Associations Between Long-Term Ambient Air Pollution, Neighborhood Physical
Disinvestment, and Incident Diabetes in the Hispanic Community Health Study/Study of
Latinos

Cara Smith

A dissertation submitted in partial fulfillment of the requirements for the degree of

Doctor of Philosophy
University of Washington

2025

Reading Committee:
Joel Kaufman, Chair
Elena Austin

Amanda Fretts
Stephen Mooney

Program Authorized to Offer Degree:

Department of Environmental and Occupational Health Sciences



©Copyright 2025
Cara Smith



University of Washington

Abstract

Associations Between Long-Term Ambient Air Pollution, Neighborhood Physical Disinvestment,
and Incident Diabetes in the Hispanic Community Health Study/Study of Latinos

Cara Smith

Chair of the Supervisory Committee:
Joel Kaufman
Department of Environmental and Occupational Health Sciences
Risk factors for type 2 diabetes (T2D) include genetics, age, adiposity, diet, physical
activity (PA) levels and environmental conditions.' Putative environmental risk factors include
exposure to air pollution-- specifically traffic-related air pollutants--and neighborhood
conditions.*’7 A meta-analysis by Yang et al.> of 11 studies reported an association between fine
particulate matter (PM; s) and incident T2D (HR= 1.10, 95% CI: 1.04-1.17 per 10 pg/m?3
increment). Studies on NO, have been limited and associations more mixed for incident T2D.3
There have previously been a limited number of studies on neighborhood environment,
specifically neighborhood physical disinvestment (formerly referred to as disorder), and T2D.
Disinvestment in the built environment is a result of systemic social and economic processes that
deprive areas of resources needed to maintain and develop physical environments. Disinvestment
is reflected in visual indicators of deterioration and neglect, and is a concern for health as areas
of high disinvestment may reduce resident’s ability and willingness to engage in PA.? Increasing

neighborhood disorder has also been found to interact with genetic risk of T2D, as those with



higher polygenic score for T2D (a summary of genome-wide genetic risk) living in
neighborhoods of higher levels of disorder had a greater risk of T2D.? Data on air pollution,
neighborhood environment, and T2D risk is limited and even more so in Hispanic/Latino
populations and subgroups at high risk of diabetes.

This dissertation addresses those data gaps in the Hispanic Community Health
Study/Study of Latinos (HCHS/SOL), a longitudinal community-based cohort study of 16,415
self-identified Hispanic/Latinos recruited between 2008 and 2011 from the Bronx, Chicago,
Miami, and San Diego. Yearly follow-up calls were conducted and a second visit occurred
between 2014-2017. Laboratory analysis from both exams includes fasting plasma glucose
(FPG) and Glycosylated hemoglobin (HbA1c). Diabetes was defined in two way: the primary
definition for diabetes required a FPG >126 mg/dL; HbAlc level >6.5%; post-OGTT glucose >
200 mg/dL; and/or self-reported use of antihyperglycemic drugs,'® and the secondary definition
included all those who fit the primary definition of T2D and additionally includes those who
self-reported diabetes or high sugar in their blood. Additionally, different progression of diabetes
were investigated and pre-diabetes was defined as having a FPG >100 mg/dL and <126 mg/dL;
and HbA 1c level >5.7% and <6.5%.'" The different progression of diabetes were: 1) progression
from pre-diabetes to diabetes, where the sample only included those with pre-diabetes at
baseline, 2) Progression of those free of diabetes and pre-diabetes to diabetes and 3) progression
of those free of diabetes and pre-diabetes at baseline to pre-diabetes at visit 2.

The first aim of this dissertation focuses on estimating long-term exposure to ambient
PM; s and NO, in HCHS/SOL cohort members and the association of these pollutants with
incident diabetes, and if these associations are modified by physical activity levels and/or

adiposity. A spatiotemporal model was used to estimate air pollution exposure at residential



addresses. Individual survey-weighted Poisson regression models were used to assess the
association between each air pollutant’s average concentration over the follow-up period and
incident diabetes at visit 2. Of the 8248 participants free of diabetes (primary definition) at visit
1, there were 950 incident diabetes cases at visit 2 with an age-centered adjusted incidence rate
of 16.3 per 1000 person-years. For the secondary diabetes definition, 8129 participants were free
of diabetes at visit 1 and there were 1354 incident cases by visit 2 with an age-centered adjusted
incidence rate of 24.5 per 1000 person-years. When utilizing the primary definition of diabetes, a
2.48 pg/m?3 increase in PM2.s5 was associated with a 27% increased risk of incident diabetes when
adjusting for age and sex (IRR = 1.27, 95% CI: 1.09 — 1.49). An 8.69 ppb increase in NO2 was
associated with a 22% increased risk of incident diabetes when adjusting for age and sex (IRR =
1.22,95% CI: 1.08 — 1.37). Associations with both PM2 5 and NO2 were attenuated and no longer
statistically significant when adjusting for years living in the US, income, educational
attainment, family history of diabetes, neighborhood SES, waist circumference, and study
center/ethnic heritage. There was no evidence of effect modification by physical activity or waist
circumference. When adjusting for our main set of covariates at each study center, higher
exposure to PM2.s and NO2 were only associated with increased risk of incident diabetes at the
Bronx study center. Future studies should continue to investigate the association between PMz s
and NO2 and incident diabetes in a less spatially clustered cohort with a longer follow-up period.
Future studies should also continue to investigate the potential modifying effects of physical
activity and adiposity.

The second aim of this dissertation focused on generating neighborhood disinvestment
scores for each participants’ residential address in the HCHS/SOL and investigated the

association between baseline neighborhood disinvestment and incident diabetes at visit 2. A



virtual street audit of Google Street View Imagery was conducted and an item response theory
model was fit to indicators (litter, graffiti, under-maintained buildings, bars on windows, and
abandoned buildings) to form a scale measuring a latent level of disinvestment. Ordinary kriging
was used to estimate levels for each residential address within the HCHS/SOL census tracts via
spatial interpolation. Covariate-adjusted and survey-weighted Poisson regression models were
used to investigate the association between neighborhood disinvestment and incident diabetes at
visit 2 among 9120 participants free of diabetes at visit 1. A sensitivity analysis among those
who did not move during the follow-up period was conducted as well. A one-standard deviation
increase in neighborhood disinvestment score was associated with a 13% (95% CI: 1%-23%)
lower risk of incident diabetes when adjusting for age, sex, education, income, study
center/heritage, years in the US, family history, and a neighborhood socioeconomic index. Our
sensitivity analysis yielded qualitatively similar results with lower precision. Overall, our
analysis does not support the hypothesis that neighborhood physical disinvestment is associated
with incident type 2 diabetes in this Hispanic/Latino population. Future studies should continue
to evaluate the role of food environment, greenspace, and physical activity when considering

neighborhood scale infrastructure impacts on diabetes risk.
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Chapter 1: Introduction and Literature Review

In the United States, an estimated 38.4 million Americans were living with type 2
diabetes (T2D) and an estimated 97.6 million are living with prediabetes in 2021.!"" T2D has a
high global prevalence as well, and reports estimate over 400 million people were living with the
disease in 2021.!2 Global prevalence is trending upwards with an increase to 642 million people
expected by 2040.'3 While type 2 diabetes mainly affects those over 45, prevalence among those
younger is increasing.'!3

T2D is a chronic condition characterized by the body’s inability to use insulin
effectively.'> Primary risk factors of T2D include diet, age, obesity, physical activity levels and

16,17 persistent

genetic risk factors. Environmental risk factors include exposure to arsenic,
organic pollutants such as organochlorine,!” and air pollution, specifically traffic-related air
pollutants.*>!8 Heidemann et al.!° found those living by extremely busy roads had higher odds of
developing diabetes than those living by very low or no traffic roads. A meta-analysis by Yang et
al.> of 11 studies reported an association between PM2.s5 and incident T2D (HR= 1.10, 95% CI:
1.04-1.17 per 10 pg/m3increment).

One’s neighborhood environment can affect their exposure to air pollution, their physical
activity levels, and their risk of T2D. There have previously been a limited number of studies on
neighborhood environment, specifically neighborhood physical disinvestment (formerly referred
to as disorder), and T2D. Of the few published studies, heterogeneity among the study designs
are high as researchers define and collect data on neighborhood environment in different

manners. Disinvestment in the built environment is a result of systemic social and economic

processes that deprive areas of resources needed to maintain and develop physical environments.



Disinvestment is reflected in visual indicators of deterioration and neglect, and is a concern for
health as areas of high disinvestment may reduce resident’s ability and desirability to engage in
physical activity.?*-2* Increasing neighborhood disorder has also been found to heighten the
genetic risk of T2D.’

As there is limited data on air pollution, neighborhood environment, and T2D, there is
even less data on Hispanic/Latino populations and subgroups. The first aim of this dissertation
was to estimate air pollution exposure at participants’ residence and investigate the association
between exposure and incident diabetes. The second aim was to measure neighborhood
disinvestment and investigate the association between neighborhood disinvestment and incident
diabetes. This dissertation addressed data gaps by investigating both air pollution and
neighborhood-built environment as exposures in a diverse sample of Hispanics/Latinos across

four US cities.?*

Type 2 Diabetes

There are two main types of diabetes mellitus, type 1 and type 2. Type 1 is due to
autoimmune destruction of pancreatic 5-cells and is more common among children and young
adults.? Type 2 diabetes is more common than type 1 with 90-95% of diabetes cases being type
2.1225 T2D is a chronic condition related to the body's ineffective use of insulin.'” In the case of
T2D, the cause of the pancreatic S-cell loss is non-immune and the insensitivity to insulin
varies.? The pancreatic -cell dysfunction and insulin resistance causes insulin deficiency in
patients.!3

Both genetic and environmental risk factors cause T2D with obesity appearing to be the
predominant risk factor.>* Schnurr et al.? found effects of having high genetic risk to be modest

compared to the higher T2D risk of obesity, which has its own genetic risks. Obesity and



lifestyle choices related to smoking, alcohol consumption, limited physical activity, and diet
were associated with higher T2D risk regardless of genetic risk.?> A study comparing the
HCHS/SOL cohort and the Framingham Heart Study found BMI, age, hypertension, and full-
time employment to be independent predictors of diabetes risk.?® A systematic review and meta-
analysis noted the importance of accounting for obesity, physical activity, nutrition, smoking and
second-hand smoke in diabetes risk studies investigating associations with air pollution
exposure.!

Diet and exercise have long been linked to diabetes risk. Meat based diets are associated
with a higher risk of diabetes than plant-based.?” Drinking sugary beverages has also been linked
to an increase in obesity and T2D risk.?’ In regards to the association between obesity and T2D
risk, the location of excess adipose tissue may be important as visceral obesity and ectopic fat
appear to increase risk more than high BMI.?’

While it is difficult to study diet and physical activity in cohorts due to challenges in
assessing and monitoring behavior, social desirability bias in questionnaire responses, reporting
bias, and the temporal nature of these behaviors, a number of studies have found improving diet
and physical activity can reduce risk of T2D.3*728 A study of 3234 overweight or obese adults
with impaired glucose tolerance found increasing physical activity and adopting a low-fat diet
for weight reduction reduced T2D risk.?® Even non-strenuous movements such as walking and
completing daily tasks resulted in beneficial metabolic effects compared to sedentary behavior.?
Those with a more sedentary lifestyle tend to have higher concentrations of circulating pro-
inflammatory mediators while physical activity tends to attenuate low-grade inflammation and

benefit B-cell function.?”3°



High levels of physical activity are associated with lower risk of diabetes than low or no
level of physical activity with one study estimating a 30% relative risk reduction.!3! In the
HCHS/SOL cohort, a subset of participants wore an accelerometer for a week and found
moderate-vigorous physical activity was inversely and nonlinearly associated with incident T2D
risk.>? However, benefits seemed to level off after 30 minutes of moderate-vigorous physical
activity a day and the association was present among those over 50 but not those under 50 years
old.*

Smoking has also been linked to T2D risk. A meta-analysis found the highest relative risk
of T2D among heavy smokers compared to light or former smokers.3* However, no association
was found between smoking and incident T2D in a large multi-ethnic cohort.3* A few studies
have investigated a combination of these risk factors by calculating a “favorable lifestyle factor”.
A 5-point lifestyle score calculated from diet, physical activity, smoking status, alcohol
consumption, and BMI was used in a Spanish cohort, and investigators found those with higher
lifestyle scores had lower incident rates of T2D than those with the lowest scores.*> However, the
sample size was small and only 51 T2D cases occurred.® Schurr TM et al.? found those with
unfavorable or intermediate lifestyle had higher hazard ratio of incidence T2D compared to those
with favorable lifestyle. These modifiable lifestyle factors are generally easier to change than

environmental risk factors such as air pollution and noise.

Air Pollution
Exposure to air pollution is associated with higher risk of cardiovascular and
cardiometabolic diseases.?®3° Associations and exposure levels vary based on the pollutant,

which can come from a variety of sources and have various chemical makeups. Four commonly



studied air pollutants for health effects are particulate matter with an aerodynamic diameter of
2.5 microns (PM2s), nitrogen dioxide (NOz), nitrogen oxides (NOx), and ozone (O3). As the
criteria for PM2s is the size, the particles can result from a number of sources and can contain
various chemicals. Common sources of PM2.s are vehicle exhaust, construction, combustion of
wood, heating oil, coal, wildfires, and unpaved roads. These small particles are able to penetrate
deep into the lung tissue resulting in direct translocation into the bloodstream, oxidative stress,
and systemic effects on other organs and systems such as the autonomic nervous system. 3637
Short term health effects of PM2.s include nose, eye, throat, and lung irritation, increased blood
pressure and decreased heart rate variability; long-term effects include cardiovascular and
cardiometabolic diseases.3*3” The chemical makeup and size of the particulate matter may affect
the resulting health effects and the biological mechanism.3® Components with a higher oxidative
stress potential may increase the oxidative stress.’® PM2.s from fuel combustion can increase
black carbon and trace metals.3® While different components of PM2 5 may result in different
biological reactions, identifying which ones are the most toxic is difficult and may not be the
most productive aspect to focus on. Instead, focus should remain on the sources of these
pollutants and limiting human exposure.3¢

Nitrogen oxides (NOx) is a group of highly reactive gases containing NO2 and nitrogen
oxide (NO). NOz is of particular interest in urban air pollution epidemiology studies as the main
source is emission from vehicles and is more specific to traffic-related pollution than PM2.5.4
Additional sources include construction equipment, power plants, and soil via denitrification. NO
is a colorless, odorless insoluble gas while NOz2 is a brownish, water soluble gas with a chlorine-
like odor. NOz is more toxic to humans than NO.*° Nitrogen oxides are respiratory irritants

associated with increased susceptibility to respiratory infections and asthma.*! Short term health



effects range from eye and nose irritation to death.*® The low solubility of NO2 in water allows
the gas to travel deep into the lower respiratory tract.>® As with PMa.s, focusing on the specific
toxicity of the pollutant is not the most practical or efficient way to reduce adverse health
outcomes on a population level.*® These pollutants are best viewed as markers of traffic-related
air pollution and the goal of investigating these associations with health outcomes is to better
understand variations on small spatial scales. Adverse health outcomes will likely reduce when
traffic reduces and when populations spend less time near traffic.

Ozone in the stratosphere occurs naturally and is beneficial to life on earth as it reduces
the harmful effects of the sun’s ultraviolet radiation. However, ozone at ground-level is
hazardous to health. Ground-level O3 is a secondary pollutant as there are no direct emission
sources; O3 needs to be formed. Ground-level O3 forms when NOx, volatile organic compounds
(VOC:s), and solar radiation are present. Due to the chemical reactions that occur and
transportation by wind, NOx tends to be higher in the mornings and closer to traffic while O3 is
higher in the afternoon and further from traffic.>>*? As sunlight is required for the reaction, O3
tends to be highest on hot sunny days.3’

Ground-level ozone is a respiratory irritant that increases susceptibility to infection and
aggravates asthma.®® Similar to NO2, acute health effects of O3 range from eye and nose irritation
to death.*>*? Ozone’s properties of being a high reactive, oxidative gas with low solubility in
water relate to its health effects. As ozone has low solubility in water, it is not effectively
removed by the upper respiratory tract, allowing it to travel to the lower respiratory tract where it
can dissolve into the epithelial lining fluid.*? The oxidative potential of the gas causes oxidative

stress in the body which may affect cell signaling and cause cell damage.*



Air Pollution and Type 2 Diabetes

A recent meta-analysis by Yang et al.®> on 11 studies showed an association between
PM2s and incident T2D (HR= 1.10, 95% CI: 1.04-1.17 per 10 pg/m3increment). For NO2, seven
studies investigating T2D incidence showed a lower pooled effect than PM2.s (HR = 1.01, 95%
CI: 0.99-1.02 per 10 pg/m3increment).’ Another recent meta-analysis by Liu et al.'® found PMa.s
to be associated with higher incidence of T2D (HR: 1.10, 95% CI: 1.04-1.16). NO2 exposure
showed a difference in incident T2D between men and women.'® When looking at prevalence of
T2D, higher levels of PMz.s, PMio, and NO2 were associated.'® Both meta-analyses highlighted
the high level of heterogeneity among the studies.>!® Additionally, there were not enough studies
on O3 and NOx to conduct a meaningful meta-analysis and discussion.'® Previous studies on NO2
and incident diabetes are limited, but association is generally positive.!** However, a few studies
on NO2 and incident diabetes found no association.*>** NO> tends to have larger within-city
variability then PM2.5*°, making the resolution of the air pollution model even more important.

Heterogeneity is high among studies examining the association of air pollution and
incident type 2 diabetes as research groups use different instruments and models to estimate
exposure, estimate exposure on different spatial and temporal scales, and have different temporal
definitions for ‘long-term’ exposure. Additionally, populations vary as does ascertainment of
health data and relevant confounders, and the follow-up period. Table 1 summarizes relevant
publications on air pollution and incident diabetes.

Very few studies on NOx, O3, and incident diabetes have been published. An analysis on
a cohort of Danish nurses found a weak, positive association with NOx in a fully adjusted model
(HR: 1.01, 95% CI: 0.98-1.05).* A large cohort in Rome had a small positive association

between incident diabetes and NOx (HR: 1.009, 95% CI:1.002 — 1.015) and O3 (HR: 1.012, 95%



CI:1.000 — 1.024).%6 Stronger association was found among those <50 years (HR: 1.051, 95% CI:
1.021, 1.083).% However, no data on BMI or physical activity was available for the cohort.*® A
longitudinal study on older Mexican Americans in Sacramento utilized a time-varying annual O3
average over a 5-year period prior to the onset of an event for all in the risk set at said event
time.*” Ozone was positively associated with diabetes (HR: 1.13, 95% CI: 1.00, 1.28) and the
relationship was stronger among those who reported being physically active outdoors (HR: 1.52,

95% CI: 1.21, 1.90).%



Table 1. Studies assessing the association between air pollution and incident diabetes.

Reference

Cervantes-
Martinez
et al.,
202248

Chen et al
20134

Location
and
Population

Female
teachers
from
Mexico City
metro area

Ontario,
Canada;
Aged 35+

Study
Period

2008-

1996-
2010

Exposure

PM3.s-
monthly time-
weighted
exposure at
home and
work
addresses

NO3- monthly
time-weighted
exposure at
home and
work
addresses

6-year average
concentrations
of PM, s at
baseline
resident postal
code

Exposure
Model

Spatiotemporal
model with
resolution of 1
km x 1 km

Satellite-based
estimates
derived from
aerosol optical
depth data.
Resolution 10 x
10 km

Statistical
Model

Cox PH model
with time-
varying
exposure on
monthly time
scale

Stratified Cox
PH model
with strata
defined as
single-year
age groups,
cycle of
survey, and
region
(north/south).
Used time-
weighted
exposure

Outcome data

Outcome
source
Self-report
Incident and
T2D administrative
databases
Ontario
Diabetes
Incident Database - a
Diabetes validated
registry of
diabetics

Control Variables

Time-dependent
age, smoking,
time-dependent
physical activity,
SES, wood
smoking, time
spent outdoors

Sex, education,
income, BMI, and
stratifying on age,
survey year, and

region

Results

HR: 1.72 (95%
Cl: 1.47-2.01)

HR: 1.52 (95%
Cl: 1.37-1.68)

HR: 1.11 (95%
Cl: 1.02, 1.21)

Pollution
increment

10 pg/m3

10 ppb

10 pg/m?



Clark C et C\; anr;c(?au'vAegr,e
al. 20174 !
45-85y old
United
Coogan PF | States; Black
et al Women
2016°° ages 21-69
at baseline

PM; 5 - 5-year
exposure
period at

participant’s

postal code

1994-
2002

NO,

Monthly
estimates of
PMzAs at
residential
addresses
from 1998-
2008.
Accounted for
spatial, but
not temporal
variation.

1995-
2011

LUR model -
30m resolution

Hybrid LUR
model with
Maximum
Entropy
techniques.

Logistic
regression
with time-
weighted
exposure

Cox PH Model
with time-
weighted
exposure

Administrative

records -
Incident unable to
Diabetes distinguish
between type
land?2
Self-report of
Incident doctor-
T2D diagnosis.

96% accuracy

Gender, age,
area-level
household

income

BMI,

neighborhood
SES, education,
vigorous exercise,

diet pattern

OR: 1.03 (95%
Cl: 1.01,1.05)

OR: 1.00 (95%
Cl: 0.98, 1.02)

Fully adjusted
HR: 0.99 (95%
Cl: 0.90-1.09);
leaner women
had an
increased
incidence of
T2D (HR: 1.36,
Cl: 0.91-2.04)
compared to
heavier
women (HR:
0.95 (95% Cl:
0.79-1.13);
Women under
40 had an
increased
incidence of
T2D (HR: 1.19
95% Cl: 0.94-
1.51)
compared to
women aged
40-54 (HR: 0.98
95% Cl: 0.86,
1.11)

IQR of 1.6
pg/ms3

IQR of 8.4
pg/m?3

IQR increase
of 2.9 ug/m3
PMys

10



Denmark;
Hansen et Female
al. 2016* Nurses; Age
44+ by 1999
Taiwan -
Adult 18+ of
Lao Et al., Chinese
201951 descent
residing in
Taiwan
UK Biobank
Li et al. — Aged 40-
202232 69 at
baseline

1993-

2013

2001-
2014

2007-
2018

PM; s - 5-year

running mean

at residential
address

NO; - 5-year
running mean
at residential

address

NOy - 5-year
running mean
at residential

address

PM; 5 - 2-year
average

Annual
average PMys
concentration
at participants

residential
address at
baseline.
Categorical as
low (<9.5

Danish air
pollution
dispersion
model - annual
mean
concentrations
at residential
addresses

Satellite-based
spatiotemporal
model with 1x1
km?2 resolution

Land use
regression
model -
ESCAPE

Extended Cox
PH model

Cox PH
regression
models with
time-varying
exposure and
covariates

Cox PH model
with time-
constant
exposure and
covariates

Danish
Incident National
Diabetes Diabetes
Register
Medical
. assessment or
Incident
72D self-re.pc.arted
physician-
diagnosis
Hospital
Incident records from
T2D administrative

databases

Age, BMI,
smoking, physical
activity, alcohol,

diet,
hypertension,
myocardial
infarction,
employment
status, marital
status

Age, sex, BMI,
education,
season, year,
smoking, alcohol,
physical activity,
diet, occupational
exposure,
hypertension
Sex, age, race,
education,
income, smoking,
alcohol, BMI, diet,
family history,
hypertension,
CVD, depression,
cancer, physical
activity

Fully adjusted
HR of 1.11
(95% ClI: 1.02-
1.22)

HR of 1.05
(95% Cl:
0.99,1.12)

HR of 1.01
(95% Cl: 0.98,
1.05)

HR range: 1.16
—1.28; BMI
significant
modifier

HR: 1.47 (95%
Cl: 1.36-1.59)

IQR of 3.1
ug/m3

IQR of 7.5
ug/m3

IQR of 10.2
pg/ms3

Reference 1st
quartile <21.7
ug/m3. 1IQR
21.7-28.0

pg/ms3

5 pg/m3

11



pg/m3),
moderate (9.5

-10.3 pg/md),
and high (>
10.3 pg/m3)
NO,: Low
(<24.6 pg/m3),
moderate HR: 1.08 (95% 3
(24.6-31.5 Cl: 1.06-1.10) 10 ug/m
ug/m3), high
(>31.5 pg/m3)
Measured Sex, age,
e, el T
SELESS conceitratic?r: Clons[7) coetz) g>126 mg/dL eduycation ’ L0 iy
Park SK et Multiple 2000- Spatiotemporal with time Incident & . ¢ 0.87, 1.26); IQR of 2.43
. from 2000 at . after 12-hour smoking, alcohol, .
al. 20153 cities; aged 201 AT model constant diabetes overnight fast: hvsical activit Only Chicago: pg/m3
45-84 at participar exposure & | P Y HR: 1.55 (95%
baseline residential or use of neighborhood Cl: 1.03,2.32)
address antidiabetic SES, BMI, and o
medication study site
Overall HR:
NOx 1.04 (95% Cl: QR °fb47'1
0.77,1.40) PP
Rome, Italy; . .
Resident in Annual PM; s LUR model - Administrative .
records - Sex, SES, marital
. Rome at exposure at developed . . HR: 1.002 (95%
Renzi et al. 2008- . . Incident unable to status, education
2001 baseline at using Cox PH model . e . Cl: 0.982, 5 ug/m3
20184 2013 . . Diabetes distinguish level, occupation,
Census; residential measurements [ S lace of birth 1.022)
aged 35+ by address from 2010 YP P
2013 land?2
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. United
Sa:::::';l States; 2000-
202354 Medicare 2016
enrollees

NO;

NOy

O3

PM,s - Annual
predictions at
ZIP code level

NO; - Annual
predictions at
ZIP code level

Three-
dimensional
Eulerian
dispersion
modelonal
Km grid.

Spatiotemporal
modelonal
km?2 grid

Cox-
equivalent re-
parameterized

Poisson
survival

Medicare

Incident Chronic
Diabetes Conditions
Warehouse

Age, race, sex,
Medicaid

insurance, annual
ZIP code means of

summer and
winter

temperature, and

annual ZIP code
level

sociodemographic

variables

HR: 1.003 (95%
Cl: 0.996,
1.015)

HR: 1.009 (95%
Cl: 1.002,
1.015)

HR: 1.012 (95%
Cl: 1.000,
1.024)

HR: 1.07 (95%
Cl: 1.06, 1.09)

HR: 1.06 (95%
Cl: 1.05, 1.06)

10 pg/m?3

20 pug/m3

10 pg/m?3

5 pg/m3

5 ppb
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Sacramento,
CA; Self-
Y;(,eztlfl" identified
Latinos aged
60+

03— Averaged
predictions
during May-

October at ZIP

code level

0s - average
exposure
modeled 5

years prior to
event for
everyone in
risk set at
event time

1998-
2007

LUR model
with data from
saturation
monitoring at
49 sites across
study area

Cox PH model
with time
varying O3
exposure.

Incident
Diabetes

Self-report of
doctor-
diagnosis;
antidiabetic
medication
us; or fasting
glucose level >
126 mg/dL
measured
during visit

HR: 0.99 (95%

Cl: 0.99, 1.00)
Age, sex,
education,
longest held Overall HR:
occgupation 1.13 (95% ClI:
Neighborhood 1.00, 1.28);

among those
physical active
HR: 1.52 (95%
Cl: 1.21, 1.90)

SES, outdoor
physical activity,
smoking, and
household
income

5 ppb

10 ppb
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Biological Mechanism

As previously mentioned, different pollutants have different chemical make-ups and are
of different sizes. This may result in different health effects and different biological mechanisms
causing the effects. The composition of the pollutants, as well as susceptibility of the host may
influence the biological mechanism and there is likely more than one pathway at play.>> There is
also uncertainty around the specific mechanism for how each pollutant may cause T2D. One of
the main theories for PMzs is the presence induces oxidative stress and pulmonary inflammation
which then results in systemic inflammation and leads to insulin resistance.!!-*%57 Additionally,
PM: s can act as a hypothalamic stressor which induces peripheral inflammation and abnormal
glucose metabolism.! There are also links between this mechanism and higher association among
those living near major roads.*®>° The oxidative potential of particles near major roads was
shown to be significantly higher than particles at background locations further away from major
roads.*® High-sensitivity C-reactive protein (CRP), a blood marker for systemic inflammation,
was found to be positively associated with traffic intensity of the closest street.>® Those living
near a busy road had increased CRP values 10.2% (95% CI: 2.4%, 18.8%) higher compared to
those living near a quiet road.>® Increased serum levels of CRP have also been associated with
exposure to PMz.s and traffic.>%¢0

A number of animal studies have been conducted to look into the mechanistic
relationship of air pollution and T2D. Experiments on rats found exposure to O3 may induce
insulin resistance via oxidative stress and systemic inflammation.'¢> Inhaling O3 was shown to
induce autonomic system responses in the rats as the inhaled pro-oxidant molecules penetrate
deep into the lungs and translocate from the alveolar fluid into circulation.®!-*? These animal

models help explain the linked between exposure, systemic inflammation, and insulin resistance
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seen in human. Additionally, personal physical characteristics may also play a role in the
mechanistic process as those with larger tidal volumes have higher O3 uptake efficiency as more

O3 molecules are able to penetrate deep into the lungs with each respiration cycle.5?

Role of Physical Activity

While being physically active is generally positive for one’s health, and known to reduce
risk of T2D, there is concern about the potential adverse effects of being physically active in a
polluted environment. Higher physical activity levels mean higher inhalation rates and higher
inhaled dose of air pollutants. However, the long-term benefits of habitual physical activity may
counteract any acute adverse effects of the increased dose during exercise.?! A comparative
analysis by Tainio M. et al.%* found the benefits of active travel (cycling or walking) outweighed
the adverse effects of air pollution in areas with PM2.s concentration less than 100 pug/m3. If
PM2s levels exceed 100 pg/m?3, then it is estimated only an hour and a half of cycling per day
would result in more harm than good.®* However, there is still limited information on the
association between individually assessed physical activity, PMz2.s, NO2, NOx, and O3 with
incident T2D and how much exposure to air pollution limits the benefits of physical activity.3!

Researchers collected data on habitual physical activity via questionnaires and estimated
PMaz.s exposure based on the 2-year average of the year of and year before a medical examination
on a Taiwanese cohort.! Higher levels of physical activity and lower levels of PMa.s were
associated with lower risk of T2D.3! Physical activity reduced the risk of T2D regardless of
PM: s levels while PM2 5 increased the risk regardless of physical activity levels.?! They were
unable to distinguish between outdoor and indoor physical activity, which would affect exposure

and inhaled dose during physical activity, but assumed most was outdoors based on results from
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a previous survey.®! Chen et al.>? and Hansen et al.** also did not find evidence for effect
modification by physical activity or BMI. However, a cohort of older Mexican Americans found
higher levels of outdoor physical activity increased the positive association between ozone and
diabetes.*” A Swiss cohort found stronger effects between NO2 and incident T2D among the

physical active participants.

Neighborhood Built Environment

Physical activity levels may also depend on the neighborhood built environment. Aspects
of the built environment can improve health by facilitating physical activity and decreasing
adverse exposures. For example, a bike path for both recreation and active transportation that is
far from major roadways and contains protective barriers could help promote physical activity
and limit exposure to air pollution. A systematic review by Rugel and Brauer#’, noted a lack of
studies on the built environment and the relation to physical activity that incorporates co-varying
exposures such as air pollution. There is specifically a need for more research to better
understand if physical activity mediated the association of the built environment and diabetes
risk factors. MESA residents with better physical environments had lower BMI when adjusting
for age, race, education, and income (Mean Difference: -1.06 (kg/m?), 95% CI: -1.99, -0.12).5¢
However, associations were attenuated when adjusting for diet and physical activity (Mean
Difference: -0.69 (kg/m?), 95% CI: -1.67, 0.29), suggesting a mediating role of diet and/or
physical activity.®® While there have not been any studies linking neighborhood built
environment, physical activity, and residential air pollution exposure with incident T2D, there
have been a number of studies on built environment and physical activity and well as a few on

built environment and incident T2D with physical activity as a mediator.
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A recent HCHS/SOL study in San Diego (SOL CASAS) by Carlson et al.®’ investigated
the association between the neighborhood built environment and physical activity. The
investigators looked at different types of physical activity and found the cohort reported
relatively high occupational MVPA compared to active transport and recreational MVPA. When
looking cross-sectionally, those living in areas with higher retail density had 2 more min/day of
overall MVPA compared to those in lower retail density areas. Those in areas with higher
residential density, retail density, or recreation areas had higher reported active transportation
than those in lower areas. Those in higher greenness and park count had higher reported
recreational MVPA. Higher walkability and physical activity supportiveness’ indices were
associated with more active transportation among individuals in areas with higher socioeconomic
deprivation, a measure of socioeconomic status focused on household income and ownership,
while there was no association among those in areas with lower socioeconomic deprivation.
Higher park count was associated with more recreational MVPA among individuals in areas with
lower socioeconomic deprivation and not associated with those in higher socioeconomic
deprivation. Authors noted those with higher deprivation may have less time to conduct
recreational MVPA or are too tired from occupational MVPA. SOL CASAS was not able to
measure changes in neighborhood environment over time, but was able to measure change in
physical activity levels. They found overall MVPA only slightly decreased over a 6-year follow-
up period, but no specific neighborhood feature was associated with the change in physical
activity.

A mediation analysis of physical activity on local amenities and incident T2D found an
indirect effect through physical activity of 1.01 (95% CI: 1.01 -1.02) with the proportion

mediated through physical activity being 5.9%. If all the participants reported not having local
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amenities then the odds of T2D would be 1% higher for those with physical activity level less
than 150 mins per week compared to those with more than 150 minutes per week.® Dendup et
al.% results showed how the lack of access to local amenities can increase risk of T2D by
increasing BMI and reducing physical activity. Gebreabe et al.” also found physical activity to be
a potential mediator between neighborhood violence and problems and the prevalence of T2D.

In a cross-sectional survey in Jamaica, interviewers assessed the neighborhood
environment and found increased levels of neighborhood disorder/disinvestment were associated
with low/no physical activity (OR: 1.05, 95% CI: 1.02-1.07).® However, neither low/no physical
activity nor overweight/obesity were found to act as mediators in relationship between
neighborhood variables and diabetes.®® Braver den et al.* also found no evidence of physical
activity as a mediator between neighborhood walkability and HbA1C or fasting plasma glucose
(FPQG), but the initial association between neighborhood walkability and 1 year change in
HbA1C or FPG was not meaningful (HbA1C: §: -0.16, 95% CI: -0.59, 0.27; FPG: £:-0.03, 95%
CI: -0.13, 0.06).

In the San Diego site of the HCHS/SOL, greater neighborhood socioeconomic
deprivation was found to be associated with higher BMI (Coeff: 1.08, 95% CI: 0.66, 1.49),
HbAc levels (Coeft: 0.08, 95% CI: 0.04, 0.12), and having worse diabetes status (pre-diabetes
vs normoglycemia and diabetes vs pre-diabetes) at baseline (OR: 1.25, 95% CI: 1.06, 1.47).7° At
the second visit, about 6 years later, greater neighborhood socioeconomic deprivation was
associated with increasing BMI (Coeff: 0.35, 95% CI: 0.11, 0.58) and worsening diabetes status
(OR: 1.27,95% CI: 1.10, 1.46).7° Social disorder, a metric of crime rates, liquor store per capita,
and vacant houses and land, was related to increasing BMI at visit 2 (Coeff: 0.31, 95% CI: 0.23,

1.52) but not worsening diabetes status (OR: 0.96, 95%CI: 0.67, 1.35).7° There were no

19



associations between walkability, greenness, and residential stability and worsening diabetes
status at visit 2.7°

A longitudinal study on African-Americans in Jackson, Mississippi found a positive
association between neighborhood violence (fights, violent arguments, sexual assault, rape, and
robbery) and neighborhood problems (noise, heavy traffic, speeding cars, lack of access to
adequate food or shopping, litter) and incident T2D (HR: 1.16, 95% CI: 0.95, 1.43 and 1.24, 95%
CI: 1.00, 1.54, respectively).” The previously mentioned cross-sectional survey in Jamaica found
no association between neighborhood disorder or availability of recreational facilities and
diabetes (OR: 0.99, 95% CI: 0.95-1.03 and 1.01, 95% CI: 0.77, 1.32, respectively).®

As with air pollution epidemiology study, heterogeneity among built environment studies
is high.4%"! There are various built environment measures to investigate and various methods and
approaches to quantify them.*>’! A particularly interesting measure of the built environment is
neighborhood physical disinvestment, previously referred to as neighborhood physical disorder.
Neighborhood physical disinvestment in the built environment is a result of deterioration,
neglect, and financial disinvestment due to social and economic processes redirecting resources
needed to maintenance and development away from neighborhoods of lower-income
populations. Disinvestment is reflected in visual indicators of deterioration and neglect such as
deteriorated sidewalks, lack of street lighting, litter, and abandoned buildings. Living within
disinvested neighborhoods may increase stress and reduce residents’ ability and desire to engage
in physical activity, which may in turn increase diabetes risk.?!2%7>74 Additionally, among
Hispanic residents in the Health and Retirement Study, those in more disordered neighborhoods
were more likely to self-rate their health as poor (coef: -0.11, SE= 0.05).7* Residents in more

disordered areas may feel less safe and may find walking to be hazardous.”"*

20



To our knowledge, there has not been a study investigating the association between
neighborhood physical disinvestment and type 2 diabetes incidence. There have been a couple
studies on neighborhood disorder and prevalent diabetes®%® and a study on neighborhood
disorder and diabetes distress conducted among those with T2D.”® The Jamaican cross-sectional
survey found no association between neighborhood disorder and diabetes prevalence (OR: 0.99,
95% CI: 0.95, 1.03).5 However, perceived neighborhood disorder was associated with T2D
prevalence in a non-Hispanic White subset of the Health and Retirement study cohort (OR: 1.11,
95% CI: 1.05, 1.17).° Robinette et al.” looked at the interaction between neighborhood disorder
and genome-wide genetic risk and found neighborhood disorder heightens the genetic risk of
T2D (OR: 1.10, 95% CI: 1.04, 1.16).> Among adults with T2D in Quebec, researchers found
less neighborhood disorder was associated with lower diabetes distress (f: -0.03, 95% CI: -0.05,
-0.01).7> They estimated each additional aspect of neighborhood order was associated with a
decreased diabetes distress score of 3.1%.7

While studies related to neighborhood disinvestment and T2D are limited, there have
been a few studies on neighborhood disinvestment and physical activity. Limited physical
activity due to the built environment is a modifiable risk factor for obesity, cardiometabolic
disorders, and general health.”*7%77 It is of particular concern for older residents as they may be
more affected due to limited physical agility and mobility.2%?273 Additionally, older individuals
spend more time in their residential neighborhood, increasing their exposure and sensitivity to
the disorder.?’ A study on mobility limitation over a 2-year period found those living in
neighborhoods with lower disorder had higher probability of recovering their mobility.”” The
report also estimated about 38% of the effect neighborhood disorder had on mobility recovery

was mediated by physical activity.”’
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A study by Mooney et al.?’ using the Computer Assisted Neighborhood Visual
Assessment System (CANVAS) to assess neighborhood disorder and physical activity in older
NYC adults found an inverse association between disorder and physical activity at baseline.
Neighborhood disorder was also significantly associated with low or no physical activity in a
Jamaican cross-sectional survey (OR: 1.05, 95% CI: 1.02-1.07).%% A cross-sectional analysis on
women in four Chicago neighborhoods did not find an association between disorder and total-
moderate-to-vigorous physical activity (£: 52.7, 95% CI: -7.2, 112.7), but did find higher levels
of disorder were associated with obesity (OR: 1.43, 95% CI: 1.01, 2.02).7% A study in California
using self-reported data on perceived neighborhood disorder and physical activity found no
association between perceived neighborhood disorder and physical activity duration (PR: 1.01,
95% CI: 0.97, 1.05).”® However, findings did show Latinas reporting higher perceived
neighborhood disorder and attaining less than a high school diploma, higher income, and
administered surveys in Spanish were more likely to report shorter duration of physical
activity.”®

Most of the previously mentioned studies on neighborhood-built environment and
physical disorder were based on perceived, and not objective, exposure data reported by
participants.®7.77-79:9.21.23.66.69.73-75 A main concern with utilizing exposure data assessed by study
participants is ‘same source bias’ resulting in a spurious association. If participants are self-
reporting both their exposures and outcomes, their experience with the outcome may influence
how they report their exposure. The reverse could be true as well, with their exposure
influencing how they report their outcome.

Other approaches to collecting built environment data that get around the issue of ‘same

source bias’ include asking non-participants living in the same area their thoughts and opinions, %
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collecting data from publicly available databases,*®7%3° or in-person street audits®> and
assessment by researchers.®® A less costly and time-consuming alternative to in-person street
audits are virtual street audits.2%-76:81:82

Virtual street audits have repeatedly shown to be reliable®*-*® and have the extra benefit
of being able to assess previous street and neighborhood conditions.®?%# Google started
collecting street view data in 2007. Initial images were grainy and of lower quality, but improved
in 2008. Using Google’s ‘Time Machine’ feature, auditors can see the same location at multiple
points in time allowing them to assess changes in the neighborhood environment over time. One
concern with utilizing Google street view data is the images are not evenly available across time
and place.®3 Google’s street view cars do not drive each street the same amount of times. Some
streets could be covered multiple times a year while others may have only been covered once or
twice since 2007. Additionally, Google does not publish information on where, when, or why
they drive their routes. It seems streets in urban areas and major city streets are prioritized over
minor residential streets. It is possible Google is prioritizing streets with the higher potential for
change over a shorter period of time.

Image availability was assessed in HCHS/SOL Bronx and San Diego recruitment area.®
Images were more widely available across space and time in the Bronx compared to San Diego.%’
Bias due to systematic differences in image availability in the Bronx should not be a concern for
researchers.® However, more caution should be taken when conducting and assessing
longitudinal audits in San Diego as lower image availability appeared to be concentrated in

neighborhoods with recent housing developments.?’
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Chapter 2: Motivation

T2D is of increasing concern as global prevalence and incidence is steadily increasing. !
Studying Hispanic/Latinos is particularly important as they were 60% more likely to be
diagnosed with diabetes by a physician than non-Hispanic white in the US in 2022.!% Hispanics
were also 1.5 times more likely to die from diabetes compared to non-Hispanic whites,'% and
more likely to develop T2D at a younger age.!*® While Hispanic/Latinos are more likely to have
T2D than non-Hispanic whites, Hispanic/Latino is a large heterogeneous ethnic group and all
subgroups are not at equal risk of T2D. Prevalence of T2D in the HCHS/SOL cohort at baseline
ranged from 10.2% to 18.3% among six subgroups.'?” South Americans had the lowest
prevalence (10.2%) followed by Cubans (13.4%) and Central Americans (17.7%).!%” Diabetes
prevalence in Dominicans and Puerto Ricans was 18.0%, and prevalence was highest among
Mexicans (18.3%).!%7 Limited research on Hispanic/Latino subgroups limits our understanding

108 we seek

of why these different rates occur. While genetic and cultural factors may be at play,
to investigate if these differences among subgroups are a result of air pollution exposure and
neighborhood built environment as one’s Hispanic/Latino background may affect the
neighborhood they live in due to familial, cultural, linguistic, and socioeconomic reasons.!90-102
HCHS/SOL’s longitudinal cohort of self-identifying Hispanic/Latinos allow us to address an
ethnic data gap as Hispanic/Latinos have been underrepresented in research. Importantly, it
allows us to conduct analysis among Hispanic/Latino subgroups.

Air pollution, neighborhood disinvestment, and physical activity are all modifiable risk
factors and important areas to focus on for T2D prevention. While physical activity is an

individually modifiable risk factor, air pollution and neighborhood disinvestment are typically

considered modifiable at the community level. Individuals have little control over their exposure
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to ambient air pollution and neighborhood physical environment as these exposures are mainly a
result of where participants live. While where one lives seems like a personal choice, one’s SES,
immigration status, the housing market and structural racism does not make this free choice a
reality.”®!92 Historically, racist practices such as redlining exacerbated residential segregation
and environmental injustices.’® Neighborhoods were considered less desirable based on higher
populations of people of color and environmental pollution.”>** These less desirable
neighborhoods are often closer to industry and major roadways, increasing air pollution exposure
levels.”® Banks unwillingness to provide loans for residents in the less desirable neighborhoods
limited the generation of wealth through home ownership in communities of color.’! This is
particularly true for undocumented Hispanic/Latino immigrants as their immigration status limits
their ability to obtain a bank mortgage.'%> Limited wealth and political power of residents of
color resulted in more hazardous industries in their neighborhood as they did not have
representation or say in local government’s land use decisions.’!

Residents may feel as though they have less agency to pressure officials for changes due
to generations of structural and interpersonal racism and their voiced concerns may be ignored
due to racial discrimination. This is particularly true, and riskier, for undocumented immigrants.
Additionally, residents of lower income neighborhoods may not have the disposable income
available to make improvements on their private property. As redlining limited generational
home-ownership in communities of color and immigration status impedes the ability to obtain a
bank mortgage, the percentage of renters is higher, leaving the needed private investments to the
landlords and out of resident’s control.”!:192

Reducing air pollution and investing in disinvested areas to increase physical activity can

help reduce risk of T2D, however, the relationships between them need to be better understood.
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This dissertation addressed shortcomings of previous research by utilizing a spatiotemporal
model to estimate air pollution exposure at residential addresses and a virtual street audit to
assess neighborhood physical disinvestment.

A number of previous studies on air pollution and T2D utilize models that do not factor

in changes on the spatial and temporal scale*>30-36.10

and may estimate exposure on a large
spatial scale.**136.109 The spatiotemporal model allows for fine-scale estimates of PMa.5, NOx,
NO2, and 03.!''° To account for pollutants variation over time and space, the spatiotemporal
model builds upon universal kriging by assuming these variations are systematic and can be
predicted based on geographic characteristics and spatial smoothing.!'! Data from regulatory
monitors and snapshot monitoring campaigns focused in the participant’s residential
neighborhoods were fed into the model to estimate exposure levels at residential addresses on a
2-week timescale.!'? Previous studies on NOx, NO2, O3 and T2D have been limited. Studies on
NOx and O3 have been particularly sparse, preventing any previous meta-analysis or discussion. 8

CANVAS allowed us to assess neighborhood disinvestment in a multiple city cohort
using a virtual street audit. Previous studies on neighborhood disinvestment and T2D have been
limited®%%7>7° and most have collected disorder data from study participants via
questionnaires.®’>’° Using data from a virtual audit helps eliminate the issue of ‘same source
bias’ present in a number of previous disinvestment studies.

Physical activity data collected by the HCHS/SOL cohort allowed us to investigate how
physical activity modifies the relationship between air pollution and T2D. In general, if PM2.s

levels are below 100 pg/m3the benefits of physical activity outweigh the negative effects of

pollution exposure.®* However, data is still limited on the modification of physical activity on the
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association between PMa.s, NO2, NOx, and O3 with incident type 2 diabetes and how much

exposure to air pollution limits the benefits of physical activity.3!
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Chapter 3: Long-Term Ambient Air pollution and Incident Diabetes between visits 1 and 2

of the Hispanic Community Health Study/Study of Latinos (HCHS/SOL)

Introduction

Type 2 diabetes (T2D) is a chronic condition characterized by the body’s inability to use
insulin effectively,' and is a condition that is increasing globally.!3 In the United States, T2D is
of particular concern among Hispanic/Latinos as they were 60% more likely to be diagnosed
with diabetes by a physician than non-Hispanic white in the US in 2022,'% and are more likely to
develop T2D at younger ages.'%

Well established risk factors of T2D include diet, age, obesity, physical activity levels
and genetic risk factors. T2D has also been linked to environmental exposures such as

1617 persistent organic pollutants such as organochlorine,!” and air pollution, specifically

arsenic,
traffic-related air pollutants.*>!%112 While there is some uncertainty around how different
pollutants such as PM2.5, NO2, NOx, and O3 may increase risk of T2D, there are a few proposed
pathways. 15657 A widely accepted pathway for PMas is its presence induces oxidative stress
and pulmonary inflammation which then results in systemic inflammation and leads to insulin
resistance.!!*%37 PMa s can also act as a hypothalamic stressor which induces peripheral
inflammation and abnormal glucose metabolism.! These biological mechanisms have been
supported by animal models,®'%? the significantly higher oxidative potential of particles near
major roads compared to locations further from major roads *® and evidence of higher levels of
high-sensitivity C-reactive protein in those living near a busy road compared to a quiet road.>*-%
Recent meta-analyses and reviews have highlighted the association between air pollutants

and incident T2D in various countries and populations.'>!8112 A meta-analysis by Yang et al.> of

11 studies reported an association between PMz.s and incident T2D (HR= 1.10, 95% CI: 1.04-
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1.17 per 10 pg/m3increment), supporting another meta-analysis by Liu et al.'® published a year
earlier (HR: 1.10, 95% CI: 1.04-1.16 per 10 pg/m3increment). Neither meta-analysis found a
significant association between NO2 and incident T2D. A small meta-analysis by Eze et al.! on
four NO: studies found a higher risk of T2D with increased exposure (pooled RR: 1.08, 95% CI:
1.00, 1.17 per 10 ug/m3increment), however, two of the four studies were longitudinal and two
were cross-sectional. Overall, studies on NO> have been limited and associations more mixed for
incident T2D than PMa2s.

There is a high level of heterogeneity among previous study designs on air pollution and
incident T2D, and these divergent findings may be related to divergent assessment stragies. >3
Studies can vary by how the pollutants are measured and exposure modeled, the spatial and
temporal scales of the modeled exposures, and definition of ‘long -term’ exposure.'-> Study
populations vary as does the ascertainment of diabetes, relevant confounders, and the follow-up
period. As NO: concentrations vary spatially on a finer scale then PM2 5 concentrations*’, NO:
exposure estimates based on a spatial scale calibrated to PM2.5s may be erroneous.

The association between air pollutants and T2D could be modified by physical activity
levels and adiposity.*+!13-115 While being physically active generally lowers risk of T2D, being
physically active in a polluted environment has the potential to decrease the benefits of physical
activity.!!'>!14 A comparative analysis by Tainio M. et al.** found the benefits of active travel
(cycling or walking) outweighed the adverse effects of air pollution in areas with PMa.s
concentration less than 100 pug/m?3. However, consistent evidence of an interaction between long-
term air pollution exposure and physical activity is lacking, especially on the association between

individually assessed physical activity, PM2.s, and NO2 with incident T2D 3! Adiposity could
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be an effect modifier as being obese may put one at high risk of developing diabetes related to air
pollution exposure compared to those who are not obese.*+113

In the presented analysis, we assessed the association between PM2.s and NO2 and
incident diabetes in the large longitudinal cohort of the Hispanic Community Health Study/Study
of Latinos (HCHS/SOL) to address an ethnic data gap as Hispanic/Latino adults have been
underrepresented in this research space. Additionally, we employ a fine-scale spatiotemporal air
pollution model to predict long-term PM2s and NOz2 exposure at residential addresses. This
improves upon previous air pollution and T2D studies that utilized models that did not factor in

changes on the spatial and temporal scale*>30-56:10

and estimated exposure on a large spatial
scale. 43136109 We further investigated how physical activity and adiposity modifies the

relationship between air pollution and T2D.

Methods

Study Design and Population

Study participants are part of the HCHS/SOL, a longitudinal cohort made up of 16,415
self-identifying Hispanic/Latino adults at least 18 years in age at enrollment from the Bronx,
Chicago, Miami, and San Diego.?* More details on the HCHS/SOL sample and study design
have been previously reported. %! HCHS/SOL used a probability sampling strategy to recruit
study participants with the goal of having a representative sample of US Hispanic/Latinos living
in the communities around the four field centers. Participants were recruited from census tracts
surrounding the four field centers.!!® Each field center targeted census tracts based on proximity
to the field center, percentage of Hispanic/Latinos based on the 2000 census, and local

information. " HCHS/SOL utilized a face-to-face sample recruitment strategy.!''® To remain
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cost-effective, HCHS/SOL oversampled in geographic clusters and households most likely to be
Hispanic/Latino.!'® They identified high geographic clusters of Hispanic/Latinos based on the
2000 census. Households were also clustered and addresses associated with a Hispanic/Latino
surname were over sampled.!'® HCHS/SOL also strived for socio-economic representation and
stratified geographic clustered based on the proportion of residents 25 years or old with
minimum high school education.!'® Lastly, HCHS/SOL over-sampled households with adults
aged 45-74 years old.!'® The goals of SOL are to provide information on health status and
disease burden in US Hispanic/latinos and to enable investigation of relationships between
various risk factors and disease incidence in a population historically underrepresented in
research.

Cohort enrollment and in-person baseline visits spanned 2008 to 2011. Yearly follow-up
phone calls were conducted and a second round of in-person visits (visit 2) occurred between
2014 and 2017. Participants filled out questionnaires and underwent clinical examinations during
the in-person visits at baseline and visit 2. The questionnaires assessed demographics, physical
activity levels, current health and medical history, and socioeconomic status.!!” Clinical
examinations included collection of blood and urine for assays of cardiovascular risk factors.!'!’
The yearly follow-up phone calls contained questions on general health, potential updates from
their doctors or health professional, and any potential hospitalization or emergency room visits
117

that occurred since the last follow-up.

Diabetes Ascertainment

Diabetes status was collected at baseline, during each follow-up phone call, and at the
second in-person visit. At these times, participants were asked if a doctor or health care

professional has told them they have diabetes or high sugar in their blood and if they are
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receiving any treatment.!!” During the in-person visits, blood tests were administered to test
fasting plasma glucose (FPG) and glycosylated hemoglobin (HbA1c).!'7 A 2-hour oral glucose
tolerance test (OGTT) was also conducted on participants who did not self-report a diabetes
diagnosis and on participants with FPG < 150 mg/dL.!%” For this analysis, we defined diabetes in
in two ways. Our primary definition was based the American Diabetes Association criteria: FPG
>126 mg/dL; HbAlc level >6.5%; post-OGTT glucose > 200 mg/dL; and/or self-reported use of
antihyperglycemic drugs.!? Our secondary definition extended this to further include those who
self-reported diabetes or high sugar in their blood. Ascertainment of diabetes in the HCHS/SOL
cohort was not able to distinguish between type 1 and type 2 diabetes.

Pre-diabetes classification was assessed based on laboratory assay conducted at baseline
and visit 2. Based on the American Diabetes Association criteria, pre-diabetes was defined as
having a FPG >100 mg/dL and <126 mg/dL; and HbAlc level >5.7% and <6.5%.'°

Ogawa Campaigns

The campaigns involved setting up Ogawa samplers to measure NO2, NOx, and O3 for
two weeks on utility poles at gradient distances from roadways. Each city had 16-17 sites and
each site had 6 Ogawa samplers. Ogawa samplers were set up in the University of Washington
field laboratory about a week before deployment. Double chamber samplers contained NOx and
NO: pads while a single chamber sampler contained an O3 pad. In addition to the main set of
samplers, 10% laboratory blanks, 10% field blanks, and 10% duplicate samplers were set up.
Laboratory blanks were prepared the same as the samples but remained in the field laboratory
refrigerator. Ogawa samplers were shipped overnight to the HCHS/SOL field sites in coolers
with ice. Once received by HCHS/SOL field site members, samplers were placed in the

refrigerator until the SOLAr field work team arrived. The field work team set the samplers up
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over a 2-day period. The field blanks remained with the samples until the samples were set up
outside. The field blanks were then stored in a refrigerator at the field site during the 2-week
sampling period. The sample and duplicate Ogawa samplers were clipped inside metal rain
shelters to help protect them from wind and rain. Each shelter contained one single chamber
sampler with an O3 pad and one double chamber sampler with a NOx and a NO2 pad. The
shelters were placed on utility poles along streets perpendicular to the target roadway and on a
gradient of 0 — 50 m, 50 — 100 m, and 100 — 350 m on each side of the target streets. N-S and E-
W streets were selected to allow for estimates that account for wind patterns. Sites also focused
on various traffic volumes and population density. These 6 samplers transecting a target roadway
are a “cluster”. There were 16-17 clusters in each city (Chicago, Miami, and San Diego). After
the 2-week sampling period, the Ogawa samplers were transported back in coolers to UW and

analyzed.

Ogawa Analysis

Ogawa sampler pads were analyzed using two different methods depending on the
pollutant. Ozone and NO:2 were analyzed using ion chromatography (IC) and NOx was analyzed
using Ultraviolet (UV) spectroscopy. The O3 Ogawa samplers pads are coated with a sodium
nitrite solution. The presence of O3 oxidizes the nitrite to nitrate. After the two-week sampling
period ends, the pads are submerged in milli-Q water to extract the nitrate ions. The Dionex
ICS1000 with an AS40 autosampler and conductivity detector (Dionex, Sunnyvale, CA) is used
to determine the nitrate ion concentration in the extract. IC standards for nitrate ions are used as
well. The laboratory and field blanks are run through the IC and used for calibration. The nitrate

concentration is then used to calculate ozone concentration over the two-week sampling period
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by using a sampling rate of 21.8 ml of ozone per minute. NO: also uses IC analysis but the NO2
pads are coated with triethanolamine (TEA). This forms a TEA/anion adduct and nitrite is the
analyte of interest.

NOx uses UV-Vis spectroscopy analysis. NOx pads are coated with 2- Pyenyl-4,4,5,5-
tetramethylimidazoline-3-oxide-1-oxyl (PTIO) which traps NO2 and NO gas. Collected samples
are extracted with milli-Q water and a color-producing reagent (CPR) is added. CPR is also
added to the nitrite ion standards of various concentrations that are used for calibration. As with
NOg, nitrite is the analyte of interest. The Molecular Devices Spectromax 190 absorbance
microplate reader (Molecular Devices Corp., Sunnyvale, CA) detects the nitrite ions
colorimetrically at a wavelength of 545 nm. The chromatograms are analyzed using the
Chromeleon software. Concentrations of NOx over the sampling period were calculated from the
mass using equations and tables provided by Ogawa & CO.!''8 Quality control checks involved

comparing laboratory blanks, field blanks, and duplicate samples as well as collocated AQS data.

Air Pollution Measures

Long-term exposure to PM2.s and NO2 was estimated using a fine scale spatiotemporal
model.'! The spatiotemporal model has been described elsewhere.!!°12! Briefly, the model
utilizes air pollution data from agency-run stationary monitors and two-week community
monitoring campaigns. The model factors in variation in observations over space and time as
well as geographic covariates to predict exposure for PM2.s and NO: at each participant’s
residential location every two weeks over the study period. The PMas predictions leverages a

national spatiotemporal prediction model while NO2 predictions used city specific models (i.e.
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separate models for Bronx, Chicago, Miami, and San Diego). The hierarchical model structure

and city specific models for NOz allows for unbalanced data.!'*~'?! The model can be written as
C(s,t) = u(s,t) + v(s,t)

where C(s,t) is the log-transformed 2-week average pollutant concentration at location s and time

t. u(s,t) is the spatiotemporal mean surface and can be broken down further to terms that contain

the time trends, long-term means at location s, and spatially varying coefficients for the time

trends.!19-121

v(s,t) is the spatial correlation structure which is assumed independent for each
time point.!19-12!

The spatiotemporal models utilized data from the EPA’s Air Quality System (AQS) in all
four cities as well as the additional New York City Community Air Survey (NYCCAS)
monitoring in New York City. Additional data on NO2 was collected during two-week
community monitoring campaigns to capture within-city variability.'?° For the SOLAIr project,
campaigns were conducted in San Diego and Miami three times and Chicago twice during 2021
and 2022. Additional data for models in Chicago and the Bronx were previously collected in
these cities as part of MESA Air'?? and SPIROMICS.'?* In addition, the Bronx had NYCCAS
monitoring sites that use the same passive diffusion samples, Ogawa samplers (Ogawa and
Company, USA, Inc., Pompano Beach, FL), for gaseous pollutants. Data from the EPA monitors,
Ogawa samplers, and geographic covariates were incorporated into an established spatiotemporal
model that was able to incorporate irregular monitoring information, reduce high dimensional
covariate data using partial least squares regression, and leverages spatial smoothing to achieve

satisfactory fine-scale predictions.!''?

NO2 Model Parameters
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We developed city-specific NO2 spatiotemporal models in the Bronx, Chicago, Miami,
and San Diego. All models were developed using data from long-term AQS monitors, defined as
having data for over 2 years with over 80% coverage. The Bronx model was developed using
additional long-term NYCCAS monitors, fixed monitors from MESA Air,'!? and Ogawa samples
from MESA Air and SPIROMICS.!?* The Chicago model was developed using Ogawa samples
from MESA Air and SOLAIr, and Miami and San Diego only had additional monitoring from
SOLAir Ogawa samples.

We ran various iterations of the city specific NO2 models and assessed cross-validation
performance to identify the best fitting model. For the Bronx, we assessed model performance
using 10-fold with agency monitors, NYCCAS monitors, and fixed site monitor cross-validation
to assess performance on the two-week time scale, on an annual time scale, and on the long-term
average. Additionally, we used a leave one cluster out cross-validation for the MESA Air and
SPIROMICS Ogawa samplers. We looked at performance across time by averaging all the
predications at each Ogawa sampler location across the sampling campaigns and we looked at
performance by campaign. The best performing model for the Bronx utilized 1 time trend, 4
PLS components, and an exponential kriging covariance matrix. R? for the annual, long-term
average, and two-week time scale 10-fold cross-validation were all 0.8. R? for MESA Air leave
one cluster out across time was 0.92, and was 0.88 for each sampling campaign. For
SPIROMICS, model performance was also good with the across time R? of 0.67 and a R? of 0.88
for each sampling campaign.

For Chicago, we assessed model performance using leave one out with agency monitors
and leave one out with agency monitors and fixed site monitor cross-validation to assess

performance on the two-week time scale, on an annual time scale, and on the long-term average.
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Additionally, we used a leave one cluster out cross-validation for the MESA Air and SOLAir
Ogawa campaigns to assess performance across time for each cluster and for each sampling
campaign date. The Chicago model used extra spatial covariates from the SOLAir snapshot
locations and 5 additionally selected covariates (log meters to A1-Al intersections, log of NOx
emissions within 30000 m, A2-A3 intersections within 150 m, and industrial land use within
1500 m and 5000 m). The best fitting model used 1 time trend, 4 PLS components, and an
exponential kriging covariance matrix. For the leave one out for agency monitors, R? for the
annual, long-term average, and two-week time scale 10-fold cross-validation were 0.81, 0.72,
and 0.7, respectively. For the leave one out for agency monitors and fixed sites, R? for the
annual, long-term average, and two-week time scale 10-fold cross-validation were 0.77, 0.60,
and 0.68, respectively.

R? for MESA Air leave one cluster out across time was 0.73, and was 0.70 for each
Ogawa campaign. For SOLAIr, the Ogawa sampler predictions across time R?> was 0.75. The
performance by Ogawa sampling campaigns were weaker, R? of 0.33, because the Ogawa
samplers between July and October are not correlated. Additionally, the gradient away from the
roadway differed significantly between the two months, meaning they did not all follow the
expected gradient patterns of higher predictions closer to the roadway. However, modeling
results were consistent between previous modeling efforts and are we confident in our
predictions based on the performance of the other cross validations.

For Miami, we assessed model performance using leave one out with agency monitors
cross-validation to assess performance on the two-week time scale, on an annual time scale, and
on the long-term average. We used a leave one cluster out cross-validation for the SOLAir

Ogawa samplers and assessed performance across time for each cluster and for each sampling
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campaign date. Additional spatial covariates from the SOLAir Ogawa sampler locations were
added to the model. The best fitting model used 1 time trend, 3 PLS components, and an
exponential kriging covariance matrix. R? for the annual, long-term average, and two-week time
scale leave one out cross-validation were 0.63, 0.70, and 0.61, respectively. R? for SOLAIr leave
one cluster out across time was 0.60 and was 0.71 for each sampling campaign date.

San Diego used the same cross validation scheme as Miami and used the additional
spatial covariates from the SOLAir Ogawa sampler locations. The best fitting model for San
Diego used 1 time trend, 3 PLS components, and an exponential kriging covariance matrix. R?
for the annual, long-term average, and two-week time scale leave one out cross-validation were
0.84, 0.83, and 0.84, respectively. R? for SOLAIr leave one cluster out across time was 0.60 and

was 0.86 over time for each sampling campaign date.

Combining Air Pollution Predictions and HCHS/SOL data

The spatiotemporal model provided air pollution predictions for each building located
within census blocks where HCHS/SOL participants lived on a 2-week timescale. Predictions for
the full follow-up period (2008-2017) were transferred into the HCHS/SOL secure research
workspace (SRW). Predictions were then joined with study participant data using a spatial join
of the closest building centroid and the residential geocodes of the study participants. Study
participants needed to have air pollution predictions for 95% of their follow-up time in order to
be included in analysis. Having less than 95% was a result of missing address history data or
incomplete addresses that were not able to be geocoded. Participant exposure over the follow-up

period was calculated as the average exposure between their baseline visit date and their visit 2
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date. Average exposure during follow-up accounted for any residential moves during the follow-

up period.

Physical Activity

Physical Activity data was collected by HCHS/SOL investigators at baseline.
Investigators collected data using the Global Physical Activity Questionnaire (GPAQ) and
accelerometers.>>!!” The questionnaire included questions on active transportation, recreational
MVPA, and occupational MVPA. Overall physical activity was calculated by combining the
recreational moderate-to-vigorous physical activity (MVPA), occupation MVPA, and active
transport minutes per day. Overall physical activity was dichotomized based on the
recommended amount of 150 minutes per week.'?*

HCHS/SOL participants wore the Actical accelerometer (model 198-0200-03, Minimiter
Respironics, Bend, OR) for 7 days to collect data on overall MVPA 32117 Participants were
instructed to wear the Accelerometer above the iliac crest and remove it only for swimming,
showering, and sleeping.3? Overall MVPA collected by the Actical was the minutes per day of
activity equal to or greater than 1535 counts/min in participants with more than 3 days of
wearing adherence. Adherence was defined as wearing an accelerometer for more than 10 hours.
77.7% (n = 12,750) met the adherence requirement for more than 3 days.!? Overall MVPA by
the Actical was also dichotomized based on the recommended amount of 150 minutes per

week. 124

Waist Circumference
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Waist circumference was measured at baseline by measuring waist girth in centimeters.
Waist circumference was dichotomized based on recommendations from the American Heart
Association, National Heart, Lung and Blood Institute. Abdominal obesity was defined as greater

than 88 cm for women and greater than 102 ¢cm for men.!26

Covariates

Age, sex, education level, income, Hispanic/Latino heritage, years living in the US,
family history of diabetes, marital status, cigarette use, and alcohol use were all collected at
baseline. Education was a 4-level categorical variable consisting of no high school diploma or
GED (reference), at most a high school diploma or GED, high school (or GED) education, and
University/college education. Income was a 5-level categorical variable (<$10,000 (ref), $10,001
- $20,000, $20,001 - $40,000, $0,001 - $75,000, and more than $75,000). As Hispanic/Latino
heritage is highly correlated with study center, a 17-level combination variable of the two was
created: Dominicans — Bronx (ref), Central American — Bronx, Central American — Chicago,
Central American — Miami, Cubans — Miami, Mexicans — Bronx, Mexicans- Chicago, Mexicans
— San Diego, Puerto Ricans — Chicago, South American — Bronx, South American — Chicago,
South American — Miami, Other — Bronx, Other — Chicago, Other — Miami, and Other — San
Diego . Years living in the US was a 3-level variable of less than 10 years, 10 years or more, or
US born. The neighborhood SES index is a compositional measure of NSES at the census tract
level that represents education, employment, housing, income/wealth, occupation, and residential
stability.'?” Higher index scores indicate higher NSES disadvantage.'?” Marital status was a 3-

level categorical variable of single (reference), married or living with a partner, or separated,
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divorced, or widower. Both cigarette use and alcohol use were 3-level variables of never

(reference), former, or current.

Inclusion Criteria

Starting with the 11,619 participants with ascertainment of diabetes status at visit 2,
analysis was limited to those who were free of type 2 diabetes at baseline (N=9209 for primary
diabetes outcome and N= 9,077 for secondary diabetes outcome). Analysis was further limited to
participants with successfully geocoded residential addresses for the follow-up period and air
pollution predictions that covered at least 95% of the follow-up period (N=8248 for primary
diabetes outcome and N= 8129 for secondary diabetes outcome). Those without geocoded
successfully geocoded residential addresses for 95% of follow-up period were younger, and
more likely to be from the Bronx and single compared to the analytic sample. These
characteristics indicate a population that is more likely to move residences multiple times over

the follow-up period and may have an increased likelihood of underreporting address history.

Statistical Analysis

We computed demographic statistics on those with incident diabetes cases and those free
of diabetes at visit 2 using both definitions of diabetes. We calculated age-centered adjusted
incidence rates and descriptive statistics on PM2.s and NO2 for each sample overall and stratified
by study center.

For the primary analysis, we used individual Poisson regression models to assess the
association between each air pollutant’s average concentration over the follow-up period and

incident diabetes at visit 2 using the primary diabetes definition (does not include self-reported
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diagnosis). Our Poisson regression models used a log link and years between baseline and visit 2
as the offset for follow-up time to generate an incidence rate ratio (IRR) comparing groups with
a one-IQR difference in either PM2.s or NO2. Our base model controlled for age and gender. Our
second model added relevant confounders in the air pollution — diabetes relationship: education,
income, Hispanic/Latino heritage/Study Center, years in the US, and a neighborhood
socioeconomic status index.!?” Next, we added family history of diabetes and waist
circumference, two important factors in diabetes risk, for our main set of covariates. Interaction
term of overall physical activity (mins/day) was added to the model to investigate physical
activity as an effect modifier in the relationship between air pollution exposure and incident
diabetes. Waist circumference was also added as an interaction term to investigate it as a
potential effect modifier.

In addition to modeling incident diabetes, we also investigated the association between
PM:zs and NO: and three different progressions of diabetes: 1) progression from pre-diabetes to
diabetes, where the sample only included those with pre-diabetes at baseline, 2) progression of
those free of diabetes and pre-diabetes to diabetes and 3) progression of those free of diabetes
and pre-diabetes at baseline to pre-diabetes at visit 2. Lastly, we modeled change in continuous
HbA1C (%) levels over the follow-up period. The linear regression model for change in HbAlc
also adjusted for baseline levels and antihyperglycemic medication usage at baseline and visit 2.
We also stratified the models for change in continuous HbA1C by diabetes status at visit 1.

All regression models used complete cases and sampling weights to account for the
HCHS/SOL complex sampling design and participant non-response at visit 2 by using the survey

package in R.!'® The sampling weights were also calibrated to the age, sex, and Hispanic/Latino
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heritage percentages of the 2010 US Census. Results from all models were exponentiated to

report the IRR for each IQR increment in PM2.s or NO2 exposure.

Secondary and Additional Analyses

For a secondary analysis, we repeated analyses using the T2D outcome definition that
included self-reported diagnosis. As study participants’ years of follow-up can vary and occur
over a slightly different time-period, we investigated if having more or less than the median
follow-up time resulted in different PM2.5s and NO2 exposure. Additionally, we investigated if
there was an association between a 3-year average (July 01, 2011 — July 1, 2014) exposure to
NO:z at participant’s residential addresses and incident diabetes at visit 2. We used the period
between July 2011 and July 2014 as this was a 3-year period after all study participants

completed visit 1 and before any study participant completed visit 2.

Missing Data

For the analytic sample, the only variable with greater than 5% missingness was income
with 7.5% of participants missing data. Due to concerns about missing data and the
computational intensity of multiple imputation by chained equations (MICE), we conducted
MICE analysis as a sensitivity analysis on two model iterations. The MICE analysis consisted of
10 imputations and 50 iterations on the fully adjusted model for both the primary and secondary
definitions of diabetes. Results from the MICE were very similar and did not change the overall
interpretation of results. Since completing MICE analysis on all our models would be
computationally intense and the MICE tested on our two iterations yielded very similar results,

we used complete case analysis for our reported analyses.
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All analyses were conducted in R Studio, with R version 4.1.3 (R Foundation for
Statistical Computing, Vienna, Austria). The ‘mice’ package (version 3.15.0) was used for the
MICE analysis,'?® and the ‘survey’ package (version 4.2-1) was used for incorporating the

survey design and weights into the regression models.!?

Results

For our primary definition of diabetes (excluded self-reported diagnosis), the analytic
sample comprised of 8248 participants who were free of diabetes at baseline. Of the 8248
participants, there were 950 incident diabetes cases at visit 2 with an age-centered adjusted
incidence rate of 16.3 per 1000 person-years. For our secondary definition of diabetes (including
self-reported diagnosis, there were 8129 participants free of diabetes at baseline and 1354
incident cases by visit 2 with an age-centered adjusted incidence rate of 24.5 per 1000 person-
years. Weighted summary characteristics of participants by diabetes status, using the primary
definition, at visit 2 are presented in Table 2.
Table 2. Weighted summary characteristics of participants by diabetes status at Visit 2 using

primary definition of diabetes.

Sample Weighted % or Mean (SD)

Variables Diabetes at Visit 2 (N= Free of Diabetes at Visit 2
950) (N =7298)
Female 47.6 50.8
Age, years 47.3 (12.6) 38.5(14.1)
Waist Circumference, cm 105 (12.2) 95.2 (13.4)
Hispanic/Latino Heritage —
Study Center
Central American - Bronx 0.8 1.4
Central American - Chicago 1.6 1.2
Central American - Miami 2.4 4.4
Cubans - Miami 15.9 17.2
Dominicans - Bronx 9.1 8.3
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Mexicans- Miami
Mexicans- Chicago
Mexicans- San Diego
Puerto Rican - Bronx
Puerto Rican - Chicago
South American - Bronx
South American - Chicago
South American - Miami
Other - Bronx
Other — Chicago
Other - Miami
Other — San Diego
Years in the US
Less than 10 years
10 years or more
US Born
Family History of Diabetes
Education
No High School Diploma or
GED
At most a High school
diploma or GED
High school (or GED)
education
University/college education
Income
Less than $10,000
$10,001-$20,000
$20,001-$40,000
$40,001-$75,000
More than $75,000
Neighborhood SES Index
Marital Status
Single
Married or living with a
partner
Separated, divorced, or
Widow(er)
Cigarette Use
Never
Former
Current
Alcohol Use
Never
Former
Current

2.2
12.5
28.6
13.0

4.7

1.5

0.7

0.6

1.9

0.5

2.6

1.4

23.6
58.6
17.9
49.9

38.5
25.7
12.5
23.2
16.1
28.2
34.9

14.3
6.4

1(0.8)

20.8
60.5

18.6

58.2
243
17.5

17.3
30.8
52.0

3.3
11.8
279

8.9

3.6

1.2

1.3

2.5

1.5

0.9

23

2.2

29.0
48.9
22.0
36.4

28.3
28.3
13.4
29.9
12.7
31.5
35.1

14.9
5.7

1(0.8)

32.9
53.1

14.0

64.5
16.0
19.5

17.5
28.7
53.8
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Recommended GPAQ 67.8 69.6
Physical Activity?
Recommended Actical 34.4 43.6
Physical Activity?
Years between baseline and 6.0 (0.8) 6.1 (0.8)
Visit 2
Study Center
Bronx 28.5 24.6
Chicago 20.0 18.9
Miami 21.5 26.5
San Diego 30.0 30.0
PM:zs (ug/m?)
Overall 9.2(1.4) 9.1 (0.8)
Bronx 10.5(0.4) 10.5 (0.4)
Chicago 10.0 (0.4) 10.0 (0.4)
Miami 7.1(0.3) 7.1(0.3)
San Diego 9.5(0.8) 9.6 (0.7)
NO: (ppb)
Overall 13.6 (6.4) 13.0 (13.4)
Bronx 22.2(1.9) 22.0 (1.8)
Chicago 15.8 (1.5) 15.9 (1.4)
Miami 6.8 (1.4) 6.7 (1.5)
San Diego 9.8 (1.8) 10.0 (1.8)

2 Based on recommended 150 minutes per week

Maps of the average concentration of PMa2.s between 2008 and 2011 for each building in

a census block where HCHS/SOL participants in the Bronx, Chicago, Miami, and San Diego are

presented in figures 1-4. Maps of the average concentration of NO: in each city are presented in

figures 5-8. Among the HCHS/SOL participants included in this analysis, the mean PM2.s

concentration at participants’ residential addresses over the follow-up period ranged from 6.40 to

11.6 pg/m? across all 4 study centers with a median of 12.2 pg/m?3. PMa.s over the follow-up

period was moderately correlated with population density (0.47) and the percentage of Hispanic

in the 2010 census tract (r = -0.62). PM2.s was not correlated with neighborhood SES (r = 0.06).

For NO», the average concentration at participants’ residential addresses over the follow-up

period ranged from 0.46-27.9 ppb across the 4 study centers. The median concentration was 12.2
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ppb. NO2 over the follow-up period was moderately correlated with population density (0.79)
and the percentage of Hispanic in the 2010 census tract (r = -0.62). Similar to PM2.5, NO2 was
not correlated with neighborhood SES (r = 0.35). Weighted mean and standard deviation of

PM:2s and NO: for each of the 4 study centers is presented in Table 2.
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Figure 1. Average concentration of PM2.5 (ug/m3) between 2008 and 2017 at each census block

in the Bronx site of the HCHS/SOL.
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Figure 2. Average concentration of PM2.5 (ng/m3) between 2008 and 2017 at each census block

in the Chicago site of the HCHS/SOL.
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Figure 3. Average concentration of PM2.5 (ug/m3) between 2008 and 2017 at each census block

in the Miami site of the HCHS/SOL.
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Figure 4. Average concentration of PM2.5 (ug/m3) between 2008 and 2017 at each census block

in the San Diego site of the HCHS/SOL.
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Figure 5. Average concentration of NO2 (ppb) between 2008 and 2017 at each census block in

the Bronx site of the HCHS/SOL.
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Figure 6. Average concentration of NO2 (ppb) between 2008 and 2017 at each census block in

the Chicago site of the HCHS/SOL.
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Figure 7. Average concentration of NO2 (ppb) between 2008 and 2017 at each census block in

the Miami site of the HCHS/SOL.
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Figure 8. Average concentration of NO2 (ppb) between 2008 and 2017 at each census block in

the San Diego site of the HCHS/SOL.
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When utilizing our primary definition of diabetes, a 2.48 pg/m? increase in PM2.5 was
associated with a 27% increased risk of incident diabetes when adjusting for age and sex (IRR =
1.27,95% CI: 1.09 — 1.49) (Table 3). This association was no longer significant when controlling
for the additional covariates of years living in the US, income, educational attainment, family
history of diabetes, neighborhood SES, waist circumference, and study center/ethnic heritage
(Table 3). When utilizing our secondary definition of diabetes, a 2.48 pg/m? increase in PM2s
was associated with a 40% increased risk of incident diabetes when adjusting for age and sex
(IRR =1.40, 95% CI: 1.23 — 1.59) (Table 3). This association was also attenuated when
controlling for our main set of covariates (IRR = 1.19, 95% CI: 0.82 — 1.74). There was no
evidence of effect modification in the association between PM2.5 and incident diabetes by waist
circumference, physical activity measured by the GPAQ, or physical activity measured by the
Actical accelerometer (Supplemental Table 1). All associations between PM2.s and the different
progressions of diabetes were not significant (Table 3).

For our analysis at each study center using the primary definition of diabetes and
adjusting for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, waist circumference, and ethnic heritage, a 1 pg/m? increase in
PMa.5s was associated with a 55% increased risk of incident diabetes in the Bronx (IRR = 1.55,
95% CI: 1.04 — 2.31) (Figure 9). Association within each of the 3 other cities were not significant

(Figure 9).

Table 3. Minimally and fully adjusted incidence rate ratios (IRR) of diabetes (primary and

secondary definitions) at visit 2 based on average concentration of PM2.5 (pg/m3) and NO2
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(ppb) at participants’ residential address over their follow-up period. For PMzs, IRR are reported

per an IQR increase of 2.48 pug/m? for primary diabetes and 2.51 pg/m? for secondary diabetes.

For NO2, IRR are reported per an IQR increase of 8.69 ppb for primary diabetes and 8.73 ppb for

secondary diabetes.

Minimally Adjusted? Adjusted®
Cases Cases
at IRR (95% at Visit IRR (95%
QOutcome N  Visit2 CD) N 2 (8} )
PMas
(ng/m?)
Primary diabetes (Lab 8250 950 1.27(1.09- 7574 879 0.91 (0.55 -
results and/or self-reported 1.49)* 1.51)
medication)
Secondary diabetes 8131 1355 1.40(1.23- 7464 1254 1.19 (0.82-
(Primary + self-reported 1.59)* 1.74)
diagnosis)
NO2
(ppb)
Primary diabetes (Lab 8248 950  1.22(1.08— 7572 879 1.09 (0.70-
results and/or self-reported 1.37)* 1.71)
medication)
Secondary diabetes 8129 1354 1.14(1.04— 7462 1253  1.19(0.80 —
(Primary + self-reported 1.26)* 1.77)

diagnosis)

Abbreviations: IRR, incident rate ratio

*P<0.05
2 Adjusted for age and sex

b Adjusted for age, sex, years living in the US, income, educational attainment, family history
of diabetes, neighborhood SES, waist circumference, and study center/ ethnic heritage
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PM2.5 Models

Bronx - Minimally Adjusted

Bronx - Adjusted

Chicago - Minimally Adjusted

Chicago - Adjusted

Miami - Minimally Adjusted

Miami - Adjusted

San Diego - Minimally Adjusted

San Diego - Adjusted

N Cases at Visit 2

1592

1444

2351

2201

2057

1782

2250

2147

205

186

286

277

197

166

262

250

IRR

0.76

0.71
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0.97

0.93
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Figure 9. Association between average PM2 s concentration during follow-up and incident

diabetes (primary diabetes definition) within each study center. Incident rate ratio (IRR) reported

as 1 pg/m? increase in PM2.5. Minimally adjusted model adjusts for age and sex. Adjusted model

adjusted for age, sex, years living in the US, income, educational attainment, family history of

diabetes, neighborhood SES, waist circumference, and ethnic heritage.

For the association between average concentration of PM2.s over the follow-up period and

change in continuous HbA1C (%) levels, a 2.17 pg/m? increase in PM2.s was associated with a

mean change in HbA1C of 0.06% (95% CI: 0.02 — 0.09) when adjusting for age, sex, follow-up

time, and baseline HbA1C levels (Table 4). When including adjustments for antihyperglycemic
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medication usage at baseline and visit 2, a 2.17 ug/m? increase in PM2.5 was associated with a
mean change in HbA1C of 0.05% (95% CI: 0.01 — 0.08) (Table 4). The association was no
longer significant when including additional adjustment for education, income, study
center/ethnic heritage, years in the US, neighborhood SES, family history, waist circumference
(Table 4). Among those free of diabetes at visit 1, the mean change in HbA1C levels was 0.01%
for all model iterations and no associations were significant (Supplemental Table 2). Among
those with diabetes at baseline, the mean change in HbA1A levels were minimal and not

statistically significant (Supplemental Table 3).

Table 4. Association between average concentration of of PM2.s and change in continuous

HbA1C (%) over the follow-up period. Mean change reported per 2.17 pg/m? increase in PM2.s.

Model N Mean Change” 95% CI P-value
(%)

Model 1 10244 0.06 0.02 -0.09 <0.001

Model 2 10010 0.05 0.01-0.08 0.01

Model 3 9174 0.01 -0.10-0.13 0.80

Model 4 9133 0.01 -0.10-0.12 0.86

Model 1: adjusts for age, sex, time between visits, and visit 1 HbAlc values

Model 2: Model 1 + antihyperglycemic medication usage at visit 1 + antihyperglycemic
medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +

neighborhood SES
Model 4: Model 3 + family history + waist circumference
*per 2.17 pg/m3 increase in PM2s
NO2
When utilizing our primary definition of diabetes, an 8.69 ppb increase in NO2 was
associated with a 22% increased risk of incident diabetes when adjusting for age and sex (IRR =

1.22,95% CI: 1.08 — 1.37) (Table 5). This association was less precise when controlling for the

additional covariates of years living in the US, income, educational attainment, family history of
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diabetes, neighborhood SES, waist circumference, and study center/ethnic heritage (Table 5).
When utilizing our secondary definition of diabetes, an 8.73 ppb increase in NO2 was associated
with a 14% increased risk of incident diabetes when adjusting for age and sex (IRR = 1.14, 95%
CI: 1.04 — 1.26) (Table 5). The IRR increased when controlling for our main set of covariates
(IRR =1.19, 95% CI: 0.80 — 1.77), however, the association was no longer significant. There
was no evidence of effect modification in the association between NO: and incident diabetes by
waist circumference, physical activity measured by the GPAQ, or physical activity measured by
the Actical accelerometer (Supplemental Table 5). None of the associations between NO2 and the
different progressions of diabetes were significant (Table 5).

Those with the median follow-up time or less (< 5.86 years) had significantly less
average NO:z (12.8 ppb) than those with longer follow-up time (13.6 ppb) (Supplemental Table
6). To standardize exposure time, we used the average NO2 exposure between July 2011 and July
2014. Results from the associations between the 3-year average exposure and incidence diabetes
in the minimally adjusted model were very similar to the results when using the average over
each participant’s full follow-up period (Supplemental Table 7). Effect sizes and confidence
intervals were larger for the 3-year average exposure in the main adjusted model compared to the
results for the exposure over the full follow-up period (Supplemental Table 7).

For our study center specific models using the primary definition of diabetes and
adjusting for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, waist circumference, and ethnic heritage, an increase in NO2 of 1
ppb was associated with a 10% increased risk of incident diabetes in the Bronx (IRR = 1.10, 95%
CI: 1.01 — 1.19) (Figure 10). Association within each of the 3 other cities were not significant

(Figure 10).
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Table 5. Minimally and fully adjusted incidence rate ratios (IRR) of difference progressions of
diabetes (primary definition) at visit 2 based on average concentration of PM2 5 (ug/m?®) and NO:
(ppb) at participants’ residential address over their follow-up period. For PM2.s, IRR are reported
per an IQR increase of 2.50 pug/m? for progression from pre-diabetes to diabetes, 2.47 pg/m? for
progression of those free of diabetes and pre-diabetes to diabetes, and 2.47 pg/m? for progression
of those free of diabetes and pre-diabetes at baseline to pre-diabetes. For NO2, IRR are reported
per an IQR increase of 8.76 ppb for progression from pre-diabetes to diabetes, 8.60 ppb for
progression of those free of diabetes and pre-diabetes to diabetes, and 8.60 ppb for progression

of those free of diabetes and pre-diabetes at baseline to pre-diabetes.

Minimally Adjusted? Adjusted®
Cases Cases
at IRR (95% at Visit IRR (95%
QOutcome N  Visit2 CI) N 2 CD
PMa2s
(ng/m’)
Progression from pre- 4158 850  1.15(0.97—- 3831 788 0.75 (0.43 —
diabetes to diabetes 1.36) 1.33)
Progression of those free of 4092 100 1.36 (0.84 — 3743 91 0.56 (0.12 —
diabetes and pre-diabetes to 2.20) 2.64)
diabetes
Progression of those free of 4092 1713  1.01(0.89—- 3743 1587  0.91(0.67 —
diabetes and pre-diabetes at 1.14) 1.22)
baseline to pre-diabetes
NO2
(ppb)
Progression from pre- 4157 850 1.11 (0.98—- 3830 788 0.88 (0.54 —
diabetes to diabetes 1.27) 1.43)
Progression of those free of 4091 100 1.35(0.91 - 3742 91 0.46 (0.08 —
diabetes and pre-diabetes to 2.01) 2.55)
diabetes
Progression of those free of 4091 1712 1.02(0.93 - 3742 1586  1.14 (0.83 —
diabetes and pre-diabetes at 1.12) 1.57)

baseline to pre-diabetes
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Abbreviations: IRR, incident rate ratio

2 Adjusted for age and sex

b Adjusted for age, sex, years living in the US, income, educational attainment, family history
of diabetes, neighborhood SES, waist circumference, and study center/ ethnic heritage

NO2 Models N Cases at Visit 2 IRR

Bronx - Minimally Adjusted 1592 205 104 ——
Bronx - Adjusted 1444 186 1.1 ——

Chicago - Minimally Adjusted 2351 286 095 —.—

Chicago - Adjusted 2201 277 096 —] —

Miami - Minimally Adjusted 2056 197 107 e
Miami - Adjusted 1781 166 1.05 [

San Diego - Minimally Adjusted 2249 262 1 ——

San Diego - Adjusted 2146 250 094 ——

r
an 13

Figure 10. Association between average NO2 concentration during follow-up and incident
diabetes (primary diabetes definition) within each study center. Incident rate ratio (IRR) reported
as 1 ppb increase in NO2. Minimally adjusted model adjusts for age and sex. Adjusted model
adjusted for age, sex, years living in the US, income, educational attainment, family history of

diabetes, neighborhood SES, waist circumference, and ethnic heritage.
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For the association between average concentration of NO2 over the follow-up period and
change in continuous HbA1C (%) levels, an 8.71 ppb increase in NO2 was associated with a
mean change in HbA1C of 0.05% (95% CI: 0.02 — 0.09) when adjusting for age, sex, follow-up
time, and baseline HbA1C levels (Table 6). Results were similar when including adjustments for
antihyperglycemic medication usage at baseline and visit 2 (Mean Change: 0.04, 95% CI: 0.01 —
0.08) (Table 6). Similar to the results for PM2.s, the association between NO:2 and change in
HbA1C was no longer significant when including additional adjustment for education, income,
study center/ethnic heritage, years in the US, neighborhood SES, family history, waist
circumference (Table 6). Among those free of diabetes at visit 1, the mean change in HbA1C
levels were minimal (-0.02% — 0.01%) for all model iterations and no associations were
significant (Supplemental Table 7). Among those with diabetes at baseline, the mean change in
HbATA levels higher (range: 0.12% - 0.29%) compared to those free of diabetes, and the change
in continuous HbA1C (%) over the follow-up period was statistically significant when adjusting

for age, sex, time between visits, and visit 1 HbAlc (Supplemental Table 8).

Table 6. Association between average concentration of NO2 and change in continuous HbAlc

(%) over the follow-up period. Mean change reported per 8.71 ppb increase in NO2.

Model N Mean Change* 95% Cl1 P-value
(%)

Model 1 10244 0.05 0.02 -0.09 0.003

Model 2 10006 0.04 0.01-0.08 0.01

Model 3 9171 0.02 -0.11-0.14 0.81

Model 4 9130 0.01 -0.11-0.14 0.86

Model 1: adjusts for age, sex, time between visits, and baseline HbA 1c values

Model 2: Model 1 + antihyperglycemic medication usage at baseline + antihyperglycemic
medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +
neighborhood SES

Model 4: Model 3 + family history + waist circumference

“per 8.71 ppb increase in NO2
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Discussion

In the presented analysis, higher PM2.s and NO:2 concentrations at residential addresses was
associated with increased risk of incident diabetes after adjustment for age and sex. However,
this association was attenuated, and no longer significant, when adjusting for additional sets of
covariates. We found no evidence of effect modification by waist circumference or physical
activity. In our study center level analysis, only higher PM2.5 and NO2 concentrations in the
Bronx were associated with increased risk of incident diabetes when adjusting for our main set of
covariates.

Our results were consistent with a prior analysis of air pollution and diabetes risk in the
Multi-Ethnic Study on Atherosclerosis, a large multi-site cohort that utilized our fine-scale
spatiotemporal modeling framework.> In that analysis, Park et al.>* did not find an association
between incident diabetes and long-term exposure to PM2.5, NO2, or NOx after adjustment for
study site. However, there was an association within the Chicago study site when investigating
the association between the annual average concentration of PM2:s at residential addresses and
incident diabetes (Park et al 2015). Renzi et al. (2018), did not find an association between
annual exposure to PM2.s or NO2, and incident diabetes in a Roman cohort. Our NO2 results were
also consistent with recent meta-analyses by Yang et al.”> and Liu et al.'®, which did not find a
significant association between NOz2 and incident T2D. Our point estimates were larger but less
precise than a meta-analysis on two longitudinal and two cross-sectional studies by Eze et al.!
which found a higher risk of T2D with increased exposure. Our results for PM2.s were also less
precise than a recent meta-analysis suggesting a significant positive association between PM2.s

and NO> and incident diabetes.>:!8
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Adjusting for the combination variable of study center and ethnic heritage strongly
influenced the model results. In our main adjustment model for NO2, when adjusting for all but
study center/ethnic heritage the association remained positive and significant (IRR: 1.21, 95%
CI: 1.00 — 1.47). The association was not significant for PM2s, however, not including study
center/ethnic heritage in our main adjustment model limited the attenuation (IRR: 1.19, 95% CI:
0.91 — 1.54). The weakened association between air pollution and incident diabetes when
adjusting for fixed-effects of study center/ethnic heritage was likely due to the low within-city
variability of PMa.s and NOz. The IQR for PMa.s was less than 1 pg/m? for each city. While the
within city variability of NO2 expectedly varied more, the IQR for each city was around 2 ppb.
HCHS/SOL study participant’s residences were not spread out across each city evenly, but rather
spatially clustered. This was a byproduct of HCHS/SOL probability sampling strategy which
targeted census tracts close to the study center clinics and tracts with a high percentage of
Hispanics based on the 2000 US census.!!®

For PM2s, using the secondary definition of diabetes increased the effect estimates in
both the minimally adjusted and main adjusted model when compared to the models with the
primary diabetes definition. The main adjusted model for both definitions were not statistically
significant, however, the secondary definition had a positive effect estimate while the primary
definition had a negative effect estimate. For NO2, using the secondary definition of diabetes,
adjusting for only age and sex resulted in a lower effect estimate when compared to the primary
definition, yet this relationship was still positive and significant. For the main adjusted model,
using the secondary definition increased the effect estimate when compared to the primary

definition, however the overall interpretation of no significant association remained. The
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increased effect estimates when using the secondary diabetes definition may be due to the
increased number of cases at visit 2 compared to primary diabetes cases.

When investigating the change in continuous HbA1C levels, higher PM2.s and NO2 exposure
slightly, yet significantly, increased the mean percent change in HbA1C over the follow-up
period when adjusting for age, sex, follow-up time, baseline HbAlc levels, and use of
antihyperglycemic medication at baseline and/or visit 2. However, the mean percent change was
less than 0.1 %, which is below the clinically relevant change of 0.5%.!3° These associations
were also attenuated and not significant when adjusting for study center/ethnic heritage.

We did not see evidence of effect modification by physical activity or waist circumference. It
is possible we did not see evidence of effect modification due to the lack of association between
PMaz.s and NO:2 and incident diabetes in our main adjusted model. However, this does not explain
the lack of evidence of effect modification as there was no evidence when adjusting for ethnic
heritage instead of study center/ethnic heritage, or when only adjusting for the additional
covariates of age and sex. There is a lack of consistent evidence on the interactions between
long-term exposure to air pollution and physical activity and cardiometabolic outcomes,**!14.131
More studies are needed to further investigate the relationship between air pollution exposure,
physical activity, and diabetes risk. There is a particular need to investigate this relationship and
account for the long-term air pollution exposure where the physical activity is occurring with a
fine-scale spatial air pollution model.

Adjustment for study center is needed in analysis of multi-center studies to account for
potential unmeasured confounding related to the different study centers. Characteristics of both

the study center and the study center population can affect the association of interest. Variations

in climate of each study center can affect health, health care access, diet, and physical activity
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levels. Diets can also vary by region based on food availability and cultural preferences. There
can be various noise and environmental stressors present in some study centers but not others. In
relation to health care, health insurance coverage and quality of care can vary by study center. In
HCHS/SOL, at visit 1 79.2% of study participants in the Bronx had health insurance coverage
while only 29.3% of those in Miami had coverage. Health insurance coverage in Chicago and
San Diego were 44.5% and 48.1%, respectively. Health insurance coverage increased
substantially in each study center by visit 2, likely due to the enactment of the Affordable Care
Act. Coverage increased to 90.9% in the Bronx, 63.0% in Chicago, 67.5% in Miami, and 77.9%
in San Diego by visit 2. There can also be variations in the recruitment and administration of the
study at the various study centers. While HCHS/SOL followed standard protocol, there were
slight differences in recruitment strategies at each study center. It is also possible protocol for
diabetes ascertainment varied slightly by study center (i.e. timing of blood draws). All the
previously mentioned factors can affect the association between air pollution and diabetes
incidence, necessitating the adjustment by study center in epidemiologic models.

In multicenter epidemiology studies, there has been discussion on how to best adjust for
study center.'3> Researcher can adjust for study center using fixed effects, random effects, or
analyzing each study center separately and then combine results into a meta-analysis.'*? The
three approaches could provide similar or different conclusions depending on the study sample
size, and the difference between the within- and between-center effects.!3? In the presented
analysis, we adjusted for fixed effects and analyzed each study center separately. We adjusted for
study center/ethnic heritage using fixed effects due to the large sample size within each study
center. However, the low within-city variability may reduce the statistical power in the fixed

effects model because the between-center variation is absorbed by the center-specific intercepts.
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As between-center variability is larger than the within-center variability, using random effects
adjustment in this analysis may be helpful as this approach utilizes the between-center exposure
variations. A random effects model leverages both the between-center and within-center effects,
whereas the fixed effects model only estimates the within-center effects.!*? However, random
effect models can also lead to bias if unmeasured center-level confounders are correlated with
the exposure and outcome.'3? Random effects do not completely control for confounding by
study center as the fixed effect method does. Future analysis can investigate the use of random
effects when controlling for study center/ethnic heritage.

While follow-up time was fairly standard among study participants (about 6 years), we
investigated if having more or less than the median follow-up time affected exposure levels.
Having longer than the median years of follow-up (> 5.86 years) resulted in significantly higher
exposure to both PM2.s and NOaz. Differences in exposure based on length of follow-up could be
related to changes in secular air pollution trends, however, this is the opposite of what we would
expect as secular trends show a decrease in air pollution. The variation in exposure with follow-
up time could be related to the study center as some centers were more likely to have the visit 2
clinic dates further from the visit 1 clinic dates than others. For example, in Chicago 61.4% of
participants had longer than median follow-up time while in Miami only 28% of participants had
a longer than median follow-up time. As a sensitivity analysis for secular trends in air pollution,
we standardized the NO2 exposure to the average between July 2011 and July 2014, a 3-year
period after all visit 1 clinic dates and before any participant had their visit 2 clinic date. This
sensitivity analysis did not change the overall interpretation of our main results, but did
considerably increase the point estimate and confidence interval in our main adjusted model

compared to our results using the average exposure over the participant’s full follow-up period.
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Our study has notable strengths including the use of fine-scale spatiotemporal air pollution
models. These models, which incorporated agency monitoring and short-term community
sampling campaigns, provide point estimates in the study regions on a 2-week time scale over
the follow-up period. This, combined with yearly updates to residential addresses, allowed
estimates of the average exposure at study participant’s residences over their follow-up period.
The large, multi-center cohort of the HCHS/SOL allowed us to investigate the relationship
between PM2s and NO:z and incident diabetes in self-identified Hispanic/Latinos in four major
US cities. HCHS/SOL collected data on diabetes status via self-reported diagnosis and
antihyperglycemic medication usage, and via blood draws for FPG, HbA1C, and a 2-hour
OGTT. The comprehensives of the HCHS/SOL dataset allowed us to investigate two definitions
of diabetes and include relevant individual-level confounders in our analysis.

Nevertheless, our study was not without limitations. As noted previously, the spatial
residential clustering of HCHS/SOL study participants limited the within-city variability of
PMaz.s and NO2. We conducted within city analysis on the association between exposure and
incident diabetes, but the reduced sample size at the city level may have limited our power to see
significant effects. Future studies could investigate the associations with random effects for study
center, increase within study center sample size, and recruit study participants from more
spatially varying census tracts to limit spatial clustering. The average length of follow-up was 6
years, which may not be long enough to see effects as the biological development of T2D can
take several years. We were unable to expand exposure estimates to capture exposure prior to
visit 1 as we do not have residential address data prior to study enrollment. HCHS/SOL study
participants underwent a third in-person visit between 2020 and 2024 and future analysis on this

cohort can be expanded to include visit 3 once all study data becomes available. While we were
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limited in our ability to distinguish between type 1 and type 2 diabetes in this cohort, the greater
majority of diabetes cases are likely type 2 given the study participants’ age. In addition to NO2,
SOLAIr also collected NOx and O3 data during the Ogawa campaigns in Chicago, Miami, and
San Diego. As of May 2025, center-specific spatiotemporal NOx and O3 models have not been
developed. Future work can develop these models and investigate the associations between NOx
and O3 and incident diabetes. Lastly, we estimated average ambient exposure at participant’s
residential addresses, a location where participants do not spend all of their time. Study
participants can be exposed to NO2 and PMz s at their place of work, during transportation, and in
their larger community environment. Exposures at non-residential locations were unaccounted
for and may affect T2D risk.

In conclusion, our results did not support our hypothesis of an association between PMa2.s and
NO:2 and incident diabetes in the HCHS/SOL when adjusting for relevant confounders. Our
results only supported our hypothesis in our main adjusted model in the Bronx, which had the
highest levels of exposure and highest incident rates of diabetes. Future studies should continue
to investigate the association between PM2 s and NOz and incident diabetes in a less spatially
clustered within-city cohort with a longer follow-up period, and continue to investigate the

potential modifying effects of physical activity and adiposity.

Supplemental Material

Supplemental Table 1. Effect modification in the association between PM2.5 and incident
diabetes by waist circumference, physical activity measured by the GPAQ, or physical activity
measured by the Actical accelerometer. IRR are reported per an IQR increase of 2.48 pg/m? for

primary diabetes and 2.51 pg/m? for secondary diabetes.
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Primary diabetes (Lab Secondary diabetes
results and/or self-reported (Primary + self-
medication) reported diagnosis)
IRR (95% IRR
Parameter CI) P-value (95% CI) P-value
Waist
Circumference?
1.10
PM25 (ug/m?) 0'871 (50(5? - 0.62 (0.71 - 0.67
' 1.69)
2.59 (0.66 — 141
Abdominal obesity (cm) ' 10 2') 0.17 (041 - 0.59
' 4.92)
. 1.13
PM2,§ x Abdominal 1.06 (0.74 — 0.76 (0.82 0.46
obesity 1.51) 1.57)
GPAQ Physical
Activity®
1.16
PMa.s (ug/m?) 0'881 8409?2 T 064 (077- 049
' 1.75)
. .. 0.88
GPAQ Physical Activity  0.95 (0.21 —
> 1 . 0.95 (0.25 - 0.85
= 150 minutes per week 4.25) 3.14)
PM:2.5 x GPAQ Physical 1.01 (0.68 — 1.03
Activity > 150 minutes ' 1 49') 0.96 (0.74 — 0.87
per week ' 1.44)
Actical Physical
Activity®
1.22
PM2.s5 (ug/m?) 0'931 (602§4 a 0.81 (0.81 — 0.34
’ 1.86)
Actical Physical 0.36
Activity = 150 minutes 0'201 (30é())3 a 0.10 (0.08 — 0.18
per week ' 1.59)
PMa2s X Actical 1.21
Physical Activity = 150 1.37(0.84 - 0.20 (0.83 — 0.32
i 2.25)
minutes per week 1.78)

Note: Abdominal obesity was defined as greater than 88 cm for women and greater than 102 cm

for men.!12¢

Abbreviations: IRR, incident rate ratio

2 Adjusted for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, waist circumference, and study center/ ethnic heritage
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b Adjusted for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, and study center/ ethnic heritage

Supplemental Table 2. Association between average concentration of PM2s and change in
continuous HbA1C (%) over the follow-up period among those free of diabetes at visit 1. Mean

change reported per 1.22 ug/m? increase in PMas.

Model N Mean Change* 95% CI P-value
(%)

Model 1 8080 0.01 -0.01 - 0.02 0.43

Model 2 7907 0.01 -0.01 -0.02 0.65

Model 3 7293 0.01 -0.03 -0.05 0.68

Model 4 7264 0.01 -0.04 — 0.05 0.75

Model 1: adjusts for age, sex, time between visits, and baseline HbA 1c values

Model 2: Model 1 + antihyperglycemic medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +
neighborhood SES

Model 4: Model 3 + family history + waist circumference

*per 1.22 ug/m? increase in PM2s

Supplemental Table 3. Association between average concentration of PM2.s and change in
continuous HbA1C (%) over the follow-up period among those with diabetes at visit 1. Mean

change reported per 1.22 ug/m? increase in PMa.s.

Model N Mean Change* 95% CI P-value
(%)

Model 1 2155 0.08 -0.01 -0.17 0.08

Model 2 2103 0.06 -0.03-0.14 0.20

Model 3 1881 -0.01 -0.35-0.34 0.98

Model 4 1869 -0.02 -0.37-0.33 0.91

Model 1: adjusts for age, sex, time between visits, and baseline HbAlc values

Model 2: Model 1 + antihyperglycemic medication usage at baseline + antihyperglycemic
medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +
neighborhood SES

Model 4: Model 3 + family history + waist circumference

*per 1.22 ug/m? increase in PM2s
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Supplemental Table 4. Effect modification in the association between NO:2 and incident
diabetes by waist circumference, physical activity measured by the GPAQ, or physical activity
measured by the Actical accelerometer. IRR are reported per an IQR increase of 8.69 ppb for

primary diabetes and 8.73 ppb for secondary diabetes.

Primary diabetes (Lab Secondary diabetes
results and/or self-reported (Primary + self-
medication) reported diagnosis)
IRR (95% IRR
Parameter CI) P-value (95% CI) P-value
Waist
Circumference®
100 (0.63 - 105
NO:2 (ppb) 1.59) 0.99 (0.69 — 0.83
' 1.58)
1.65
Abdominal obesity (cm) 2'6i (51653 B <0.01 (1.06 — 0.03
50)
2.57)
NO: x Abdominal 114 (0.85 - .22
obesity 1.52) 0.39 (0.95 - 0.11
' 1.56)
GPAQ Physical
Activity®
1.19
NO:2 (ppb) 1'121 (706;1 - 0.63 (0.79 — 0.40
' 1.80)
. .. 0.94
GPAQ Physical Activity  0.99 (0.59 —
> 150 minutes per week 1.66) 0.97 (0.62 - 0.79
p 1.43)
NO.z )FGPAQ Physical 1.00 (0.75 — 1.03
Activity = 150 minutes 1.34) 0.98 (0.81 — 0.82
per week ' 1.30)
Actical Physical
Activity®
1.44
NO2 (ppb) 2 (200';9 029 (0.90 - 0.12
' 2.28)
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Actical Physical 0.67
Activity > 150 minutes 0'621 ((?5 ST 009 (043— 007
per week ' 1.03)
NO2 x Actical Physical 1.08
Activity > 150 minutes 1'071 2?6?0 062 (085— 053
per week ) 1.36)

Note: Abdominal obesity was defined as greater than 88 cm for women and greater than 102 cm
for men.!%6

Abbreviations: IRR, incident rate ratio

2 Adjusted for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, waist circumference, and study center/ ethnic heritage

b Adjusted for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, and study center/ ethnic heritage

Supplemental Table 5. Exposure characteristics among those with the median years of follow-

up or less (< 5.86 years) and those with more than the median years of follow-up.

<= 5.856 years of > 5.856 years of Two sample t-
follow-up (n = 4095) follow-up (n=4155) test p-value
Diabetes at Visit 2 (n) 476 474
Free of Diabetes at 3619 3681
Visit 2 (n)
PM2.s
Range 6.4-11.1 6.4-11.6
Median 9.5 9.9
Mean (sd) 8.9 (1.4) 9.6 (1.2) <0.01
IQR 2.8 1.1
NO;
Range 0.6 -26.5 0.5-27.9
Median 10.9 13.6
Mean (sd) 12.8 (6.0) 13.6 (5.3) <0.01
IQR 9.1 7.7
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Supplemental Table 6. Minimally and fully adjusted incidence rate ratios (IRR) of diabetes

(primary and secondary definitions) at visit 2 based on average concentration NO2 (ppb) at

participants’ residential address between July 2011 and July 2014. IRR are reported per an IQR

increase of 8.89 ppb for primary diabetes and 8.91 ppb for secondary diabetes.

Minimally Adjusted? Adjusted®
Cases Cases
at IRR (95% at Visit IRR (95%
QOutcome N  Visit2 CD) N 2 (8} )
NO2
(ppb)
Primary diabetes (Lab 8775 999  1.17(1.05— 8042 922 1.26 (0.79 —
results and/or self-reported 1.32)* 2.03)
medication)
Secondary diabetes 8649 1424 1.12(1.02- 7927 1316  1.34(0.88 —
(Primary + self-reported 1.22)* 2.03)

diagnosis)

Abbreviations: IRR, incident rate ratio

*P<0.05
2 Adjusted for age and sex

b Adjusted for age, sex, years living in the US, income, educational attainment, family history
of diabetes, neighborhood SES, waist circumference, and study center/ ethnic heritage
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Supplemental Table 7. Association between average concentration of PM2.s and change in

continuous HbA1C (%) over the follow-up period among those free of diabetes at visit 1. Mean

change reported per 8.70 ppb increase in NOa.

Model N Mean Change* 95% CI P-value
(%)

Model 1 8087 0.01 -0.01 —0.04 0.39

Model 2 7963 0.01 -0.02 -0.04 0.49

Model 3 7341 -0.02 -0.10-0.07 0.68

Model 4 7262 -0.02 -0.11 -0.06 0.59

Model 1: adjusts for age, sex, time between visits, and baseline HbA 1c values

Model 2: Model 1 + antihyperglycemic medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +
neighborhood SES

Model 4: Model 3 + family history + waist circumference
*per 8.70 ppb increase in NO2

Supplemental Table 8. Association between average concentration of PM2.s and change in
continuous HbA1C (%) over the follow-up period among those with diabetes at visit 1. Mean

change reported per 8.79 ppb increase in NO2.

Model N Mean Change* 95% CI P-value
(%)

Model 1 2153 0.15 0.01-0.29 0.04

Model 2 2101 0.12 -0.02 - 0.25 0.10

Model 3 1880 0.29 -0.30-0.88 0.34
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Model 4 1869 0.26 -0.32-0.85 0.38

Model 1: adjusts for age, sex, time between visits, and baseline HbA 1c values

Model 2: Model 1 + antihyperglycemic medication usage at baseline + antihyperglycemic
medication usage at visit 2

Model 3: Model 2 + education + income + study center/ethnic heritage + years in the US +
neighborhood SES

Model 4: Model 3 + family history + waist circumference

“per 8.79 ppb increase in NO2
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Abstract

Neighborhood-scale environmental factors, including disinvestment in infrastructure, may
impact cardiometabolic disease risk. To our knowledge, no prior studies have investigated the
association between neighborhood disinvestment and incident diabetes. We used a virtual street
audit of Google Street View Imagery to generate a neighborhood disinvestment score for
participants’ residential addresses in the Hispanic Community Health Study/Study of Latinos
(HCHS/SOL). An item response theory model was fit to indicators (litter, graffiti, under-
maintained buildings, bars on windows, and abandoned buildings) to form a scale measuring a
latent level of disinvestment. Ordinary kriging was used to estimate levels for each residential
address within the HCHS/SOL census tracts via spatial interpolation. HCHS/SOL is a
longitudinal cohort study of self-identified Hispanic/Latino adults in the Bronx, Chicago, Miami,
and San Diego. Using covariate-adjusted and survey-weighted Poisson regression models with
data from 9120 participants free of diabetes at baseline (2008-2011), we investigated the
association between neighborhood disinvestment and incident diabetes at visit 2 (2014-2017). A
sensitivity analysis included only those who did not move during the follow-up period. A one-
standard deviation increase in neighborhood disinvestment score was associated with a 13%
(95% CI: 1%-23%) lower risk of incident diabetes when adjusting for age, sex, education,
income, study center/heritage, years in the US, family history, and a neighborhood
socioeconomic index. Our sensitivity analysis yielded qualitatively similar results with lower
precision. Overall, our analysis does not support the hypothesis that neighborhood physical

disinvestment is associated with incident type 2 diabetes in this Hispanic/Latino population.
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Introduction

In the United States, around 1.1 million people aged 18 years and older were diagnosed
with type 2 diabetes (T2D) in 2021.2° Hispanic/Latinos are at higher risk compared to non-
Hispanic Whites,> and in 2022 were found to be 60% more likely to be diagnosed with diabetes
than non-Hispanic Whites.!% Well-established T2D individual risk factors include genetics, age,
adiposity, diet, and physical activity.! Modifiable environmental and neighborhood conditions
may also contribute to T2D risk,!~ and addressing neighborhood level risk factors in diabetes
prevention interventions may increase effectiveness.'*?

The neighborhood built environment is a research area where there are various measures
to investigate and various methods and approaches to quantify said measures, however, many
studies have focused on cross-sectional analysis of disease prevalence. Few studies have
specifically focused on neighborhood built environment and T2D incidence.**"!

As diabetes prevalence is higher in low-income urban areas compared to high-income
urban areas,’®!33134 aspects of the built environment in those areas may contribute to increased
risk for diabetes. Previous studies on the built environment have investigated how access to
healthy food options*”-135 and green space*!33-136 are associated with lower T2D risk. In addition
to healthy food options and green space, neighborhood disinvestment, a social and economic
process in which resources are redirected away from neighborhoods of lower-income
populations, may also contribute to T2D risk.!3? Disinvestment is reflected in visual indicators of

deterioration and neglect such as deteriorated sidewalks, lack of street lighting, litter, and

abandoned buildings. Living within disinvested neighborhoods may increase stress and reduce
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residents’ ability and desire to engage in physical activity, which may in turn increase diabetes
risk 21-23.72-74

However, understanding the spatial impacts of the sociopolitical process of being in a
disinvested place can be challenging. While theory suggests sociopolitical disinvestment
processes degrade diabetes-preventing mechanisms such as economic access to healthy foods
and green space quality, these specific features can be challenging to measure directly. One
alternate approach is to assess visual indicators of neighborhood disinvestment — features like
litter and graffiti — as visible on Google Street View, and combine these indicators to create a
disinvestment score.®81:137-140 Utilizing Google Street View increases the spatial availability of
visual indicators and allows for comparison across space.

While prior work has not directly investigated the association between neighborhood
physical disinvestment and T2D incidence, perceived neighborhood disorder — a related
construct promoted by disinvestment and reflected in vandalism, trash, vacant buildings, and
reports of feeling unsafe walking alone — was associated with T2D prevalence in a non-Hispanic
White sample of the Health and Retirement Study cohort (OR: 1.11, 95% CI: 1.05, 1.17).> When
investigating the interaction between neighborhood disorder and genome-wide genetic risk in the
previously mentioned non-Hispanic White sample of the Health and Retirement Study cohort,
neighborhood disorder was found to heighten the genetic risk of T2D (OR: 1.10, 95% CI: 1.04,
1.16). ° However, a Jamaican cross-sectional survey found no association between neighborhood
disorder and diabetes prevalence (OR: 0.99, 95% CI: 0.95, 1.03).%8

These previous studies on neighborhood disorder and T2D have collected data from study
participants via questionnaires®’> or in-person assessment by interviewers.®® Collecting self-

reported exposure and outcome data can lead to ‘same source bias’ as participant’s experience
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with the outcome may influence how they report their exposure. Those experiencing adverse
outcomes may be more likely to notice and report potential exposures due to their beliefs and
biases, resulting in spurious associations. Approaches to collecting neighborhood environment
data to get around the issue of ‘same source bias’ include asking non-participants living in the
same area their thoughts and opinions,® collecting data from publicly available databases,®-70-80
or in-person street audits?? and assessment by researchers.®® A less costly and less time-
consuming alternative to in-person street audits are virtual street audits.®76-81.82

To investigate the relationship between an objective visual measure of the neighborhood
built environment and T2D incidence, a virtual audit was conducted using Google Street View
(Alphabet, Mountain View, CA) in the neighborhoods of HCHS/SOL study participants. The
virtual audit was used to create a neighborhood physical disinvestment score at each participant’s
residential address. We used these neighborhood disinvestment scores to investigate the

association between neighborhood disinvestment and incident diabetes between the first and

second visits of the HCHS/SOL.

Methods

Study Design and Population

HCHS/SOL is a longitudinal cohort of 16,415 self-identifying Hispanic/Latino adults at
least 18 years of age at enrollment from the Bronx, Chicago, Miami, and San Diego.?* More
details on the HCHS/SOL sample and study design have been previously reported.!'®!!7 Briefly,
the first in-person visit and enrollment occurred between 2008 and 2011 in each of the four

cities. Yearly follow-up phone calls were conducted, and a second round of in-person visits (visit

2) occurred between 2014 and 2017.
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Questionnaires and clinical examinations were administered at both in-person visits. The
questionnaires assessed demographics, current health and medical history, socioeconomic status,
and residential information.!'!” Clinical examinations included collection of blood and urine for
various assays and analysis.!!” The yearly follow-up phone calls contained questions on general
health, potential updates from their doctors or health professionals, and details on any potential
hospitalization or emergency room visits that occurred since the last follow-up as well as any
updates to their residential location.!!” The study population for this analysis included
participants who completed the baseline and 2" visit, were free of diabetes at the baseline visit,
and had geocoded residential address data at both visits. All participating institutions received
approval by their respective institutional review boards and written informed consent was

received from all participants.

Diabetes Ascertainment

Ascertainment of diabetes occurred at baseline, during the yearly follow-up phone calls,
and at visit 2. During calls and visits, participants were asked if a doctor or health care
professional has told them they have diabetes or high sugar in their blood and if they were
receiving any treatment.!!” However, only during the in-person visits was blood collected and
assayed to measure fasting plasma glucose (FPG) and glycosylated hemoglobin (HbA1c)
levels.!!7 A 2-hour oral glucose tolerance test (OGTT) was also conducted on participants who
did not self-report a diabetes diagnosis and on participants with FPG < 150 mg/dL.!"
Ascertainment of diabetes in the HCHS/SOL cohort was not able to distinguish between type 1
and type 2 diabetes.

For this analysis, we use two definitions of diabetes. Each definition is based on the

American Diabetes Association criteria'® and data collection practices. Our primary definition
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for diabetes was having any of the following: a FPG >126 mg/dL; HbAlc level >6.5%; post-
OGTT glucose > 200 mg/dL; or use of antihyperglycemic drugs. Our secondary definition, while
also limited to those with ascertainment of diabetes at visit 2, included all those who fit the
primary definition of T2D and also includes those who self-reported diabetes or high sugar in
their blood during the in-person visits or the annual follow-up phone calls.

Pre-diabetes was assessed at baseline and visit 2 as our criteria was dependent on
laboratory assays. Based on the American Diabetes Association criteria, pre-diabetes was

defined as having a FPG >100 mg/dL and <126 mg/dL; and HbAlc¢ level >5.7% and <6.5%.'°

Google Street View Audit

In order to generate an interpolated disinvestment measure for each residential address,
we conducted a virtual street audit using Google Street View. For each of the four cities, we
selected 1000 street locations to be virtually audited via Google Street View. Locations were
selected within the 351 census tracts where participants lived at baseline using a 600-point grid.
To increase precision in neighborhoods where most participants lived, we embedded an
additional 600-point oversample in the census tracts with the top quintile of HCHS/SOL
participants in each study center. All points were randomly jittered up to 250 meters. We used
the Computer Assisted Neighborhood Visual Assessment System (CANVAS) to conduct the
virtual street audit.?” We uploaded our set of coordinates to CANVAS which tried to match each
coordinate to Google Street View imagery within 50 meters. If there were no matches within 50
meters, the location was not used. For each location, auditors answered a set of 53 questions
related to neighborhood disinvestment based on the most recent image and oldest high-resolution
image using the drop and spin method (Table S1). Images from 2007 and some from 2008 were

of low-resolution, making it difficult to accurately answer the questions. To avoid this, we
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instructed auditors to assess the oldest image of high-resolution after 2007. The drop and spin
method refers to how CANVAS accessed Google Street View at each location and auditors were
only able to spin around to answer the questions. They were not able to ‘walk’ up and down the
street as this could change the date of the images.

Audit questions were taken from previously validated audits designed to assess
neighborhood disinvestment and pedestrian safety.?!-141:142 Example of the questions auditors had
to answer were “Is there garbage, litter, or broken glass in the street or on the sidewalk?”, “Are
there abandoned cars?”, and “Do you see boarded up or abandoned buildings?”. The full list of
questions is available in supplementary material (Table S1). All responses were coded
categorically and most were dichotomous. The virtual street audit was conducted by 12
undergraduate and graduate students at the University of Washington between July 2022 and
May 2023. All auditors were trained on the same set of example locations. During training, all
questions and examples were discussed to limit subjectivity between auditors. For example,
multiple images of graffiti and murals were shown during training to highlight the differences
between them. To assess agreement between the auditors, approximately 15% of the locations in

each study center were randomly selected as a reliability subsample.

Neighborhood Disinvestment

To generate a neighborhood disinvestment measure for each participant’s residential address, we
used a validated approach involving an item response theory (IRT) model and ordinary
kriging.®3! An IRT model was fit to indicators (litter, graffiti, under-maintained buildings, bars
on windows, and abandoned buildings) to form a scale measuring a latent level of disinvestment.
The IRT model’s posterior probability of observing the indicators we actually observed was used

to estimate a latent level of disinvestment at each audited location. We then used ordinary
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kriging to estimate levels for each residential address within the HCHS/SOL census blocks via
spatial interpolation. Maps showing the disinvestment levels at each address within a
HCHS/SOL census block for the Bronx, Chicago, Miami, and San Diego, are shown in figures
11-14. Geocoded addresses with the disinvestment measure were then matched with
participants’ geocoded addresses in a secure research workspace. Our neighborhood
disinvestment measure is unitless with higher values indicating more disinvestment. For this
analysis, we have transformed the measure to its z-score, indicating a unit increase as a change
1 standard deviation. More information on how the neighborhood disinvestment measure was

developed is presented in the supplementary material.

in
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Figure 11. Neighborhood physical disinvestment levels at each building in a census block where

HCHS/SOL reside in the Bronx.
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Figure 12. Neighborhood physical disinvestment levels at each building in a census block where

HCHS/SOL reside in Chicago.
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Figure 13. Neighborhood physical disinvestment levels at each building in a census block where

HCHS/SOL reside in Miami.
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Inclusion Criteria

Of the 16,415 HCHC/SOL study participants, 11,619 had ascertainment of diabetes at
visit 2. Of the 11,619 participants, we had a neighborhood disinvestment measure for 11,503 at
their baseline residential address. For our primary analysis, participants needed to be free of
diabetes at baseline based on the primary diabetes definition (N=9120). For analysis with

secondary diabetes definition, 8989 were free of diabetes at baseline.

Statistical Analysis

To compare the two definitions of diabetes, we computed demographic statistics on both
samples and calculated an age-centered adjusted incidence rate. Range, median, mean, and
standard deviation of neighborhood disinvestment were also calculated for each sample overall
and stratified by study center. We ran Pearson’s correlations on disinvestment at baseline and a
neighborhood SES index,'?” population within a 1 km buffer, percent Hispanic at the census tract
level. We ran Spearman’s rank correlation on disinvestment and ordinal data on individual level
education, income, and years living in the US. The neighborhood SES index is a compositional
measure of NSES at the census tract level that represents education, employment, housing,
income/wealth, occupation, and residential stability.'?” Higher index scores indicate higher
NSES disadvantage.!?’

For our primary analysis, we investigated the association between neighborhood
disinvestment at baseline residential addresses and incident diabetes at visit 2 using the primary
diabetes definition (does not include self-reported diagnosis). We ran Poisson regression models
using a log link and years between baseline and visit 2 as the offset for follow-up time to

generate an incidence rate ratio (IRR) comparing groups with a one-standard deviation difference
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in neighborhood disinvestment. All regression models used complete case analyses and sampling
weights to account for the HCHS/SOL complex sampling design, those living in the same
household, and participant non-response at visit 2 by using the survey package in R.''® The
sampling weights were also calibrated to the age, sex, and Hispanic/Latino heritage from the
2010 US Census.

Minimally adjusted models only adjusted for age and sex. Our fully adjusted model
adjusted for age, sex, years living in the US (Born in the 50 US states, foreign born in the US for
more than 10 year, or foreign born in the US for less than 10 years), a 5-level income variable
(less than $10,000 as the reference), a 4-level educational attainment variable (no high school
diploma or GED (reference), at most a high school diploma or GED, high school (or GED)
education, and University/college education), family history of diabetes, a neighborhood SES
index,'?” and a 17-level variable combining study center and Hispanic/Latino heritage group (i.e.,
Cuban, Dominican, Puerto Rican, Mexican, Central or South American, or other/more than one
heritage; Dominicans from the Bronx as reference group). Study center-specific models were
created using the same sets of covariates except replacing the 17-level combination variable with
the 8-level Hispanic/Latino heritage variable (Cuban, Dominican, Puerto Rican, Mexican,
Central or South American, more than one heritage, or other).

We repeated the regression models to investigate the association between neighborhood
disinvestment and three different progressions of diabetes: 1) progression from pre-diabetes to
diabetes, where the sample only included those with pre-diabetes at baseline, 2) Progression of
those free of diabetes and pre-diabetes to diabetes and 3) progression of those free of diabetes

and pre-diabetes at baseline to pre-diabetes at visit 2. Results from all models were
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exponentiated to report the IRR for each standard deviation increment in neighborhood

disinvestment.

Sensitivity Analyses

We repeated the Poisson regression models using the secondary definition of diabetes
which included self-reported diagnosis. As 46.4% of participants moved residences during the
follow-up period, we also conducted a sensitivity analysis restricted to those who did not move

(N=6164).

Missing Data

For the analytic sample, the only variable with greater than 5% missingness was income
with 7.6% of participants missing data. Due to concerns about missing data and the
computational intensity of multiple imputation by chained equations (MICE), we conducted
MICE analysis as a sensitivity analysis on two model iterations. The MICE analysis consisted of
10 imputations and 50 iterations on the fully adjusted model for both the primary and secondary
definitions of diabetes. Results from the MICE were very similar and did not change the overall
interpretation of results. Since completing MICE analysis on all our models would be
computationally intense and the MICE tested on our two iterations yielded very similar results,
we used complete case analysis for our reported analyses.

All analyses were conducted in R Studio, with R version 4.1.3 (R Foundation for
Statistical Computing, Vienna, Austria). The ‘Itm’ package (version 1.2) was used for the IRT
models. The ‘mice’ package (version 3.15.0) was used for the MICE analysis,!?® and the ‘survey’
package (version 4.2-1) was used for incorporating the survey design and weights into the

regression models.'?’
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Results

The analytic sample comprised 9,120 participants who were free of diabetes using our
primary definition of diabetes (excluded self-reported diagnosis) at baseline. There were 1038
incident cases at visit 2 with an age-centered adjusted incidence rate of 15.9 per 1000 person-
years. For our secondary definition of diabetes (including self-reported diagnosis), 8989
participants were free of diabetes at baseline and there were 1476 incident cases by visit 2 with
an age-centered adjusted incidence rate of 23.5 per 1000 person-years. Weighted summary

characteristics of participants by diabetes status at visit 2 are presented in Table 7.

Table 7. Weighted summary characteristics of participants by diabetes status at Visit 2 using

primary definition of diabetes.

Sample Weighted % or Mean (SD)

Variables Diabetes at Visit 2 (N= Free of Diabetes at Visit 2
1038) (N =8082)
Female 47.0 50.9
Age, years 46.7 (12.8) 38.2 (14.1)
Hispanic/Latino Heritage
Central American 4.9 7.5
Cuban 19.7 18.5
Dominican 9.4 9.6
Mexican 39.0 39.5
Puerto Rican 18.9 14.7
South American 33 5.5
More than one heritage 4.8 3.6
Other 0.2 1.0
Years in the US
Less than 10 years 23.8 28.5
10 years or more 56.8 46.5
US Born 194 24.9
Family History of Diabetes 50.1 36.4
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Education

No High School Diploma or 36.2 27.9
GED
At most a High school 28.2 28.8
diploma or GED
High school (or GED) 12.0 13.1
education
University/college education 24.7 30.2
Income
Less than $10,000 15.3 13.8
$10,001-$20,000 314 31.6
$20,001-$40,000 343 33.9
$40,001-$75,000 13.1 15.1
More than $75,000 6.0 5.7
Neighborhood SES Index 1.1 (0.8) 1.1 (0.8)
Years between baseline and 6.0 (0.8) 6.1 (0.9)
Visit 2
Study Center
Bronx 30.1 28.1
Chicago 16.9 15.8
Miami 27.8 29.7
San Diego 253 26.4
Neighborhood
Disinvestment
Overall -1.1 (0.5) -1.1 (0.5)
Bronx -0.6 (0.3) -0.56 (0.3)
Chicago -1.3(0.4) -1.2(0.3)
Miami -1.2(0.4) -1.2(0.4)
San Diego -1.5(0.4) -1.5(0.4)

Baseline disinvestment distribution was slightly right-skewed and ranged from -2.07 to
0.81 with a median of -1.21 and a mean and standard deviation of -1.13 and 0.47, respectively.

Baseline disinvestment z-score ranged from -2.00 to 4.12. Baseline disinvestment was

moderately correlated with neighborhood SES (r = 0.56) and population within a 1 km buffer (r

= (. 64). Baseline disinvestment was not correlated with individual level education (p=-0.07),
income (p = -0.18), years in the US (p = 0.04), or percentage of Hispanic/Latino population at

the census tract level (r =-0.17).
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For our primary analysis, utilizing the primary definition of diabetes, each one-standard
deviation increase in neighborhood disinvestment was associated with a 13% decreased risk of
incident diabetes (IRR= 0.87, 95% CI: 0.77 — 0.99) in the fully adjusted model (Table 8). IRR
for all but two other model iterations, including stratification by study center, were not
significant (Table S2 and S3). Among those free of pre-diabetes and diabetes at baseline, each
one-standard deviation increase in neighborhood disinvestment was associated with a 34%
decreased risk of incident diabetes (IRR= 0.66, 95% CI: 0.44 — 0.99) in the fully adjusted model
(Table S2). Among those at the Miami study center free of diabetes at baseline, each one-
standard deviation increase in neighborhood disinvestment was associated with a 20% decreased
risk of incident diabetes (IRR= 0.80, 95% CI: 0.64 — 0.99) in the fully adjusted model (Table

S3).

Table 8. Minimally and fully adjusted incidence rate ratios of diabetes (primary and secondary

definitions) at visit 2 based on neighborhood disinvestment z-score at baseline.

Minimally Adjusted? Fully Adjusted®
Cases at IRR (95% Cases at IRR (95%
QOutcome N Visit 2 CD) N Visit 2 CI)
Primary diabetes 9120 1038 0.97 (0.89 — 8346 956 0.87 (0.77 —
(Lab results and/or 1.06) 0.99)*
self-reported
medication)
Secondary diabetes 8989 1476 0.95 (0.88- 8230 1362 0.95 (0.86 —
(Primary + self- 1.02) 1.06)
reported diagnosis)
Primary diabetes 4727 584 1.05(0.94 — 4373 544 1.05 (0.90 —
(Subset of non- 1.17) 1.23)
movers)
Abbreviations: IRR, incident rate ratio
*P <0.05

2 Adjusted for age and sex
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b Adjusted for age, sex, years living in the US, income, educational attainment, family history of
diabetes, neighborhood SES, and study center/ ethnic heritage

Results from our primary analysis were similar for our sensitivity analysis utilizing the
secondary definition of diabetes (Table 8). The sensitivity analysis on a subset of participants
who did not move during follow-up yielded similar non-significant results, with IRRs around 1,
suggesting no association. For the fully adjusted model, utilizing the primary definition of
diabetes, results were in the expected direction but not statistically significant (IRR = 1.05, 95%
CI: 0.94 — 1.17) (Table 8). For the study center specific models among those who did not move,
the fully adjusted model for Chicago was statistically significant with an IRR of 0.72 (95% CI:
0.56 — 0.96) (Table S4). All other study centers had a negative association between
disinvestment and incidence diabetes except for the fully adjusted model for the Bronx (IRR:

1.05, 95% CI: 0.78 — 1.42) (Table S4).

Discussion

Using an image-based assessment of built environment conditions for a large urban
Hispanic/Latino population, we found evidence of an association between neighborhood
disinvestment and lower diabetes incidence in our primary analysis. These results were contrary
to our hypothesized association and not robust to our additional analysis on diabetes progression
nor our sensitivity analyses.

Ours is the first study relating an independently observed measure of visual indications of
neighborhood physical disinvestment to incident diabetes. Our results are consistent with
generally mixed findings of prior studies assessing the association between related aspects of the
neighborhood and diabetes or HbA 1c levels. For example, a previous study in Jamaica did not

find an association between neighborhood disorder, assessed by an in-person audit, and diabetes
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prevalence (OR: 0.99, 95% CI: 0.95, 1.03).5® Another study in Jackson, Mississippi found a
positive association between a survey-based measure of neighborhood problems (noise, heavy
traffic, speeding cars, lack of access to adequate food or shopping, litter) and incident diabetes
(HR: 1.24, 95% CI: 1.00, 1.54) among African Americans.” An analysis conducted at the San
Diego site in the HCHS/SOL did not find an association between neighborhood indicators of
social disorder, measured by per capita liquor stores, crime rates, vacant households, and vacant
land, and change in HbA Ic levels between baseline and visit 2.7°

However, studies exploring neighborhood deprivation and disadvantage have more
consistently found indications that disadvantage is associated with diabetes. The previously
mentioned analysis at the San Diego site of the HCHS/SOL identified an association between
higher neighborhood socioeconomic deprivation, a composite of educational attainment, income
level, unemployment, crowded households, female-headed households with children, public
health insurance, and households receiving public assistance, and worsening diabetes status at
visit 2 (OR = 1.27, 95% CI = 1.10, 1.46).7° More broadly, a harmonized analysis of three
independent studies found increasing neighborhood disadvantage, measured by census tract data
on income, education, unemployment, poverty, households on public assistance, households with
no cars was generally associated with increased risk of T2D.!'43

There are several potential explanations for the overall lack of association between
neighborhood disinvestment and incident diabetes in our analysis. For one, our neighborhood
disinvestment measure had low variability overall (IQR = 0.65) and within each study center
(each IQR < 0.60), which may have limited our ability to detect an association in an
epidemiologic study. Future studies utilizing this method would benefit from greater variability

in neighborhood conditions.
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As we hypothesized neighborhood disinvestment would affect T2D risk via increasing
stress and reducing residents’ ability and desirability to engage in physical activity,?!-2372-74
another potential explanation for our overall lack of association may be due to unmeasured
confounding related to stressors and barriers to physical activity. Physical activity is a well-
known protective factor for the development of T2D and antecedents of T2D including obesity.
Individuals living in more disinvested neighborhoods may engage in less physical activity
because they feel less safe and may find physical activity to be hazardous.” ™ Individuals living
in more disinvested neighborhoods may also have less access to resources that support physical
activity. In the Multi-Ethnic Study of Atherosclerosis (MESA), long-term exposure to residential
environments with greater resources to support physical activity was found to be associated with
incident T2D.'* Given this postulated mechanism, we did not adjust for physical activity as we
believe physical activity mediates the disinvestment-T2D relationship. The relationship between
disinvestment, physical activity, and T2D should be further investigated in future studies. Future
studies should account for where physical activity occurs and how one’s neighborhood
environment may influence physical activity choices.

Disinvestment could also be related to other neighborhood factors such as the availability
of healthy foods or support for active transportation; factors which we did not capture with
Google Street View images. Given the positive correlation between population density and
neighborhood disinvestment, dense neighborhoods may have more walkable destinations, and
therefore residents may be more likely to use physically active forms of transportation.'*> Future
studies should consider how the food environment, access to recreational spaces, and

neighborhood walkability interact with neighborhood disinvestment to influence T2D risk.
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Another potential explanation for our results may be related to the mixed effects of living
in ethnic enclaves on health. Our measure could potentially reflect the beneficial effects of living
in ethnically dense communities. Hispanic/Latino immigrants often settle in neighborhoods that
have been established by other Hispanic/Latino residents due to their lower housing costs, high
number of native Spanish speakers, and perceived safety from law enforcement arising from
‘blending in’ more.”®'%? Immigrants may find living in these enclaves to be protective and less
stressful.!*® Living in neighborhoods with high immigrant populations may protect against
obesity based on previous cross-sectional analyses, however, may be confounded by residential
self-selection.'#” Li et al.,'*” found neighborhood co-ethnic density of Hispanic/Latinos to have
an adverse effect on blood pressure and cholesterol level. Conversely, the researchers found the
relationship between neighborhood immigrant concentration and cardiovascular health to be
protective but strongly subjected to residential self-selection.'#” An analysis on residential
segregation and incidence of metabolic syndrome in the HCHS/SOL cohort yielded mixed
results on health effects of those living in areas with a high concentration of Hispanic/Latino
residents.!*® Health effects of ethnic enclaves, which tend to have more residential disadvantages

than neighborhoods with high non-Hispanic white populations, '??

may be dependent on nativity
and how long one has been in the US. While we did adjust for years in the US, interrogating this
relationship in HCHS/SOL is challenging due to the clustering of participants with similar
backgrounds in small neighborhoods. Future studies need to investigate the structural
relationship between neighborhood disinvestment, ethnic enclaves, and T2D in more detail.

Our study has notable strengths, including being the first study to investigate the

relationship between visual indications of neighborhood disinvestment and incident type 2

diabetes. The HCHS/SOL allowed us to investigate this relationship in a large, diverse

100



population-based cohort of Hispanics/Latinos, an underrepresented group in research, in four
major US cities. The comprehensiveness of the HCHS/SOL dataset allowed us to adjust for
important individual-level confounders. Conducting a validated virtual audit system using
Google Street View allowed us to generate a disinvestment measure in a quick and cost-effective
manner compared to an in-person street audit.?

Our analysis was not without limitations. First, the baseline occurred between 2008 and
2011; however, the images used to derive the disinvestment variable were taken between July
2007 and April 2023 with most images from 2022, creating a temporal incompatibility.
However, based on previous analysis there was little variation between the oldest and most
recent images (citation redacted for blinding). Using images from this audit that do not
temporally match our time of interest (baseline) is unlikely to bias our results. Second, the
average length of follow-up was 6 years, which may be too short to see any effects as T2D can
take several years to develop. Additionally, the mean age of participants free of diabetes at Visit
2, 38.2 years old, is younger than the mean age of diabetes diagnosis of Mexican-Americans,
44.9, from 2011-2018.14° We are unable to expand analysis to include years before the baseline
visit as we do not have residential data prior to their visit. Third, we are unable to distinguish
between type 1 and type 2 diabetes in our ascertainment. However, given the age of the
HCHS/SOL cohort, the greater majority of diabetes cases are likely type 2. Lastly, our
neighborhood disinvestment measure was only focused on their residential neighborhood, an
environment where participants do not spend all of their time. The neighborhood environment
outside their residential area, such as their place of work and larger community environment, was

unaccounted for and may affect T2D risk as well.
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In conclusion, our results did not support our hypothesis of an association between visual
indications of neighborhood disinvestment and incident diabetes in the HCHS/SOL cohort.
Future studies should continue to evaluate the role of food environment, greenspace, and

physical activity in considering neighborhood scale infrastructure impacts on diabetes risk.

Supplementary Material

Appendix on Disinvestment Measure
Overview

We developed our measure of visual indications of neighborhood disinvestment following the

142

procedure developed by Raudenbush & Sampson,'*~ adapted for Google Street View audits by

Mooney et al.,}! and further refined by Plascak et al.'** Roughly, this process has 5 steps:

1) Conduct ‘drop-and-spin’ virtual audits assessing visual indicators of neighborhood
disinvestment including graffiti, unrepaired buildings, etc., drawing from the Project for
Human Development in Chicago Neighborhoods and Irvine-Minnesota systematic social
observation inventories on a spatially dense sample of Google Street View images.

2) Assess inter-rater reliability of individual items, potentially dropping observations from
auditors whose responses appear unreliable and/or audit items for which even modest
reliability (Kappa > 0.2) could not be established

3) Fit an Item Response Theory model to remaining items, assessing model fit statistics,
item discrimination, and range of assessed severity to select a final model. For each
audited location, assign the modal posterior latent score as the visual indicators of

disinvestment score for that location.
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4) Then use the disinvestment scores in audited locations in an ordinary kriging model via
spatial interpolation to estimate the visual indicators of disinvestment present at the
centroid of each land parcel in each HCHS/SOL city.

5) Inthe HCHS/SOL secure research workspace, spatially link the disinvestment score to

the land parcel containing the study participant’s home address.

Step 1. Audit protocol and candidate indicators
The following items were used in virtual audits. Each item was assessed on the oldest and most

recent image.

Question posed to auditors Responses Responses not
indicating indicating
disinvestment disinvestment

Is there vacant or undeveloped land? Yes No

Do you see any windows with bars on them? Yes No; Not applicable

Is there garbage, litter, or broken glass in the Yes No

street or on the sidewalks?

Are there empty beer or liquor bottles visible in Yes No

streets, yards, or alleys?

Are there abandoned cars? Yes No

Is there graffiti, or evidence of graffiti that has Yes No

been painted over, on buildings, signs, or walls?

How many buildings, driveways, or other private  One; Two or more None; Not applicable
infrastructure need non-trivial repairs?

Do you see burned out buildings? Yes No

Do you see boarded up or abandoned buildings? Yes No

Step 2. Inter-rater reliability

Four hundred and twenty-seven locations were randomly selected for an inter-rater reliability
subsample. Answers where a rater indicated they could not tell or skipped over a question were
treated as missing. No auditors’ observations were dropped due to observable patterns of

systematic errors
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Audit Item Kappa
Buildings Needing Repairs  0.22

Boarded Up Buildings 0.24
Vacant Lot 0.27
Empty Bottles 0.31
Litter 0.43
Burned Out Buildings 0.44
Abandoned Cars 0.55
Graffiti 0.64
Window Bars 0.71

Step 3. Item Response Theory scale development

After exploring item frequency across the 4 HCHS/SOL cities and visual observation of item
characteristic curves, we selected a five-item scale comprising litter, graffiti, bars on windows,
abandoned buildings and presence of buildings needing repairs. Item characteristic curves and

estimated disinvestment scores by city are shown below

Item Characteristic Curves
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Step 4. Spatial interpolation
Visual inspection of within-city variograms confirmed a pattern of spatial autocorrelation
consistent with the use of ordinary kriging to spatially interpolate to the parcel level. For

example, the upward curve of the variogram for the Bronx
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Confirms that nearby observations predict disinvestment better than more remote observations.

The corresponding map of physical disinvestment in the Bronx
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Shows higher level of disinvestment near the West Farms/Crotona Park area of the central Bronx
and lower levels in Co-op City in the northeast Bronx, consistent with face value expectations for

spatial variability in disinvestment in the Bronx.
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Step 5. Link to HCHS/SOL participants

Using parcel-level spatial linkage, we were able to link 16,177 (98.6%) participant baseline

addresses to disinvestment measures. We were unable to match with 100% of participants as

there were 175 participants without geocoded baseline addresses and there were 63 participants

with baseline addresses more than 250 m from any land parcel with a disinvestment measure.

Supplementary Tables

Table S1. List of questions auditors answered for each location and the answer options.

that has been painted over, on buildings,
signs, or walls?*

Question Answer Options

1) Is this view appropriate for auditing Yes/No/Cannot Tell
2) Is there vacant or undeveloped land?* Yes/No/Cannot Tell
3) Do you see any windows with bars on Yes/No/Cannot Tell
them?*

4) Is there garbage, litter, or broken glass in | Yes/No/Cannot Tell
the street or on the sidewalks? *

5) Are there empty beer or liquor bottles Yes/No/Cannot Tell
visible in streets, yards, or alleys?*

6) Are there abandoned cars?* Yes/No/Cannot Tell
7) Is there graffiti, or evidence of graffiti Yes/No/Cannot Tell

8) How many buildings, driveways, or other

None/One/Two or more/Not applicable/ Cannot

private infrastructure need non-trivial Tell

repairs?*

9) Do you see burned out buildings?* Yes/No/Cannot Tell
10) Do you see boarded up or abandoned Yes/No/Cannot Tell
buildings?*

11) Is there a sidewalk? Yes/No/Cannot Tell
12) Is the sidewalk continuous? Yes/No/Cannot Tell
13) Are there major bumps, cracks, holes, or | Yes/No/Cannot Tell
weeds in the sidewalk?

14) Is the sidewalk unobstructed? Yes/No/Cannot Tell
15) Should there be a sidewalk here? Yes/No/Cannot Tell
16) Do you see any murals? Yes/No/Cannot Tell
17) Do you see any speed bumps? Yes/No/Cannot Tell

18) Can you see a bus stop and if so, what
kind?

Bus stop with shelter/Bus stop with bench/ Bus
top with signage only/ Multiple Types/ No bus

stop/ Cannot Tell

19) Are there street lights present?

Yes/No/Cannot Tell
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20) Do you see any bike facilities (lanes, Yes/No/Cannot Tell
bike racks, bike route signs, etc.)?

21) Do you see any businesses with Spanish | Yes/No/Cannot Tell
language signs?

22) Do you see any businesses with English | Yes/No/Cannot Tell
language signs?

23) Do you see any businesses with signs in | Yes/No/Cannot Tell

a language other than Spanish or English?

24) Would you enjoy walking here?

Would greatly enjoy/ Would somewhat enjoy/
Would not enjoy/ Would prefer never to walk
here/ I never enjoy walking/ Cannot Tell

25) Now consider the oldest image at this
location: Is this image appropriate for
auditing?

Yes/No/Cannot Tell

26) Consider the oldest image at this
location: What month was this image
recorded?

Jan/Feb/Mar/Apr/May/Jun/
Jul/Aug/Sep/Oct/Nov or Dec

27) Consider the oldest image at this
location: What year was this image
recorded?

2009 or earlier/2010/2011/2012/
2013/2014/2015/2016/2017/
2018/2019 or later

28) Consider the oldest image at this
location: Is there vacant or undeveloped
land?

Yes/No/Cannot Tell

29) Consider the oldest image at this
location: Do you see any windows with bars
on them?

Yes/No/Cannot Tell

30) Consider the oldest image at this
location: Is there garbage, litter, or broken
glass in the street or on the sidewalks?

Yes/No/Cannot Tell

31) Consider the oldest image at this
location: Are there empty beer or liquor
bottles visible in streets, yards, or alleys?

Yes/No/Cannot Tell

32) Consider the oldest image at this
location: Is there graffiti, or evidence of
graffiti that has been painted over, on
buildings, signs, or walls?

Yes/No/Cannot Tell

33) Consider the oldest image at this
location: Are there abandoned cars?

Yes/No/Cannot Tell

34) Consider the oldest image at this
location: How many buildings, driveways,
or other private infrastructure need non-
trivial repairs?

None/One/Two or more/Not applicable/ Cannot
Tell

35) Consider the oldest image at this
location: Do you see burned out buildings?

Yes/No/Cannot Tell

108




36) Consider the oldest image at this
location: Do you see boarded up or
abandoned buildings?

Yes/No/Cannot Tell

37) Consider the oldest image at this Yes/No/Cannot Tell
location: Is there a sidewalk?

38) Consider the oldest image at this Yes/No/Cannot Tell
location: Is the sidewalk continuous?

39) Consider the oldest image at this Yes/No/Cannot Tell
location: Are there major bumps, cracks,

holes, or weeds in the sidewalk?

40) Consider the oldest image at this Yes/No/Cannot Tell
location: Is the sidewalk unobstructed?

41) Consider the oldest image at this Yes/No/Cannot Tell
location: Should there be a sidewalk here?

42) Consider the oldest image at this Yes/No/Cannot Tell
location: Do you see any murals?

43) Consider the oldest image at this Yes/No/Cannot Tell

location: Do you see any speed bumps?

44) Consider the oldest image at this
location: Can you see a bus stop and if so,

Bus stop with shelter/Bus stop with bench/ Bus
top with signage only/ Multiple Types/ No bus

what kind? stop/ Cannot Tell
45) Consider the oldest image at this Yes/No/Cannot Tell
location: Are there street lights present?

46) Consider the oldest image at this Yes/No/Cannot Tell
location: Do you see any bike facilities

(lanes, bike racks, bike route signs, etc.)?

47) Consider the oldest image at this Yes/No/Cannot Tell
location: Do you see any businesses with

Spanish language signs?

48) Consider the oldest image at this Yes/No/Cannot Tell
location: Do you see any businesses with

English language signs?

49) Consider the oldest image at this Yes/No/Cannot Tell

location: Do you see any businesses with
signs in a language other than Spanish or
English?

50) Consider the oldest image at this
location: Would you enjoy walking here?

Would greatly enjoy/ Would somewhat enjoy/
Would not enjoy/ Would prefer never to walk
here/ I never enjoy walking/ Cannot Tell

51) Now consider both the oldest and
newest images: are there signs of public
investment such as improved sidewalks or
repainted street markings between the oldest
and newest?

Yes, a lot/ Yes, a little/ No/ Cannot Tell

52) Now consider both the oldest and
newest images: are there signs of private

Yes, alot/ Yes, a little/ No/ Cannot Tell
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newest?

investment such as improved building
maintenance between the oldest and

about this location?

53) Is there anything else you'd like to say

(Open text box)

*Items used in Item Response Theory model/development of disinvestment score.

Table S2. Minimally and fully adjusted incidence rate ratios for different progression of diabetes

(primary definition) from baseline to visit 2 based on neighborhood disinvestment z- score at

baseline.
Minimally Adjusted? Fully Adjusted”®
Casesat IRR (95% Cases at IRR (95%
Progression N Visit 2 CI) N Visit 2 CI)

Pre-diabetes to 4565 926 0.95 (0.87 — 4192 854 0.91 (0.80 —
diabetes 1.04) 1.04)
Free of pre-diabetes 4555 112 1.02 (0.79 — 4154 102 0.66 (0.44 —
and diabetes to 1.33) 0.99)*
diabetes
Free of pre-diabetes 4555 1888 0.99 (0.94 — 4154 1744 0.95 (0.88 —
and diabetes to 1.05) 1.03)

either pre-diabetes
or diabetes

Abbreviations: IRR, incident rate ratio

*P<0.05

2 Adjusted for age and sex
b Adjusted for age, sex, years living in the US, income, educational attainment, family history of

diabetes, neighborhood SES, and study center/ ethnic heritage
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Table S3. Minimally and fully adjusted incidence rate ratios of diabetes (primary definition) at

visit 2 for each city based on neighborhood disinvestment z-score at baseline.

Minimally Adjusted? Fully Adjusted®
Casesat IRR (95% Cases at IRR (95%
City N Visit 2 CI) N Visit 2 CI)

The Bronx 1989 239 0.87 (0.70 — 1805 216 0.93 (0.70 —

1.10) 1.23)
Chicago 2414 295 0.89 (0.73 — 2261 284 0.90 (0.74 —

1.08) 1.09)
Miami 2312 225 0.87 (0.70 — 1992 190 0.80 (0.64 —

1.08) 0.99)*
San Diego 2405 279 0.91 (0.72 — 2288 266 0.86 (0.66 —

1.16) 1.13)

Abbreviations: IRR, incident rate ratio
*P <0.05
2 Adjusted for age and sex

b Adjusted for age, sex, years living in the US, income, educational attainment, family history of

diabetes, neighborhood SES, and ethnic heritage
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Table S4. Minimally and fully adjusted incidence rate ratios of diabetes (primary definition) at
visit 2 for each city on a subset of participants that did not move during follow-up based on

neighborhood disinvestment z-score at baseline.

Minimally Adjusted? Fully Adjusted”
Cases at IRR (95% Cases at IRR (95%
City N Visit 2 CI) N Visit 2 CDh

The Bronx 1293 174 0.91 (0.72 — 1190 160 1.05 (0.78 —

1.14) 1.42)
Chicago 1176 170 0.72 (0.52 — 1099 165 0.73 (0.56 —

1.00)* 0.96)*
Miami 948 86 0.86 (0.55 — 833 73 0.83 (0.52 —

1.35) 1.31)
San Diego 1310 154 0.99 (0.78 — 1251 146 0.94 (0.70 —

1.26) 1.26)

Abbreviations: IRR, incident rate ratio

*P<0.05

2 Adjusted for age and sex

b Adjusted for age, sex, years living in the US, income, educational attainment, family history of

diabetes, neighborhood SES, and ethnic heritage
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Chapter 5: Conclusion

This dissertation focused on how environmental exposures, specifically PM2.s, NO2, and
neighborhood disinvestment affect type 2 diabetes risk in self-identified Hispanic/Latinos adults
in the Bronx, Chicago, Miami, and San Diego. The first aim focused on how average exposure to
PM:s and NO: at study participants’ residential addresses over the follow-up period affects risk
of diabetes. Average exposure of PM2.s and NO2 was estimated using fine-scale spatiotemporal
air pollution models. These models provided point estimates on a two-week time scale over the
full follow-up period. Study participants’ exposure to PM2.s and NO2 was calculated as the
average exposure at their residential addresses over their follow-up period. There was evidence
of a positive association between PM2.s, NO2, and incident diabetes when adjusting for age and
sex when using either definitions of diabetes. However, there was no evidence of an association
when adjusting for relevant covariates. There was a significant positive association between
PM:5, NOz2, and incident diabetes in the Bronx study center in our full adjusted model. However,
none of the other study centers exhibited a statistically significant association between PM2.s,
NOz, and incident diabetes. There was also no evidence of effect modification by physical

activity or waist circumference.

The second aim of this dissertation focused on the association between neighborhood
disinvestment and incident diabetes. A virtual street audit was conducted using Google Street
View imagery. Results from the virtual audit were used to fit an item response theory model to
form a scale measuring latent levels of disinvestment. To estimate disinvestment levels at each
residential address within the HCHS/SOL census tracts, ordinary kriging was used via spatial

interpolation. A one-standard deviation increase in neighborhood disinvestment score was
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associated with a 13% (95% CI: 1%-23%) lower risk of incident diabetes in the fully adjusted
model. Results from this analysis were contrary to our hypothesis that neighborhood physical
disinvestment is associated with incident diabetes, and were not robust to our additional analysis
on disease progression nor our sensitivity analyses. This dissertation had notable strengths. For
one, exposure to ambient PM2.s and NO: at residential addresses over the follow-up period was
estimated using fine-scale spatiotemporal air pollution models. Second, a virtual Google Street
View audit, an IRT model, and spatial interpolation were used to estimate neighborhood
disinvestment at study participant’s baseline residential address. The virtual street audit provided
a quick and cost-effective way to generate a disinvestment measure compared to an in-person
street audit.® The HCHS/SOL allowed for the investigation of the associations of these
environmental exposures and incident diabetes in a large, multi-center cohort of self-identifying

Hispanic/Latinos in four major US cities.

This dissertation had a few limitations of note. First, the spatial within-center residential
clustering of study participants limited the within-center exposure variability. The HCHS/SOL
used a probability sampling strategy which targeted census tracts close to the study center clinics
and tracts with a high percentage of Hispanics based on the 2000 US census. !¢ Therefore,
participants within each study center were spatially clustered. Second, the average follow-up
period for this analytic sample was 6 years, which may not have been long enough to see effects
as T2D can take several years to develop. Third, we are unable to distinguish between type 1 and
type 2 diabetes in our ascertainment. However, given the age of the HCHS/SOL cohort, the
greater majority of diabetes cases are likely type 2. Lastly, our environmental exposures were

measured at participant’s residential addresses. Exposures experienced outside their residential
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area, such as their place of work and larger community environment, were unaccounted for and

may affect T2D risk as well.

There are a few directions future related work should take. For one, studies should increase
within study center sample size and recruit study participants from more spatially varying census
tracts to limit spatial residential clustering. Second, future studies should continue to investigate
the potential modifying effects of physical activity and adiposity. Third, future studies should
also incorporate information on air pollution levels where physical activity is occurring and how
this relationship modifies the association with type 2 diabetes risk. Fourth, future studies on the
HCHS/SOL can investigate the associations between NOx and O3 exposure and incident diabetes
when data becomes available. Analysis can also be expanded to include visit 3 data once fully
available. Lastly, future studies should continue to evaluate the impact of other neighborhood
environment factors such as food environment and green space on diabetes risk.

Type 2 diabetes is an increasing global concern and research should continue to investigate
the impacts of modifiable environmental risk factors such as air pollution and neighborhood
disinvestment. Research should also continue to investigate the impacts of environmental risk
factors on diabetes in Hispanic/Latino cohorts as they are an underrepresented group in research

and have a higher risk of diabetes compared to non-Hispanic whites in the United States. 10
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