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BACKGROUND: Adult-onset neurodegenerative diseases affect millions and negatively impact health care systems worldwide. Evidence suggests that
air pollution may contribute to aggravation of neurodegeneration, but studies have been limited.

OBJECTIVE: We examined the potential association between long-term exposure to particulate matter <2.5 um in aerodynamic diameter [fine particu-
late matter (PM; s)] and disease aggravation in Alzheimer’s (AD) and Parkinson’s (PD) diseases and amyotrophic lateral sclerosis (ALS), using first
hospitalization as a surrogate of clinical aggravation.

METHODS: We used data from the New York Department of Health Statewide Planning and Research Cooperative System (SPARCS 2000-2014) to
construct annual county counts of first hospitalizations with a diagnosis of AD, PD, or ALS (total, urbanicity-, sex-, and age-stratified). We used an-
nual PM, 5 concentrations estimated by a prediction model at a 1-km? resolution, which we aggregated to population-weighted county averages to
assign exposure to cases based on county of residence. We used outcome-specific mixed quasi-Poisson models with county-specific random intercepts
to estimate rate ratios (RRs) for a 1-y PM,s exposure. We allowed for nonlinear exposure—outcome relationships using penalized splines and
accounted for potential confounders.

REsuLTS: We found a positive nonlinear PM; s—PD association that plateaued above 11 pg/ m? (RR=1.09, 95% CI: 1.04, 1.14 for a PM, s increase
from 8.1 to 10.4 ug/m3). We also found a linear PM; 5—ALS positive association (RR=1.05, 95% CI: 1.01, 1.09 per l-pg/m3 PM, 5 increase), and
suggestive evidence of an association with AD. We found effect modification by age for PD and ALS with a stronger positive association in patients
<70 years of age but found insufficient evidence of effect modification by sex or urbanization level for any of the outcomes.

ConcLusIOoN: Our findings suggest that annual increase in county-level PM; 5 concentrations may contribute to clinical aggravation of PD and ALS.
Importantly, the average annual PM, s concentration in our study was 8.1 ig/m?, below the current American national standards, suggesting the

standards may not adequately protect the aging population. https://doi.org/10.1289/EHP7425

Introduction

Alzheimer’s (AD) and Parkinson’s (PD) diseases are the most
prevalent adult-onset neurodegenerative diseases worldwide,
with an overall estimated annual incidence rate of 1,000-1,200
and 26.2-85.9 cases per 100,000 people, respectively (Lopez and
Kuller 2019; Hirsch et al. 2016; Lix et al. 2010; Niu et al. 2017).
Amyotrophic lateral sclerosis (ALS) is an adult-onset rare motor
neuron degenerative disorder with an annual global incidence of
1-2.6 cases per 100,000 people (Talbott et al. 2016; Hirtz et al.
2007). AD, PD, and ALS are characterized by degeneration and
loss of neuronal function in specific regions of the central or pe-
ripheral nervous systems that manifests as motor or cognitive def-
icits or both (Elbaz et al. 2016; Tysnes and Storstein 2017;
Yegambaram et al. 2015; Al-Chalabi and Hardiman 2013).
Proteinopathies [e.g., amyloid plaques in AD, a-synuclein aggre-
gates in PD, or TAR DNA binding protein 43 (TDP-43) aggre-
gates in ALS], oxidative stress, and neuroinflammation are
pathophysiological processes commonly observed in patients
with these conditions (Jellinger 1991; Selkoe 1991; Ince et al.
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1998). Although clinical symptoms generally appear in late adult-
hood, neuronal degeneration and other cellular pathologies are known
to begin years before clinical symptoms appear (van Zundert et al.
2012; Braak et al. 2004), which highlights not only the importance of
earlier life events but also of long-term stressors. Furthermore, factors
that aggravate neurodegeneration remain largely unknown. Disease
aggravation is an important and relevant area of study because prog-
nosis in these diseases is highly variable—even among those patients
who share the same genetic variant(s) (Schrag et al. 2007; Wang et al.
2015; Paez-Colasante et al. 2015). Patients’ survival ranges from
years to decades. Identification, therefore, of modifiable factors of dis-
ease aggravation could inform policies and interventions aiming to
prolong the well-being of patients with neurodegenerative diseases.
Over the last decade various toxicological studies have linked
exposure to air pollution and specifically to particles <2.5 pm in
aerodynamic diameter [fine particulate matter (PM; s)], with neuro-
inflammation, oxidative stress, and tau, amyloid, and o-synuclein
proteinopathies (Calderon-Garciduefias et al. 2004, 2008, 2010,
2012, 2016; Block and Calder6n-Garciduefias 2009; Jang et al.
2018; Cheng et al. 2016; Costa et al. 2014). PM, 5 exposure has also
been consistently associated with systemic inflammation (Block
and Calderon-Garciduenas 2009; Genc et al. 2012; Calderén-
Garcidueifias et al. 2008), which has been highlighted as a plausible
biological mechanism by which PM, 5 can ultimately affect the
nervous system (Feng et al. 2016; Block et al. 2007; Block and
Calder6n-Garcidueiias 2009). Furthermore, some epidemiological
studies have identified long-term particle exposure as a risk factor
for PD (Liuetal. 2016; Fuetal. 2019; Shin etal. 2018), AD (Fuetal.
2019), and ALS (Seelen et al. 2017). However, only a limited num-
ber of studies have examined the role PM; 5 exposure may play in
disease aggravation in PD (Kioumourtzoglou et al. 2016; Lee et al.
2017; Shi etal. 2020) or AD (Kioumourtzoglou et al. 2016; Shi et al.
2020) and none in ALS. Moreover, all existing studies have focused
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on cohorts >65 years of age (Medicare enrollees), leaving out a sub-
population of older adults (55-64 years of age) that is also affected
by neurodegenerative diseases. Overall, little is known about the
factors that determine or influence disease severity in neurodegener-
ative diseases and whether long-term exposure to PM; s can ulti-
mately contribute to clinical disease aggravation.

In the present study, we have evaluated the potential contribu-
tion of annual PM; s exposure to AD, PD, and ALS clinical dis-
ease aggravation using patients’ first hospitalization as a
surrogate. We focused our study on a 1-y exposure window based
on existing evidence for a likely causal relationship between
long-term PM, 5 exposure and nervous system effects (U.S. EPA
2019). Specifically, we examined whether annual county-wide
PM, 5 concentrations in New York State (NYS) from 2000 to
2014 were associated with first hospitalization rates in each out-
come. The goal of the present study was to assess whether year-
long exposures to relatively medium-to-low concentrations of
PM, s, such as the ones observed throughout NYS, contribute to
clinical aggravation in these three neurodegenerative diseases.
We hypothesized that if PM,s exposure aggravates clinical
symptoms of disease, then years with higher PM, 5 concentra-
tions will result in higher rates of first hospitalizations. We also
examined sex and age as potential modifiers because aging is a
major risk factor for neurodegenerative diseases and sex differen-
ces are observed in disease prevalence (Lopez and Kuller 2019;
Hirsch et al. 2016; Lix et al. 2010; Niu et al. 2017). In addition,
our study extended beyond previous studies by using a popula-
tion that included both rural and urban residents, which allowed
us to also evaluate effect modification by urbanization level.

Methods

Study Population

We obtained patient data from the New York Department of
Health Statewide Planning and Research Cooperative System
(SPARCS), a comprehensive data reporting system that collects
information on hospital admissions and emergency department
(ED) visits within NYS. SPARCS data include information on
~98% of all hospitalizations in nonfederal acute care facilities,
regardless of insurance status. The data set also contains demo-
graphic data including age, sex, and patient residential address.
At the first hospitalization, a unique identification number is
assigned to the patient, which allows for patient tracking over
time. We used SPARCS data on first hospitalizations and ED vis-
its for AD, PD, and ALS from 2000 to 2014. Columbia
University institutional review board approval was obtained to
conduct the analysis. The same board waived the need for
informed consent because of the public nature of the data.

Outcome Definition

We extracted all first hospitalizations and ED visits using the
International Classification of Diseases Ninth Revision (ICD-9-
CM) codes 331.0, 332.0, and 335.20 for AD, PD, and ALS, respec-
tively. Each code used in this study is unique to each disease. We
used both primary and secondary discharge codes to identify
patients with each of these conditions and restricted our analyses to
patients’ first hospitalization. Primary diagnoses capture health
complications directly related to these outcomes (e.g., motor com-
plications or cognitive and psychiatric impairments), whereas sec-
ondary diagnoses may capture health complications indirectly
related or unrelated to these outcomes (e.g., falls, infections). By fo-
cusing on incidence of first hospitalization using both primary and
secondary diagnoses, we are evaluating whether PM, s exposure is
associated with cases developing—for the first time—clinical
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symptoms severe enough to require hospitalization. Our outcome
definition thus captures the clinical crossing point to a more severe
stage of the disease, a proxy for disease aggravation. This is sup-
ported by studies reporting higher rates of hospitalizations among
patients with neurodegenerative diseases relative to older adults
without neurodegenerative diseases (Alzheimer’s Association
2019; Lechtzin et al. 2001; Oguh and Videnovic 2012) and increases
in number of hospitalizations as the disease progresses, with 50% of
hospitalizations occurring in advanced stages of disease (Oguh and
Videnovic 2012; Albert et al. 1999; Lechtzin et al. 2001). Previous
studies have also used hospitalization data to evaluate disease aggra-
vation (Lee et al. 2019; van Wijngaarden et al. 2021; Shi et al. 2020;
Kioumourtzoglou et al. 2016) in neurodegenerative diseases. We
had access to SPACRS data starting in 1995; thus, we were able to
use data from between 1995 and 1999 to identify potentially preva-
lent cases and exclude any subjects with a primary or secondary di-
agnosis prior to 2000 from our analyses.

Air Pollution Data

Annual PM, 5 concentration estimates were predicted by a well-
validated air pollution prediction model at a 1 X 1 km resolution
(van Donkelaar et al. 2019). In summary, this model relates a com-
bined total-column aerosol optical depth from multiple sources,
primarily satellite retrievals, to near-surface PM; 5 concentrations
using the spatiotemporally varying geophysical relationship pre-
dicted by a chemical transport model. Last, ground-based monitors
are incorporated using a geographically weighted regression.
The model performs well, with cross-validated R?=0.76. We used
the annual PM; s concentrations predicted by this model to calcu-
late annual population-weighted county averages of PM, 5. First,
we averaged the predicted annual concentrations over all grids
within a county subdivision (minor civil county divisions, e.g.,
towns and townships). Then, we calculated population-weighted
county mean PM; 5 concentrations by weighting more heavily the
concentrations from subdivisions with larger populations within
each county. We assigned exposures based on patients’ county of
residence and year of first hospitalization.

Potential Confounders

For all analyses, we used aggregated counts of hospital data per
county and year for each outcome. In this design, the unit of analy-
sis is county-year; therefore, potential confounders can only be var-
iables that vary from year to year and across counties, and covary
both with the outcome (hospital admission counts) and the expo-
sure (PM, 5 concentrations). Individual-level variables, thus, can-
not act as confounders.

To account for potential spatial confounding, we included
county-specific socioeconomic status (SES) variables obtained
from the U.S. Census Bureau and the American Community
Survey for the years 2000 and 2004-2014. Data included median
household income, percentage of residents below poverty, per-
centage of residents without a high school degree, and racial/eth-
nic distribution (White, Asian, African American, and Hispanic).
In addition, to improve SES -characterization, we included
county-level smoking prevalence and percentage obesity data
obtained from the Behavioral Risk Factor Surveillance System.
For the above variables, we interpolated years without available
data (i.e., 2001-2003) using a generalized additive model with a
penalized spline for year to allow for nonlinear time trends. In
addition to SES variables, we included a variable for county
urbanization level to adjust for spatial confounding potentially
arising from differences across rural and urban counties. We used
the 2013 six-level urban-rural classification scheme for counties,
developed by the National Center for Health Statistics (NCHS)
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(Ingram and Franco 2014). We condensed the six-level scheme
into four levels by fusing together two urban levels and the two
most rural levels. In summary, the most urban category in our
analysis consists of “central metro” counties that contain the larg-
est principal city of a metropolitan area, and the second most
urban category, “fringe metro,” includes counties that do not
include principal metropolitan cities. Both of these two levels
have a population of >1 million. “Metro” counties are small- and
medium-sized metropolitan areas with a population of <999,999.
Last, the “rural” category consists of micropolitan or nonmetro-
politan counties (Ingram and Franco 2014). Figure S1 presents a
map of the urban—rural classification scheme for NYS counties.

To account for potential temporal confounding, we adjusted for
long-term trends using calendar year (2000-2014) and summer
and winter mean temperatures. We retrieved daily mean tempera-
tures at a 1/8-degree grid from the North America Land Data
Assimilation System (Mitchell et al. 2004). We calculated monthly
mean temperatures at the county level from daily temperatures
over all grids within a county, then averaged June—August and
December—February estimates to obtain the summer and winter
mean temperatures, respectively, for each year. We controlled for
the mean summer and winter temperatures when estimating the
association between PM; 5 and each of the outcomes.

Statistical Analysis

We ran separate models for each outcome of interest—AD, PD,
and ALS—to assess whether year-to-year fluctuations in county-
wide PM, 5 concentrations are associated with annual rates of first
hospitalization. We used a log-linear model, a modification of the
model described by Wang et al. (2016), to estimate the association
between long-term exposure to PM; 5 and the three outcomes of in-
terest. In summary, in this approach spatial and temporal con-
founding is controlled by the inclusion of county- and time-
specific variables (described previously in the section ‘“Potential
Confounders™). Furthermore, there can be no confounding by
person-specific factors that vary within years and counties because
all persons in a county during a given year are assigned the same
PM, 5 concentration. By including county-specific random inter-
cepts and information on factors that vary across counties, such as
SES and urbanicity, we control for confounding by factors varying
across counties. Moreover, by nonlinearly adjusting for time trends
(calendar year), we estimate whether year-to-year variation in
PM, s, around its long-term trend, is associated with year-to-year
variation in disease-specific first hospitalizations. The inclusion of
calendar year in our models adjusts for long-term time trends, thus
capturing changes in, for example, smoking prevalence and SES
that may also vary in time. After adjustment for both spatial and
temporal factors, we assume that any variation in PM; 5 levels is
random with respect to other risk factors for the three outcomes of
interest; under this assumption, our models should provide an
unbiased estimate of the long-term PM, 5 effects.

The estimand of interest in this analysis is the ratio of the rate of
disease-specific first hospitalizations across different levels of
county-level PM; 5 concentrations. We estimated rate ratios (RRs)
for the association between annual PM,; 5 exposure and first hospi-
talization counts using outcome-specific generalized additive
mixed models. Specifically, we used a quasi-Poisson regression,
which allowed for potential overdispersion in the outcomes.
We allowed for nonlinear exposure—outcome relationships and
included both fixed and random effects. We used county-specific
random intercepts to account for within-county clustering and to
allow shared information across counties. We also included the
natural log of the county population size as an offset term in the
models to account for differences in populations size across
counties.
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We followed a rigorous process to avoid any potential mis-
specification in the health outcome models. We first included all
terms (exposure and potential confounders) linearly in the mod-
els. Then, we used penalized splines for all continuous covariates
to allow for any potential nonlinear confounding. Once we identi-
fied the nonlinear confounders, we included a penalized spline
for PM, 5 to comprehensively characterize the exposure-response
relationship. If no deviations from linearity were detected, we
included linear terms in the final model. For all penalized splines,
we used generalized cross-validation to select the degrees of free-
dom (df) that optimally fit the data. When the association is lin-
ear, the estimated df is 1. Conversely, when the association is
nonlinear, the estimated df are >1.

All linear associations are presented as RRs per 1-pg/m?
increase in annual PM, s and 95% confidence intervals (CIs). In
the cases of nonlinear associations, we present the entire expo-
sure-response curve and the corresponding confidence bands.
For nonlinear relationships, we also present RRs for two seg-
ments of the nonlinear curve: a) a standard deviation (SD)
increase from the PM;s mean (8.1to10.4 ug/m3), and b) an
increase from a concentration 1 SD below the PM» 5 mean to the
PM, 5 mean (5.8t0 8.1 ug/m?).

Effect Modification

To assess potential effect modification by sex, age, and urbaniza-
tion level, we ran sex-, age-, and urbanicity-stratified analyses.
For age, we stratified the data into <70 and >70 years of age,
and for urbanization, into the four urbanization levels described
above (i.e., central metro, fringe metro, metro, and rural).
Following the workflow described for the main analysis, we
developed a health model for each subpopulation (two age mod-
els, two sex models, and four urbanization models) for each of
the outcomes. The stratified health models also included the same
covariates as in the main analysis, but with subpopulation-
specific offsets in the case of the sex- and age-stratified models.

If one of the exposure-response associations in the stratified
analyses was nonlinear, then we constructed stratum-specific RRs
for two different segments of the association curve for both the lin-
ear and nonlinear associations. We estimated ratios of the expected
rate at the mean of the PM, s exposure distribution (8.1 g/ m?) rela-
tive to the expected rates at + 1 SD from the mean, that is, 8.1 rela-
tive to 5.8 pg/m? and 8.1 relative to 10.4 pg/m?. Subsequently, we
assessed heterogeneity between strata separately for each curve
segment—note that for linear associations, the RR in the two dif-
ferent curve segments would be the same. If all exposure—
response associations within a given strata were linear, then we
assessed heterogeneity using the RRs per 1-pug/m? increase in
PM, 5 concentration. We evaluated evidence of effect modifica-
tion in the multiplicative scale using Cochran’s Q-test (Kaufman
and MacLehose 2013). The null hypothesis of the Cochran’s
QO-test is that stratum-specific estimates are equal to the pooled
estimate. Thus, for each stratified analysis (sex, age, and urban-
icity) we obtained a single p-value. For the stratified analyses in
which at least one association was nonlinear, we report two
p-values because we performed two independent Cochran’s
QO-test for the two different segments of the nonlinear curve
(as describe in this section).

Sensitivity Analyses

To evaluate the accuracy of medical diagnosis in each outcome
and to reduce the possibility of false positives influencing our
results, we ran a sensitivity analysis in which we included only
patients with at least two medical hospitalizations with a primary
or secondary discharge code for each of the outcomes. The
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Table 1. Mean, standard deviation, and interquartile range for each outcome, PM; s concentrations, and covariates.

Categories Mean SD 25th percentile Median 75th percentile
Outcome (n)
Alzheimer’s disease 283.9 469.1 45.0 82.0 260.0
Parkinson’s disease 131.1 222.0 21.0 37.0 121.0
Amyotrophic lateral sclerosis 6.0 9.5 1.0 2.0 6.0
Exposure
PM, 5 (ng/m?) 8.1 2.3 6.4 7.6 9.2
Covariates
Median income ( X $1,000) 49.1 12.6 41.3 45.7 52.4
Below poverty (%) 12.9 4.1 10.4 12.6 14.9
Without high school (%) 18.1 7.3 12.8 17.3 22.2
Smoking prevalence (%) 229 39 20.7 23.6 26.1
Obesity (%) 25.0 4.5 22.3 25.4 27.8
Hispanic (%) 6.5 8.6 1.9 29 6.2
White not Hispanic (%) 83.6 16.8 80.3 90.2 94.0
Black not Hispanic (%) 5.7 6.3 1.4 3.4 7.5
Asian not Hispanic (%) 2.2 34 0.5 0.9 22
Summer mean temperature (°C) 20.2 1.5 19.2 20.2 21.1
Winter mean temperature (°C) -3.1 2.5 —-49 -3.3 -1.5

Note: The summary statistics show annual per county averages based in data from New York State from 2000-2014. PM; 5, particulate matter <2.5 um in aerodynamic diameter; SD,

standard deviation.

disease diagnosis in the second hospitalization served to confirm
the diagnosis of the first hospitalization, but we still assigned ex-
posure based on the year of the first hospitalization.

We also conducted a second sensitivity analysis to address
disease aggravation misclassification (i.e., a hospitalization not
representing disease aggravation), which could result from
including first hospitalizations with a secondary diagnosis for the
outcome in cases when the primary cause of admission was unre-
lated with aggravation. In this analysis, we included only first
hospitalizations with a primary diagnosis for AD, PD, or ALS,
that is, we removed first hospitalizations in which the outcome
was not the primary reason of hospitalization.

Using the same calendar year as the first hospitalization
(lag 0) to assign exposure may lead to error in exposure assess-
ment for those individuals who had their first hospitalization ear-
lier in the year. In this scenario, PM,s concentrations in the
previous calendar year (lag 1) could better represent exposure.
Thus, we ran a third sensitivity analysis in which we averaged
lags 0 and 1 to assign exposure to cases. In this sensitivity analy-
sis, we dropped the hospitalization data for the year 2000 because
we predicted PM; s concentrations only from 2000 onward and
were, thus, unable to construct the 1999-2000 average.

Finally, we assessed sensitivity of our results to the parame-
terization of time trends in the health models to adjust for poten-
tial confounding by long-term trends. In the main analysis, we
used penalized splines to control for time trends (we detected
deviations from linearity in all models). In this sensitivity analy-
sis, we repeated the same models but used @) a linear term, b) a
natural spline with 3 df, and ¢) a categorical variable for calendar
year to adjust for time trends.

For all sensitivity analyses, we followed the same steps as in
the main analysis to construct the models and also adjusted for the
same set of confounders. All analyses (main, stratified, and sensi-
tivity) were performed using R (version 3.6.1; R Development
Core Team).

Results
Study Population Characteristics

We included data from all 62 NYS counties. The average number
of first hospitalizations for each outcome per county-year, along
with covariates, are presented in Table 1. The annual mean PM; 5
concentration per county was 8.1 pg/m?® [interquartile range
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(IQR) =2.7 pg/m?]. Figure S2 presents temporal patterns in
PM, 5 concentrations and disease rates across counties and on aver-
age. Across counties, the mean age (SD) at first hospitalization was
82 (0.7), 76 (1.0), and 65 (3.2) y for AD, PD, and ALS, respec-
tively. The annual county mean counts for the age, sex, and

Table 2. Annual per-county mean first hospitalization counts, standard devi-
ation, and interquartile range for all strata used in the effect modification
analyses.

Categories Mean SD  25th percentile Median 75th percentile
Alzheimer’s disease
Sex
Female 191.0 319.0 29.0 53.0 173.0
Male 93.6 151.0 16.0 30.0 87.7
Age group (y)
<70 199 355 3.0 6.0 17.0
>70 265.0 436.0 42.0 76.0 2447
Urbanization
Central metro 1,237.6 624.6 656.0 1,277.0 1,755.0
Fringe metro ~ 368.2 451.5 53.0 207.0 328.0
Rural 153.5 123.6 60.0 101.5 206.8
Metro 58.0 332 34.8 51.0 79.0
Parkinson’s disease
Sex
Female 57.8 98.8 9.0 16.0 52.0
Male 65.4 110.0 11.0 19.0 60.0
Age group (y)
<70 29.0 51.6 4.0 9.0 26.0
>70 94.9 160.0 15.0 26.0 86.0
Urbanization
Central metro  555.9 302.7 286.0 477.0 836.0
Fringe metro 1929 234.0 29.0 106.0 179.5
Rural 62.6 474 27.0 47.0 89.0
Metro 253 144 15.0 22.5 34.0
Amyotrophic lateral sclerosis
Sex
Female 27 45 0.0 1.0 3.0
Male 33 53 0.0 1.0 3.0
Age group (y)
<70 42 65 1.0 2.0 4.0
>70 29 39 1.0 1.0 3.0
Urbanization
Central metro 224 11.3 15.0 21.0 29.0
Fringe metro 9.2 120 2.0 4.0 12.0
Rural 36 3.6 1.0 3.0 5.0
Metro 14 15 0.0 1.0 2.0

Note: Data are from all 62 counties in New York State from 2000-2014. SD, standard
deviation.
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urbanization strata are presented in Table 2 and total counts over by age in PD and ALS, with higher effect estimates among those
the 14-y period in Table S1. We observed 264,075 AD, 114,514 <70 years of age. For PD, we estimated a positive monotonically
PD, and 5,569 ALS first admissions (either as primary or secondary increasing nonlinear association in patients <70 and a linear posi-
diagnoses) over the study period. The most common primary diag- tive association in those >70years of age (RR=1.02, 95% CI:
nosis category for AD and PD was diseases of the circulatory sys- 0.99, 1.06; Table S2 and Figure S5). Among ALS patients
tem (which includes cardiovascular diseases), 15.4% and 16.5% of >70years of age, we found a null association (RR=0.98, 95%
total hospitalizations, respectively. Eleven percent of all AD first CI: 0.93, 1.02) and among patients <70 years of age, a positive
hospitalizations had a primary diagnosis of AD, and 9.5% of all PD linear association (RR=1.06, 95% CI: 1.02, 1.11).
first hospitalizations had a primary diagnosis of PD. For ALS, the
most common primary diagnosis was ALS, accounting for 41.0% Sensitivity Analyses
of the total hospitalizations (Figure S3). Y Y
We summarize results from the sensitivity analyses in Figure S6.
Exposure—Response Relationship In the sensitivity analysis that included only patients with at least
two hospitalizations with a primary or secondary discharge code
for each outcome, the PM, 5—PD association remained nonlinear
and positive at PM, s concentrations above ~7ug/ m? but in
lower concentrations the association was null. The PM; s—AD
association remained nonlinear, but it became positive with a
steeper slope at lower PM, s levels and then plateauing at concen-
trations above ~9ug/m?. For ALS, we found a null linear
association.

In the sensitivity analysis that included only first hospitaliza-
tions with a primary diagnosis for the outcome, the PM, s—PD
association rerr;ained nonlinear and positive at PM; s concentra-
cpe L. tions >8 pg/m’. For AD, we found a null association for most of
Effect Modification the exposuré—response curve. In the case of ALS, we observed a
Figure 1 and Table S3 summarize results from the stratified anal- linear positive association (RR = 1.06, 95% CI: 1.00, 1.13).

Figure 1 summarizes all findings from the main and stratified
analyses, and Table S2 presents the detailed numeric estimates
for all analyses. In the main analysis, we found a linear positive
PM, s—ALS association with RR =1.05 per 1—;1g/m3 increase in
PM,; s concentrations (95% CI: 1.01, 1.09). We estimated a posi-
tive nonlinear PM, 5—PD association (RR=1.09, 95% CI: 1.04,
1.14 for a 1-SD increase from the mean, i.e., 8.1 to 10.4 ug/m3),
plateauing above PM, 5 concentrations of ~ 11 pg/m? (Figure 2).
For AD, we detected nonlinearity but inconclusive evidence of an
association (Figure 2).

yses. Overall, we found limited evidence to indicate differential When we averaged lag 0 and lag 1 PM, s concentrations for
effects by sex or urbanization level. For AD, we also found insuf- exposure assessment, we found a positive nonlinear PM, s—PD
ficient evidence of effect modification by age at lower PM; 5 con- association and a positive nonlinear PM, s—AD association, with

centrations but some evidence of a difference at higher exposure a pattern of stronger association in higher concentrations of the
concentrations with a pattern of a stronger association among exposure—response curve. In this analysis, the PM, s—ALS associ-
those <70 years of age (Table S2 and Figure S4). Similarly, the ation was null. This sensitivity analysis had smaller power com-
Cochran’s Q-test results indicated potential effect modification pared with other analyses because we included one fewer year of

AD PD ALS
Main Estimate .:_r—e.—_|| ,_i.'__e._' él—*—|
Female ,_;:e_'._. ;_ﬁ §—*—|
<70 years E == E '_e_'}—o—-q f =
>70 years Fi"e,:._‘ Ii—)H I—*+|
Central Metro I}*{ il—*—{ l—i*—|
Fringe Metro I-E-H i—*—| l-;—*—|
Metro EI——H I-;——*—i ; ——
Rural I—*—é—l }—*i(—{ I—é—*—{
1j0 11 12 13 110 11 12 13 1?0 11 12 13
Rate Ratio

% Linear ¢ 58vs.81 ¢ 8.1vs. 104 ug/m®

Figure 1. Rate ratio (RR) estimates for the association between 1-y exposure to PM, s and first hospitalizations in Alzheimer’s disease (AD), Parkinson’s dis-
ease (PD), and amyotrophic lateral sclerosis (ALS) in New York State (2000-2014). For linear associations (asterisk), we present the RR per 1-ug/ m?> increase
in annual PM, 5 concentration. Because nonlinear relationships cannot be summarized with a single RR, for nonlinear associations, we present RR for two seg-
ments across the nonlinear curve using the PM, s mean concentration as the reference point (8.1 ug/m3) vs. 1 SD below the PM5 5 mean (5.8 pg/m3) and 1 SD
above (10.4 pg/m?). That is, in the nonlinear associations, RR are for the 5.8 to 8.1 ug/m? (solid circle) and the 8.1 to 10.4 pg/m? (open diamond) segments
of the exposure-response curve. Error bars represent the 95% CI. Sample size information for each stratum can be found in Table S1 and the numeric values
for the RRs and CIs in Table S2. Note: CI, confidence interval; PM, s, particulate matter <2.5 pm in aerodynamic diameter (fine particulate matter); SD, stand-
ard deviation.
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Figure 2. Nonlinear association between 1-y exposure to PM,s and first
hospitalization for (A) Alzheimer’s disease (AD) and (B) Parkinson’s dis-
ease (PD) in New York State (2000-2014). The solid black lines are the ex-
posure—response curves, as rate ratios relative to the mean PM;;s
concentration (8.1 pug/m?), and gray shaded areas are the 95% confidence
bands—both correspond to the left y-axis. The blue shaded area in both plots
is the density histogram for PM,s concentrations (right y-axis). Sample
sizes: Nap =264,076, Npp=121,982. Note: PM,s, particulate matter
<2.5 um in aerodynamic diameter (fine particulate matter).

data (14 vs. 15 y) and the average of PM; 5 concentrations across
2 y severely decreases exposure contrast.

Finally, we present results from the sensitivity analyses on
the parameterization of the time term in the models for adjust-
ment for long-term trends in Figure S7. The PM, 5 association
with AD remained nonlinear with a pattern of a stronger associ-
ation as PM, s concentration increases except in the model
where the variable time was included as a categorical variable.
For PD, the PM, 5 estimates from the models including time as
a penalized or natural spline were similar; the model with the
linear time term yielded a linear positive association; and the
model with time as a categorical term yielded a null association.
Finally, for ALS, the PM; 5 estimates from the models includ-
ing time as a linear term or a natural spline were positive but
attenuated, and the estimate from the model with categorical
time was null. We note that including time as a categorical
covariate can result in overadjustment given that this is the
most flexible way to parameterize time trends and could explain
some of the outcome variability that is due to the exposure.
Figure S2 provides further support that time adjustment using a
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categorical variable may result in overadjustment: There were
no strong time trends in any of the three outcomes.

Discussion

In this NYS-wide analysis, we estimated that exposure to higher
levels of annual PM; 5 was associated with higher first hospitali-
zation rates of PD and ALS, but found limited evidence to con-
clude an association with AD. We also did not find sufficient
evidence to conclude that there was effect modification by sex or
urbanization level for all outcomes. However, we found effect
modification by age in PD and ALS, with a stronger association
among patients that had their first hospitalization before the age
of 70 y.

For PD, we observed a nonlinear association with a steeper
slope at lower PM; s concentrations that flattened at higher con-
centrations. In the main analysis, the association was near-linear
at PM, 5 concentrations below ~ 11 pg/m?. The current National
Ambient Air Quality Standard for annual PM,s levels is
12 g/ m?3. The association we found, thus, was consistent at lev-
els below the current national standards in all analyses.

The present study, to our knowledge, is the first to examine
the association between PM, 5 and ALS aggravation. In the main
analysis, we found a positive linear association. Because ALS is
a rare outcome, we had limited power to detect associations de-
spite being able to leverage information on all ALS patients hos-
pitalized in NYS. Our sensitivity analyses resulted in exclusions
in the ALS data included in the models, thus further reducing
power, which in turn may have resulted in unstable estimates.
The PM, 5—ALS association was not consistent across all sensi-
tivity analyses. Limiting the analysis to cases with at least two
hospitalizations or averaging lags 0 and 1 to assign exposures
attenuated the PM, s—ALS association to the null. Nonetheless,
we found a positive association in the main analysis and in the
sensitivity analysis that included only hospitalizations with a pri-
mary ALS diagnosis (41% of the cases in the main analysis).
Future studies that leverage data from larger cohorts are crucial
to confirm our findings for ALS.

Although in the main analysis we found only suggestive evi-
dence of a PM;s—AD association, in the sensitivity analysis
where we included only cases with at least two hospitalizations
for AD, we found a positive association. This sensitivity analysis
had stricter inclusion criteria that likely eliminated a number of
false positives—under ICD-9, other forms of dementia are fre-
quently misclassified as AD (Pippenger et al. 2001). It is likely
that our AD data included not only AD cases but a set of patients
with various subtypes of dementia (misclassified as AD) of which
not all may be aggravated by PM, 5 exposure. Complementary to
this, it is also likely that a number of AD cases were misclassified
as other forms of dementia, thus, not included in our study. The
latter is supported by the much lower annual first hospitalization
rate observed in our data relative to the annual incidence of AD
(91.2 vs. 1,000 cases per 100,000). AD misclassification is not an
issue unique to our study; in fact, this is a challenge faced by all
studies that use administrative data to identify cases of dementia
or dementia subtypes (Taylor et al. 2009). Thus, future studies
that use cohorts that allow for more accurate diagnostic tools
(e.g., brain scans) could provide valuable information to further
the findings of this study. Studies evaluating the association
between PM; 5 exposure and disease aggravation in various de-
mentia subtypes would be also valuable.

In the stratified analyses, we found insufficient evidence to con-
clude that there was effect modification by sex or urbanization level
for all outcomes. Previous studies have reported similar findings
on sex effect modification (Shin et al. 2018; Kioumourtzoglou et al.
2016). However, a recent nationwide study using information on
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Medicare enrollees, reported higher estimates in women for both
AD and PD (Shi et al. 2020), in agreement with other studies that
also reported stronger associations of PM; s exposure with risk
(Liu et al. 2016) and aggravation (Lee et al. 2017) of PD among
females relative to males. Conversely, a study in a cohort of female
nurses reported a null association between PM; s and PD (Palacios
etal. 2014). Overall, effect modification by sex is inconclusive and
requires further study, particularly given the higher prevalence of
PD and ALS among males relative to females (Lopez and Kuller
2019; Hirsch et al. 2016; Lix et al. 2010; Niu et al. 2017).
Regarding urbanization, previous studies have focused mainly on
urban centers largely because of the limited data available outside
metropolitan areas. Our findings do not indicate differences across
urbanization levels, in contrast to the recent nationwide Medicare
study that found higher estimates for AD and PD with increasing
population density (Shi et al. 2020).

We estimated a positive association between long-term PM; 5
exposure and PD and ALS first hospitalization in patients <70
but not among those >70 years of age. Based on our results,
patients with a first hospitalization before 70 years of age may be
particularly vulnerable to PM, s exposure. In contrast, patients
who have their first hospitalization at a later age (>70 years of
age) may have an overall better health status and, thus, be less
affected by PM, 5 exposure. Given that we used primary and
secondary diagnoses, patients with a first hospitalization at a
younger age may have stronger genetic predisposition or coex-
isting medical conditions that render patients with higher sensi-
tivity to PM; s exposure. Importantly, we do not identify the
<70-years-of-age period as a vulnerable window of exposure
during which PM, 5 exposure can aggravate clinical symptoms
of the disease; instead, patients within this age group may share
underlying characteristics that increase their vulnerability to
PM, 5 exposure. Further, older patients are more likely to expe-
rience competing events. Shi et al. (2020) assessed age modifi-
cation stratifying at 80 y for AD and PD and related dementias
and found no differences between those below vs. above
80 years of age, despite massive power. However, that study
was restricted to Medicare enrollees >65years of age, thus
excluding patients with earlier first hospitalization for neurode-
generative diseases (i.e., before age 65 y). Our data, conversely,
allowed us to also evaluate the association with PM, s among
adults <65 years of age. Our results indicate that PM, s expo-
sure likely has differential impacts across patients of different
ages, requiring further exploration of age-specific impacts of
PM, 5 on neurodegenerative disease aggravation.

Last, in the present study we were interested in evaluating the
association between air pollution and disease aggravation and
used PM, 5 as an indicator of the air pollution mixture. Future
studies to examine the association between specific pollutants or
pollution sources are important to help better understand the
effects of air pollution on neurodegenerative diseases.

Strengths

This study has several strengths. Disease prognosis, upon clinical
diagnosis, varies greatly among AD, PD, and ALS patients and
the nature for such variation is still largely unknown. The present
study is one of the few epidemiological studies to address this
knowledge gap. Here, we evaluated long-term exposure to PM; 5
as a potential contributor to clinical aggravation of disease.
Moreover, this study covered a geographical area that included
both urban and rural locations and a diverse population with a
broad range of ages, allowing us to evaluate age subpopulations
and effect modification by age and urbanicity. Other studies using
hospitalizations to examine this association in the United States
have leveraged the Medicare population, which only includes
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enrollees >65 years of age (Shi et al. 2020; Kioumourtzoglou
et al. 2016; Lee et al. 2019); SPARCS includes information on
hospitalizations of all ages. Furthermore, health data for the years
1995-1999 allowed us to exclude any potential prevalent cases.
Finally, we used flexible models to characterize the exposure—
response relationships.

Limitations

However, our findings should be interpreted in light of our limita-
tions. Because SPARCS only includes information on hospital-
izations, we did not have data on noncases to perform an
individual-level time-to-event analysis. Furthermore, due to small
numbers—especially for ALS—we aggregated analyses at the
county level. We used predicted PM; s concentrations to assign
county-level exposures. Although the prediction model has excel-
lent predictive accuracy (van Donkelaar et al. 2019) and is highly
spatially resolved to capture population-averaged county-level
exposures, some exposure measurement error is still expected.
Any resulting bias, however, is expected to be toward the null
(Kioumourtzoglou et al. 2014; Hart et al. 2015; Wu et al. 2019)
given that the model we used has been shown to perform well
even at rural locations in NYS (Jin et al. 2019) and, thus, any
error is likely nondifferential. First hospitalization data are likely
to miss a number of cases because patients may not be hospital-
ized even as disease symptoms worsen. Nonetheless, hospitaliza-
tion data still capture a significant number of cases entering a
severe stage of the disease (Oguh and Videnovic 2012; Albert
et al. 1999; Lechtzin et al. 2001). Outcome misclassification
resulting from including patients who do not experience disease
aggravation, but are hospitalized due to unrelated health issues,
may also occur because we included hospitalizations with a sec-
ondary diagnosis for each disease. However, our findings were
robust to sensitivity analyses addressing potential outcome mis-
classification. Hospitalization is not a perfect surrogate for dis-
ease aggravation, but there is a paucity of data on clinical
aggravation of disease, with specific biomarkers or scores, from
large cohorts living over large areas to allow for adequate expo-
sure contrasts. Finally, we cannot exclude the possibility of resid-
ual confounding. Nonetheless, we adjusted for multiple factors
that varied across counties and in time to account for potential
confounding by spatially and temporally varying factors. We do
not expect, therefore, that our results can be fully explained by re-
sidual confounding.

Conclusions

In the present study, we estimated the effect of long-term PM; s
exposure on AD, PD, and ALS clinical disease aggravation. Our
findings indicate that 1-y exposure to PM, 5 in levels permissible
by the current national standards potentially contribute to clinical
disease aggravation in PD and ALS. Moreover, our findings indi-
cate that certain patient subpopulations are likely to present
higher vulnerability to exposure.
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