CH, Speizer FE, Rimm
EB, & Krolewski AS (1991). Physical activity and incidence of non-insulin-dependent diabetes
mellitus in women. The Lancet, 338(8770), 774-778. 10.1016/0140-6736(91)90664-B

Markevych I, Schoierer J, Hartig T, Chudnovsky A, Hystad P, Dzhambov AM, de Vries S, Triguero-
Mas M, Brauer M, Nieuwenhuijsen MJ, Lupp G, Richardson EA, Astell-Burt T, Dimitrova D,
Feng X, Sadeh M, Standl M, Heinrich J, & Fuertes E (2017). Exploring pathways linking
greenspace to health: Theoretical and methodological guidance. Environmental Research, 158,
301-317. 10.1016/j.envres.2017.06.028 [PubMed: 28672128]

Mei Y, Li A, Zhao J, Zhou Q, Zhao M, Xu J, Li R, Li Y, Li K, Ge X, Guo C, Wei Y, & Xu
Q (2023). Association of long-term air pollution exposure with the risk of prediabetes and
diabetes: Systematic perspective from inflammatory mechanisms, glucose homeostasis pathway

Environ Res. Author manuscript; available in PMC 2024 December 15.


https://www.frontiersin.org/article/10.3389/fpsyg.2015.01093
https://www.frontiersin.org/article/10.3389/fpsyg.2015.01093

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fiffer et al.

Page 14

to preventive strategies. Environmental Research, 216, 114472. 10.1016/j.envres.2022.114472
[PubMed: 36209785]

Morris DH, Khunti K, Achana F, Srinivasan B, Gray LJ, Davies MJ, & Webb D (2013). Progression
rates from HbA1c 6.0-6.4% and other prediabetes definitions to type 2 diabetes: A meta-analysis.
Diabetologia, 56(7), 1489-1493. 10.1007/s00125-013-2902-4 [PubMed: 23584433]

Prevalence of Prediabetes Among Adults | Diabetes | CDC. (2022, January 18). https://www.cdc.gov/
diabetes/data/statistics-report/prevalence-of-prediabetes.html

Puett RC, Quirds-Alcala L, Montresor-Lopez JA, Tchangalova N, Dutta A, Payne-Sturges D, &
Yanosky JD (2019). Long-Term Exposure to Ambient Air Pollution and Type 2 Diabetes in
Adults. Current Epidemiology Reports, 6(1), 67-79. 10.1007/s40471-019-0184-1

Rao X, Montresor-Lopez J, Puett R, Rajagopalan S, & Brook RD (2015). Ambient Air Pollution:

An Emerging Risk Factor for Diabetes Mellitus. Current Diabetes Reports, 15(6), 33. 10.1007/
$11892-015-0603-8

Riant M, Meirhaeghe A, Giovannelli J, Occelli F, Havet A, Cuny D, Amouyel P, & Dauchet L (2018).
Associations between long-term exposure to air pollution, glycosylated hemoglobin, fasting blood
glucose and diabetes mellitus in northern France. Environment International, 120, 121-129.
10.1016/j.envint.2018.07.034 [PubMed: 30077944]

Rosner B (1983). Percentage Points for a Generalized ESD Many-Outlier Procedure. Technometrics,
25(2), 165-172. 10.2307/1268549

Rosner B, Cook N, Portman R, Daniels S, & Falkner B (2008). Determination of blood pressure
percentiles in normal-weight children: Some methodological issues. American Journal of
Epidemiology, 167(6), 653-666. 10.1093/aje/kwm348 [PubMed: 18230679]

Sacks JD, Stanek LW, Luben TJ, Johns DO, Buckley BJ, Brown JS, & Ross M (2011). Particulate
Matter-Induced Health Effects: Who Is Susceptible? Environmental Health Perspectives, 119(4),
446-454. [PubMed: 20961824]

Sade MY, Shi L, Colicino E, Amini H, Schwartz JD, Di Q, & Wright RO (2021). Long-term
air pollution exposure and diabetes risk in the elderly population (p. 2021.09.09.21263282).
10.1101/2021.09.09.21263282

Son J-Y, Choi HM, Fong KC, Heo S, Lim CC, & Bell ML (2021). The roles of residential greenness
in the association between air pollution and health: A systematic review. Environmental Research
Letters, 16(9), 093001. 10.1088/1748-9326/ac0e61

Thiering E, Markevych I, Briske I, Fuertes E, Kratzsch J, Sugiri D, Hoffmann B, von Berg A,

Bauer C-P, Koletzko S, Berdel D, & Heinrich J (2016). Associations of Residential Long-Term
Air Pollution Exposures and Satellite-Derived Greenness with Insulin Resistance in German
Adolescents. Environmental Health Perspectives, 124(8), 1291-1298. 10.1289/ehp.1509967
[PubMed: 26863688]

Wolf K, Popp A, Schneider A, Breitner S, Hampel R, Rathmann W, Herder C, Roden M, Koenig W,
Meisinger C, & Peters A (2016). Association Between Long-term Exposure to Air Pollution and
Biomarkers Related to Insulin Resistance, Subclinical Inflammation, and Adipokines. Diabetes,
65(11), 3314-3326. 10.2337/db15-1567 [PubMed: 27605624]

Yang B-Y, Fan S, Thiering E, Seissler J, Nowak D, Dong G-H, & Heinrich J (2020). Ambient air
pollution and diabetes: A systematic review and meta-analysis. Environmental Research, 180,
108817. 10.1016/j.envres.2019.108817 [PubMed: 31627156]

Yanosky JD, Paciorek CJ, Laden F, Hart JE, Puett RC, Liao D, & Suh HH (2014). Spatio-temporal
modeling of particulate air pollution in the conterminous United States using geographic and
meteorological predictors. Environmental Health, 13, 63. 10.1186/1476-069X-13-63 [PubMed:
25097007]

Yitshak Sade M, Kloog I, Liberty IF, Schwartz J, & Novack V (2016). The Association Between
Air Pollution Exposure and Glucose and Lipids Levels. The Journal of Clinical Endocrinology &
Metabolism, 101(6), 2460-2467. 10.1210/jc.2016-1378 [PubMed: 27218271]

Yu Z, Feng Y, Chen Y, Zhang X, Zhao X, Chang H, Zhang J, Gao Z, Zhang H, & Huang C (2023).
Green space, air pollution and gestational diabetes mellitus: A retrospective cohort study in central
China. Ecotoxicology and Environmental Safety, 249, 114457. 10.1016/j.ecoenv.2022.114457
[PubMed: 38321676]

Environ Res. Author manuscript; available in PMC 2024 December 15.


https://www.cdc.gov/diabetes/data/statistics-report/prevalence-of-prediabetes.html
https://www.cdc.gov/diabetes/data/statistics-report/prevalence-of-prediabetes.html

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Fiffer et al.

Page 15
Highlights
. This study drew on U.S. cohorts of adults without diabetes (some with
prediabetes).
. This study investigated simultaneous air pollution and greenness exposures.
. Environmental exposures were not consistently associated with HbAlc.
. Residential greenness was modestly associated with HbAlc in single
exposure models.
. More work is needed to elucidate pathways between the environment and

prediabetes.
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Spearman correlation coefficients among measures of 270m and 1,230m NDVI, PM5 5 and

NO> air pollution across two time windows (3 month and 1 year avg) among women

and men in the Nurses’ Health Study, Nurses’ Health Study 11, and Health Professionals

Follow-up Study.

Environ Res. Author manuscript; available in PMC 2024 December 15.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Fiffer et al.

Page 17

Exposures

Tyr1230m

Tyr270m

3mo1230m

3mo270m

TyrNO2

3moNO2

TyrPM2.5

3moPM2.5 - 2

Component

Figure 2.

Heatmap of PCA component loadings for measures of surrounding greenness (1yr1230m,
1yr270m, 3mo1230m, and 3mo270m), NO, (1LyrNO2 and 3moNO2) and PM, 5 (1yrPM2.5

and 3moPM2.5) exposure.
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