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Abstract
Objective
To examine whether late-life exposure to PM2.5 (particulate matter with aerodynamic diam-
eters <2.5 μm) contributes to progressive brain atrophy predictive of Alzheimer disease (AD)
using a community-dwelling cohort of women (age 70–89 years) with up to 2 brain MRI scans
(MRI-1, 2005–2006; MRI-2, 2010–2011).

Methods
AD pattern similarity (AD-PS) scores, developed by supervised machine learning and validated
with MRI data from the Alzheimer’s Disease Neuroimaging Initiative, were used to capture
high-dimensional gray matter atrophy in brain areas vulnerable to AD (e.g., amygdala, hip-
pocampus, parahippocampal gyrus, thalamus, inferior temporal lobe areas, and midbrain).
Using participants’ addresses and air monitoring data, we implemented a spatiotemporal model
to estimate 3-year average exposure to PM2.5 preceding MRI-1. General linear models were
used to examine the association between PM2.5 and AD-PS scores (baseline and 5-year stan-
dardized change), accounting for potential confounders and white matter lesion volumes.

Results
For 1,365 women 77.9 ± 3.7 years of age in 2005 to 2006, there was no association between
PM2.5 and baseline AD-PS score in cross-sectional analyses (β = −0.004; 95% confidence
interval [CI] −0.019 to 0.011). Longitudinally, each interquartile range increase of PM2.5

(2.82 μg/m3) was associated with increased AD-PS scores during the follow-up, equivalent to a
24% (hazard ratio 1.24, 95%CI 1.14–1.34) increase in AD risk over 5 years (n = 712, age 77.4 ±
3.5 years). This association remained after adjustment for sociodemographics, intracranial
volume, lifestyle, clinical characteristics, and white matter lesions and was present with levels
below US regulatory standards (<12 μg/m3).

Conclusions
Late-life exposure to PM2.5 is associated with increased neuroanatomic risk of AD, which may
not be explained by available indicators of cerebrovascular damage.
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Compelling evidence has shown that ambient air pollution is
an environmental risk factor of brain aging.1–7 Several studies
from across the globe have collectively shown that long-term
exposure to air pollution, especially late-life PM2.5 (particulate
matter with aerodynamic diameters <2.5 μm), was associated
with increased risk of dementia and Alzheimer disease
(AD).8–15 Despite this increasing epidemiologic evidence, the
underlying mechanism of how PM2.5 contributes to patho-
logic brain aging and the subsequent risk of dementia is not
fully understood.1

Air pollution may be linked to dementia via its direct con-
tribution to neurodegeneration or indirectly through in-
creased cerebrovascular damage.16 In an attempt to elucidate
the mechanism, a few human studies using neuroimaging data
have recently investigated the PM2.5-neurodegenerative ef-
fects on vulnerable brain regions. In AD, a progressive loss of
tissue across multiple brain regions, including the hippo-
campus, is observed. However, previous studies, either using
the region-of-interest approach17–23 or conducting whole-
brain analyses,24 showed only cross-sectional associations
between ambient PM2.5 and smaller gray matter volumes in
the prefrontal cortex and subcortical regions, including the
basal ganglia, and reported inconsistent associations with
hippocampal volumes. Therefore, we conducted a longitudi-
nal air pollution–brain MRI aging study to test the hypothesis
that long-term PM2.5 exposure contributes to the progressive
gray matter atrophy in multiple brain areas vulnerable to AD
neuropathologies.25,26

Methods
Standard Protocol Approvals, Registrations,
and Patient Consents
The Institutional Review Board at the University of Southern
California reviewed all study protocols. Written informed
consent was obtained from all participants as part of the
original Women’s Health Initiative Memory Study
(WHIMS)-MRI study.

Study Design and Population
We conducted a prospective cohort study that included par-
ticipants of the WHIMS-MRI study. Participants were
community-dwelling older women (n = 7,479; age ≥65 years)
recruited across 48 states over the period of 1996 to 1999 who
were free of dementia as determined by standardizedWHIMS
protocols (appendix e-1 available from Dryad, doi.org/10.

5061/dryad.xgxd254cq), described in detail elsewhere.27,28

From April 2005 to January 2006, WHIMS participants (n =
1,403) from 14 (of 38) active WHIMS sites were enrolled in
the WHIMS-MRI study. At this time, WHIMS-MRI partici-
pants underwent a first MRI scan, which yielded 1,365 scans
that met quality control standards. A second MRI scan was
performed for 730 women in 2010 to 2011, over an average of
4.7 years since MRI-1, which allowed enough time for the
progression of neuropathology. Our cross-sectional analyses
included all women with brain scans at MRI-1 that met quality
control standards (n = 1,365), and our longitudinal analyses
included those women who completed 2 brain scans (n =
712) (figure 1).

WHIMS-MRI Data Acquisition and Processing
MRI series were acquired with a 22-cm field of view and a
matrix of 256 × 256 in 1.5T scanners following standardized
protocols that were developed by the MRI Quality Control
Center.29,30 Included were oblique axial spin density/T2-
weighted spin echo (repetition time 3,200 milliseconds, echo
time 30/120 milliseconds, slice thickness 3 mm), fluid-
attenuated inversion recovery T2-weighted spin echo (repe-
tition time 8,000 milliseconds, inversion time 2,000 millisec-
onds, echo time 100 milliseconds, slice thickness 3 mm), and
oblique axial 3-dimensional T1-weighted gradient echo (flip
angle 30°, repetition time 21 milliseconds, echo time 8 milli-
seconds, slice thickness 1.5 mm) images from the vertex to the
skull base parallel to the anterior commissure–posterior
commissure plane.31

White matter lesions were segmented with an algorithm that
was applied to T1, T2, and fluid-attenuated inversion recovery
scans as part of the WHIMS-MRI protocol.32,33 The tissue
and lesion segmentation algorithms were combined to classify
each voxel as either normal or abnormal. Total white matter
lesion volume was classified by combining abnormal brain
volumes across all regions. In addition, intracranial volume
(ICV) was estimated as the total cerebral hemispheric vol-
umes, including CSF within ventricles and sulcal spaces.30

Estimation of AD Pattern Similarity Scores
The AD pattern similarity (AD-PS) scores used here were
generated in previous work,26 and detailed descriptions about
the MRI data processing across datasets are given in other
reports.34 Briefly, a common template was generated that was
based on a sample of cognitively normal White women (n =
50, age 55–90 years, mean age 76.8 years) selected at random
from the Alzheimer’s Disease Neuroimaging Initiative

Glossary
AD = Alzheimer disease; ADNI = Alzheimer’s Disease Neuroimaging Initiative; AD-PS = AD pattern similarity; BME =
Bayesian Maximum Entropy; BMI = body mass index; CI = confidence interval; CTM = chemical transport model; EN-
RLR = elastic net regularized logistic regression; EPA = Environmental Protection Agency; GLM = general linear model;
ICV = intracranial volume; IQR = interquartile range; PM2.5 = particulate matter with aerodynamic diameters <2.5 μm;
WHIMS = Women’s Health Initiative Memory Study.
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(ADNI) using a script consisting of 6 stages (brain extraction,
template registration, tissue segmentation, improved template
registration, cortical thickness registration, quality control,
and summary measurements), available with the Advanced
Normalization Tools software.34 The brain MRIs from both
WHIMS-MRI and ADNI were aligned. The individual MRIs
from both studies (n = 2,436) were then processed and
warped to the common template. The AD-PS scores were
derived with a high-dimensional (voxel-wise) supervised
machine learning algorithm. An elastic net regularized logistic
regression (EN-RLR) was used to analyze structural brain
MRI data patterns at the voxel level.35 AD-PS scores of
WHIMS-MRI participants were derived by first estimating an
EN-RLR classifier on the basis of gray matter probability maps
from cognitively normal individuals and cases with AD par-
ticipating in ADNI. Next, the gray matter probability maps at
baseline and follow-up of WHIMS-MRI were used as input to
the EN-RLR classifier to generate AD-PS scores for WHIMS-
MRI participants.31 The resulting AD-PS scores can be
interpreted as a measure of how similar a WHIMS partici-
pant’s spatial patterns of gray matter atrophy are to those of
cases with AD defined by ADNI.

Discriminative maps were generated to pinpoint the gray
matter areas involved in discriminating cases with AD from
cognitively normal participants, and this metric was able to
capture the unique spatial patterns of gray matter atrophy that
involves local areas where AD neuropathologies are thought
to first emerge (e.g., amygdala, hippocampus, para-
hippocampal gyrus, thalamus, inferior temporal lobe areas,
andmidbrain [all bilateral]).25,26 A graphical illustration of the
methodologic approach used to derive the AD-PS score, as

well as the discriminative maps with the pinpointed brain
areas, can be found in the work by Casanova et al.26

Higher AD-PS scores have been shown to be associated with
known risk factors and cognitive status both cross-sectionally
and longitudinally, supporting the validity of this measure. For
instance, higher AD-PS scores were associated with increased
age, poorer cognitive function, and greater small-vessel is-
chemic disease volume in WHIMS-MRI participants.26 In a
longitudinal study, older women with relatively lower AD-PS
scores exhibited global cognitive trajectories that were more
resilient to cognitive decline over 10 years.36

Air Pollution Exposure Assessment
Detailed procedures for air pollution estimation have been
reported elsewhere.10 Briefly, participants’ addresses were
prospectively collected at each clinic visit, updated at least bi-
annually, and then sent to a single vendor who followed stan-
dardized protocols for geocoding residential addresses.37 We
generated residence-specific PM2.5 estimates at the individual
level by constructing spatiotemporal models that are a function
of space and time using the Bayesian Maximum Entropy
(BME) method.38,39 The BME data fusion method integrates
daily observed PM2.5 obtained from the US Environmental
Protection Agency (EPA) Air Quality System nationwide
monitoring data with the output of chemical transport models
(CTMs). The CTMs fully characterize local emission sources,
meteorology, chemical transformations, and the transport of
pollutants.40,41 TheBMEdata fusion consisted of 2 steps. In the
first step, a Regionalized Air Quality Model Performance
analysis41 was conducted to perform a localized bias correction
of CTMoutputs. TheCTMoutputs were obtained at an hourly

Figure 1 Study Flowchart
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time scale and at the finest spatial grid resolution available,
which varied from 36 km for the nationwide domain down to
4 km in some highly populated areas.40,41 These resolutions
provide a fine-scale description of PM2.5 across the nationwide
domain. In the second step, we performed a BME data in-
tegration by using EPA observations as hard data and the Re-
gionalized Air Quality Model Performance–corrected CTM
output as soft data to obtain geostatistical estimates of PM2.5.
This BME estimation results inmaps of PM2.5 that combine the
precision of observations and the fine-scale resolution of CTM
outputs. The BME method is described elsewhere,38,39 and a
summary is available from Dryad (appendix e-2, doi.org/10.
5061/dryad.xgxd254cq).

To assess the accuracy of our BMEmodel, we performed a 10-
fold estimation analysis. The BME estimates of daily PM2.5

exposures correlated well with the observed Air Quality
System–recorded concentrations (average Pearson R2 =
0.70). We then applied the statistically validated BME model
to each geocoded residence in 1999 to 2010 to generate the
late-life average PM2.5 3 years preceding MRI-1. We focused
on regional PM2.5 exposure estimated at residential locations
because the vast majority of air pollution epidemiologic
studies have focused on exposure to air pollutants from the
outdoor sources, which are regulated by the US EPA for their
great effect on public health.

Covariate Data
At WHIMS enrollment, a structured questionnaire was ad-
ministered to participants to gather information on de-
mographics (age, race/ethnicity), socioeconomic factors
(education, family income, employment status), and lifestyle
factors (smoking status, alcohol use, physical activity). Clin-
ical characteristics were also ascertained, including history of
cardiovascular disease (heart problems, problems with blood
circulation, or blood clots), hypertension, history of de-
pression, calculated body mass index (BMI; kilograms per
meters squared), diabetes mellitus (physician diagnosis plus
oral medications or insulin therapy), and prior hormone
therapy use. The self-reported medical histories and the
physical measures have been shown to be reliable and valid for
use in epidemiologic studies.42–44

Statistical Analysis
We regressed our outcome variables on 3-year average PM2.5

exposure preceding MRI-1, using the general linear model
(GLM) to account for potential confounders. Our base model
included age at MRI screening, race/ethnicity, geographic
region, and ICV. Other covariates were sequentially added to
GLM by categories (e.g., socioeconomic factors, lifestyle
factors, clinical characteristics). In cross-sectional analyses,
our primary outcome was AD-PS scores measured at MRI-1.
Our primary outcome in the longitudinal analysis was defined
as the 5-year standardized change in AD-PS scores fromMRI-
1 to MRI-2 over an individual’s follow-up period, with higher
scores indicating an increase in neuroanatomic risk of AD.
This change score was calculated as follows:

DADPS =
ADPSMRI−2 −ADPSMRI−1

Years  between MRI  assessment
× 5

For comparison, we also examined the AD-PS score at MRI-1,
which was also log-transformed to improve the normality of
the distribution. To evaluate whether the observed associa-
tions between PM2.5 and AD-PS score, if any, could be
influenced by MRI-measured cerebrovascular damage in late
life, we conducted additional analyses further adjusting for
white matter lesion volume or excluding those with incident
clinical stroke ascertained during the follow-up period. To put
the results of our GLMs into context, we also conducted an ad
hoc Cox proportional hazards regression analysis among
WHIMS-MRI participants who were free of probable de-
mentia or AD before MRI-1 to estimate what an increase in
AD-PS scores associated with an interquartile range (IQR)
increase of PM2.5 would translate to with regard to AD risk,
using outcome data determined by WHIMS protocols (ap-
pendix e-1 available from Dryad, doi.org/10.5061/dryad.
xgxd254cq).

Several sensitivity analyses were carried out to test the ro-
bustness of our findings. These included a cross-sectional
analysis restricted to only those who returned for a follow-up
scan (n = 712). Three additional sets of longitudinal analyses
were conducted: further adjusting for AD-PS scores at MRI-1,
incorporating inverse probability weighting to account for
possible biases resulting from selective participation in the
study (appendixes e-3 and e-4 available from Dryad, doi.org/
10.5061/dryad.xgxd254cq), or restricting the analytic sample
to women (n = 473) with 3-year average PM2.5 exposures
<12 μg/m3, which is the current regulatory standard set by the
US EPA. In addition, for both cross-sectional and longitudinal
analyses, we further adjusted for socioeconomic characteris-
tics of residential neighborhood measured at the census track
level (appendix e-5 available from Dryad, doi.org/10.5061/
dryad.xgxd254cq).45 We also included an exploratory analysis
excluding women with mild cognitive impairment/dementia
before MRI-1 or over follow-up to explore whether the pu-
tative PM2.5 effect remains at the preclinical stage.

Finally, we examined whether PM2.5 effects could be modified
by age or clinical characteristics, including history of cardio-
vascular disease, hypertension, high cholesterol, calculated
BMI, diabetes mellitus, and white matter lesion volumes at
MRI-1. All analyses were performed with SAS, version 9.4
(SAS Institute, Inc, Cary, NC).

Data Availability
The data used in this study may be made available following
WHI policies.

Results
On average, AD-PS scores (range 0–1) increased from
MRI-1 (0.28 ± 0.20) to MRI-2 (0.44 ± 0.26). Over the
5-year period, AD-PS scores increased by 0.17 (±0.15) on
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average and were normally distributed (figure e-1 available
from Dryad, doi.org/10.5061/dryad.xgxd254cq). Older
women with 2 brain MRI scans (n = 712) did not signifi-
cantly differ from the others participating in MRI-1 only (n
= 653) with respect to employment status, family income,
education level, lifestyle factors, most clinical characteris-
tics, white matter lesions, and ICV (table 1). Compared to
those who only completed MRI-1, those included in the
longitudinal analyses were younger (age 77.4 ± 3.5 years),
had lower AD-PS scores, were exposed to lower PM2.5

levels in 2005 to 2006, and were more likely to reside in the
Midwest and to self-identify as non-Hispanic Whites but
were less likely to be hypertensive. The full table with all

sample characteristics is available from Dryad (table e-1,
doi.org/10.5061/dryad.xgxd254cq).

Table 2 (full table is available from Dryad [table e-2, doi.org/
10.5061/dryad.xgxd254cq]) describes the 3-year average
PM2.5 exposure estimates among WHIMS-MRI participants
included in our longitudinal analyses (n = 712). Participants
with exposures estimated in the upper 2 quartiles (≥10.91 μg/
m3) were more likely to be racial/ethnic minorities (Black or
Hispanic White), to reside in the US Northeast region, to be
unemployed at WHIMS baseline, and to have low white
matter lesions. The corresponding exposure distribution
among participants in the cross-sectional analyses is available

Table 1 Distribution of Participants With and Without Follow-up MRI Across Sample Characteristics

Sample Characteristics No.

Completed Baseline
MRI Only (n = 653),
Mean (SD)

Completed Baseline and
Follow-Up MRI (n = 712),
Mean (SD) p Valuea

Continuous variables

PM2.5 3-y average before MRI-1 1,365 12.10 (2.78) 11.59 (2.13) <0.01

AD-PS scores at MRI-1 1,365 0.39 (0.25) 0.28 (0.20) <0.01

Categorical variables, n (%) n (%) n (%) p Valueb

US geographic region <0.01

Northeast 310 121 (39.0) 189 (61.0)

South 204 118 (57.8) 86 (42.2)

Midwest 477 220 (46.1) 257 (53.9)

West 374 194 (51.9) 180 (48.1)

Age group at MRI-1, y <0.01

70–74 338 139 (41.1) 199 (58.9)

75–79 639 294 (46.0) 345 (54.0)

≥80 388 220 (56.7) 168 (43.3)

Ethnicity <0.01

Black or African-American 61 44 (72.1) 17 (27.9)

Hispanic White 19 11 (57.9) 8 (42.1)

White (not of Hispanic origin) 1,245 577 (46.4) 668 (53.7)

Other or missing 40 21 (52.5) 19 (47.5)

Diabetes treated ever (pills or shots) 0.03

No 1,320 624 (47.3) 696 (52.7)

Yes 44 28 (63.6) 16 (36.4)

Hypertension ever <0.01

No 865 385 (44.5) 480 (55.5)

Yes 491 264 (53.8) 227 (46.2)

Abbreviations: AD-PS = Alzheimer’s disease pattern similarity; PM2.5 = particulate matter with aerodynamic diameters <2.5 μm.
a p Value comparing means of sample characteristics for included and excluded women.
b p Value testing the distribution across subcategories for included and excluded women.
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from Dryad (table e-3 [n = 1,365], doi.org/10.5061/dryad.
xgxd254cq). Table 3 (full table is available from Dryad [table
e-4, doi.org/10.5061/dryad.xgxd254cq]) describes the pop-
ulation characteristics in relation to changes in AD-PS scores,
as well as the baseline AD-PS score determined at MRI-1.
Geographic region, age, education level, employment status,
smoking status, alcohol intake, cardiovascular disease, di-
abetes mellitus, hypertension, and ICV significantly predicted
either baseline AD-PS scores or changes in scores, suggesting
that certain sample characteristics may contribute differen-
tially to the developmental process before the MRI-1 and
progression of neuroanatomic risk for AD during the follow-
up (appendix e-6 available from Dryad, doi.org/10.5061/
dryad.xgxd254cq).

In table 4, we present the results of the GLMs, with the
regression coefficient β (95% confidence interval [CI])
expressed as the observed difference in the outcome variable
associated with each IQR increase of 3-year average PM2.5

(cross-sectional 3.24 μg/m3, longitudinal 2.82 μg/m3). In
both crude and adjusted models, we did not find a significant

association between 3-year average PM2.5 and AD-PS scores
at MRI-1. Similarly, nonsignificant associations were also
observed with log-transformed AD-PS scores (table e-5
available from Dryad, doi.org/10.5061/dryad.xgxd254cq)
and in the restricted sample of 712 women (table e-6 avail-
able from Dryad, doi.org/10.5061/dryad.xgxd254cq).
However, in the longitudinal analyses, an IQR increment of
PM2.5 was significantly associated with a 0.031 (β = 0.031,
95% CI 0.017–0.046) increase in standardized AD-PS scores
in the crude model. In fully adjusted models accounting for
age at MRI-1, race/ethnicity, region, income, education,
employment status, alcohol use, smoking, physical activity,
history of depression, prior hormone therapy use, BMI, high
cholesterol, diabetes, hypertension, cardiovascular disease,
and WHI hormone therapy intervention assignment, the
effect estimate modestly decreased but remained statistically
significant (β = 0.026, 95% CI 0.009–0.043; table 4, adjusted
model 5). Our ad hoc Cox proportional hazards regression
analysis revealed that this 0.026-unit increase in AD-PS
scores associated with an IQR increase of PM2.5 would
translate to a 24% (hazard ratio 1.24, 95% CI 1.14–1.34)

Table 2 Sample Distribution of 3-Year Average Exposure to Fine Particulate Matter in Relation to Sample Characteristics
(n = 712)

Sample Characteristics,
Categorical Variablesa No.

Quartile of PM2.5, n (%)

p Valueb
6.77–10.24 μg/m3

(n = 178)
10.25–10.90 μg/m3

(n = 178)
10.91–13.06 μg/m3

(n = 178)
13.07–19.06 μg/m3

(n = 178)

US geographic region <0.01

Northeast 189 16 (8.5) 34 (18.0) 70 (37.0) 69 (36.5)

South 86 30 (34.9) 7 (8.1) 33 (38.4) 16 (18.6)

Midwest 257 62 (24.1) 84 (32.7) 24 (9.3) 87 (33.9)

West 180 70 (38.9) 53 (29.4) 51 (28.3) 6 (3.3)

Ethnicity <0.01

Black or African-American 17 1 (5.9) 0 (0.0) 7 (41.2) 9 (52.9)

Hispanic White 8 0 (0.0) 2 (25.0) 4 (50.0) 2 (25.0)

White (not of Hispanic origin) 668 174 (26.1) 173 (25.9) 157 (23.5) 164 (24.6)

Other or missing 19 3 (15.8) 3 (15.8) 10 (52.6) 3 (15.8)

Employment 0.02

Currently employed 131 34 (26.0) 44 (33.6) 24 (18.3) 29 (22.1)

Not working 78 11 (14.1) 19 (24.4) 21 (26.9) 27 (34.6)

Retired 502 133 (26.5) 115 (22.9) 133 (26.5) 121 (24.1)

White matter lesion 0.02

Low 693 175 (25.3) 168 (24.2) 173 (25.0) 177 (25.5)

High 19 3 (15.8) 10 (52.6) 5 (26.3) 1 (5.26)

Abbreviation: PM2.5 = particulate matter with aerodynamic diameters <2.5 μm.
a Presented as the number (row percent) belonging to each exposure quartile, given the indicated subcategory.
b p Value testing the distribution of PM2.5 exposure quartile across subcategories.
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increase in AD risk over a 5-year period after adjustment for
sociodemographics, region, ICV, lifestyle factors, and clinical
characteristics.

Effect estimates were not sensitive to further adjustment for
white matter lesion volume (table 4, adjusted model 6) or
exclusion of 11 women with incident clinical stroke (β =
0.027, 95% CI 0.010–0.044). In our sensitivity analyses, we
found that the positive associations of PM2.5 with changes in
AD-PS scores were present even after further adjusting for
AD-PS scores at baseline (table e-6 available from Dryad, doi.
org/10.5061/dryad.xgxd254cq), applying inverse probability
weights to account for possible biases resulting from selective
participation in the study (table e-7 available from Dryad, doi.
org/10.5061/dryad.xgxd254cq), or restricting to women with
3-year average PM2.5 exposure levels <12 μg/m3 (table e-8
available from Dryad, doi.org/10.5061/dryad.xgxd254cq). In

addition, our findings remained even after our analytic sample
was restricted to women who were cognitively normal before
MRI-1 and over follow-up (tables e-9 and e-10 available from
Dryad, doi.org/10.5061/dryad.xgxd254cq), indicating that
the adverse effects of PM2.5 may be seen in the preclinical
stage. In our analysis further adjusting for census track–level
socioeconomic characteristics of residential neighborhood,
the observed adverse PM2.5 effect on the increase in AD-PS
score did not change (table e-11 available from Dryad, doi.
org/10.5061/dryad.xgxd254cq).

In our longitudinal analyses examining whether the observed
PM2.5 exposure effect differed by age or clinical characteristics
(table e-12 available from Dryad, doi.org/10.5061/dryad.
xgxd254cq), there were no statistically significant modifica-
tions by age (<76.84 vs ≥76.84 years), hypertension (yes vs
no), high cholesterol (yes vs no), BMI (<30 vs ≥30 kg/m2),

Table 3 Sample Characteristics in Relation to AD-PS Scores

Sample Characteristics

AD-PS Score at MRI-1 0.01 to 0.99 (n = 1,365) Changes in AD-PS Scores 20.36 to 0.69 (n = 712)

No. Meana SD p Valueb No. Meanc SD p Valueb

US geographic region <0.01 0.03

Northeast 310 0.32 0.23 189 0.19 0.15

South 204 0.37 0.22 86 0.13 0.16

Midwest 477 0.29 0.22 257 0.17 0.15

West 374 0.36 0.25 180 0.17 0.16

Age group at MRI-1, y <0.01 <0.01

70–74 338 0.22 0.14 199 0.14 0.15

75–79 639 0.31 0.22 345 0.18 0.15

≥80 388 0.46 0.25 168 0.18 0.16

Employment 0.34 0.04

Currently employed 246 0.31 0.22 131 0.14 0.16

Not working 142 0.33 0.24 78 0.19 0.16

Retired 975 0.33 0.23 502 0.17 0.15

Alcohol intake 0.04 0.02

Nondrinker 176 0.33 0.25 91 0.19 0.15

Past drinker 225 0.35 0.22 115 0.15 0.14

<1 drink/d 800 0.32 0.23 424 0.16 0.15

>1 drink/d 153 0.37 0.25 79 0.21 0.18

ICV <0.01 0.02

Low 685 0.31 0.22 357 0.16 0.15

High 680 0.35 0.24 355 0.18 0.16

Abbreviations: AD-PS = Alzheimer disease pattern similarity; ICV = intracranial volume.
a Represents mean AD-PS scores at MRI-1.
b p Value testing the statistical difference across the categories.
c Represents mean increase in AD-PS scores over the 5-year period.
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diabetes (yes vs no), cardiovascular disease (yes vs no), or
white matter lesion volumes (≤0 vs >0).

Discussion
In this prospective study on older women without dementia at
baseline, long-term exposure to ambient PM2.5 was associated
with an increase in AD-PS score, which quantified the neu-
roanatomic risk for AD. The increased risk could not be
explained by sociodemographic factors (age, geographic re-
gion, race/ethnicity, education, income, employment), ICV,
lifestyle factors (smoking, alcohol, physical activity), clinical
characteristics (history of depression, BMI, diabetes, high
cholesterol, hypertension, cardiovascular diseases, hormone
therapy), and 1 MRI measure of late-life cerebrovascular
damage. We observed similar patterns of associations even
among older women without the cardiovascular disease risk
profiles that may accelerate brain aging. These associations
were also observed at exposure levels below the current EPA
regulatory standard for ambient PM2.5.

Our findings provide supporting evidence that the neuro-
toxicity of late-life exposure to PM2.5 contributes primarily to
the progression in neuroanatomic risk of AD, not the de-
velopment or initiation, as indicated by the lack of an asso-
ciation in cross-sectional analyses but a robust association in
longitudinal analyses. Alternatively, it is possible that there is
an association between PM2.5 and AD-PS scores at MRI-1 but
that we were unable to capture this in our cross-sectional

analyses. Perhaps we observed a statistically significant asso-
ciation between PM2.5 and changes in AD-PS scores only due
to the statistical power and precision gained by having re-
peated measures of the study outcome, which is a known
strength of longitudinal designs over cross-sectional designs.
This longitudinal study investigated whether PM2.5 contrib-
utes to progressive gray matter atrophy in brain regions vul-
nerable to AD, as captured by the AD-PS score. Several cross-
sectional studies have used neuroimaging data to explore the
neurotoxic effects of PM2.5 on brain structure. Wilker et al.17

found that increased residential exposure to PM2.5 was asso-
ciated with smaller total cerebral brain volumes. Using the
WHIMS-MRI data, our region-of-interest analyses showed
that living in locations with higher PM2.5 was associated with
smaller total brain and white matter volumes.18 Using voxel-
based morphometry, Casanova et al.24 reported cross-
sectional associations between PM2.5 exposure and patterns
of smaller gray matter primarily in the prefrontal cortex, with
no significant associations in other regions (e.g., hippocam-
pus; thalamus) affected in early AD. In the Atherosclerosis
Risk in Communities study, there were only marginally sig-
nificant associations between PM2.5 and smaller volumes of
deep gray structures (thalamus, caudate, putamen, and pal-
lidum).19 In addition to reproducing the negative associations
between PM2.5 exposure and white matter volumes in the UK
Biobank MRI cohort, investigators showed negative associa-
tions between PM2.5 and total gray matter and prefrontal
cortical volumes but no association with thalamic
volume.20–22 It is interesting to note that of 4 studies with
region-of-interest analyses, only 1 study reported statistically

Table 4 Multicovariate-adjusted GLM Analysis of Long-term Ambient Fine Particles on AD-PS Scores at MRI-1 and
Changes in Standardized AD-PS Scores

Model

AD-PS Score at MRI-1 Changes in AD-PS Scores

No. β Valuea 95% CI No. β Valueb 95% CI

Crude 1,365 0.002 −0.014 to 0.019 712 0.031 0.017–0.046

Adjusted

Model 1c 1,365 −0.005 −0.020 to 0.010 712 0.031 0.015–0.047

Model 2d 1,361 −0.003 −0.018 to 0.011 709 0.031 0.014–0.047

Model 3e 1,340 −0.002 −0.017 to 0.013 700 0.030 0.013–0.046

Model 4f 1,237 −0.004 −0.020 to 0.011 658 0.026 0.009–0.043

Model 5g 1,237 −0.004 −0.019 to 0.011 658 0.026 0.009–0.043

Model 6h 1,237 −0.003 −0.018 to 0.013 658 0.027 0.010–0.044

Abbreviations: AD-PS = Alzheimer disease pattern similarity; CI = confidence interval; GLM = general linear model.
a Expressed as the increase in AD-PS scores associatedwith an interquartile-range increase in 3-year particulatematter with aerodynamic diameters <2.5 μm
(PM2.5) before MRI-1 (interquartile range [IQR] 3.24 μg/m3).
b Expressed as the IQR increment of 3-year PM2.5 before MRI-1 (IQR 2.82 μg/m3) associated with an increase in AD-PS scores over a 5-year period.
c Adjusted for age at MRI screening, ethnicity, region, and intracranial volume.
d Model 1 + socioeconomic factors (income, education, and employment status).
e Model 2 + lifestyle factors (alcohol use, smoking, and physical activity).
f Model 3 + clinical characteristics (history of depression, hormone therapy use, bodymass index, high cholesterol, diabetes, hypertension, and cardiovascular
disease).
g Model 4 + Women’s Health Initiative hormone therapy intervention assignment.
h Model 5 + white matter lesions.
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significant associations between PM2.5 and hippocampal
volume, which was constrained to the left side only.23 The
defining neuropathologic signatures of AD include aggrega-
tion of phosphorylated tau in neurofibrillary tangles com-
bined with β-amyloid plaque deposition. Tau aggregates first
develop in the locus coeruleus and subsequently in the hip-
pocampus and other regions of the neocortex, while β-amy-
loid deposits are first observed in the neocortex and then
detected in increasingly caudal areas with disease pro-
gression.25 Therefore, several areas of the brain are affected in
the early pathogenetic processes of AD, highlighting the need
to look at the spatial distribution of brain atrophies rather than
focusing on 1 region (i.e., hippocampus) as was done in these
previous reports. Although progressive loss of tissue in the
hippocampus is present at a higher rate in patients with AD,
hippocampal atrophy is not specific to AD, or even dementia,
because it is present in a variety of neuropsychiatric disorders
and in healthy aging to some degree.46 In contrast, the vali-
dation of the AD-PS score was based on a clinically well-
defined diagnosis of AD from the ADNI database; the use of
the machine learning approach captured the spatial patterns
of gray matter atrophy specific to an increased risk for AD.25,26

Our study results contribute to a better understanding of the
underlying neuropathologic processes linking late-life exposure to
ambient PM2.5 with brain aging, cognitive decline, and increased
risk of dementia, including AD.1 Two major mechanistic path-
ways linking ambient air pollution to cognitive impairment and
dementia have been hypothesized. The firstmechanism proposes
that exposure to high levels of PM2.5 increases cerebrovascular
injuries and subsequent loss of brain tissues, linking air pollution
to brain aging via this neurovascular pathway. The second argues
for the direct neurotoxicity of PM2.5 on brain structure contrib-
uting to the neurodegenerative process of dementia.18 In our
study, the adverse PM2.5 effects were robust even after further
adjustment for white matter lesion volumes (proxy for cerebro-
vascular damage) or the exclusion of womenwith incident clinical
stroke. Other published neuroimaging studies did not find strong
evidence or consistent patterns of association between PM2.5

exposure and MRI-based measurements of late-life subclinical
cerebrovascular disease to support this neurovascular
pathway.17–19,47,48 Although based on cross-sectional data, col-
lectively, these observations implied that cerebrovascular injuries
measured in late lifemay not play a critical role for brain aging and
increased risk of dementia associated with late-life exposure to
PM2.5. Despite the robust association observed in this study, to
fully investigate whether the neurodegenerative effects of late-life
exposures to airborne particles may be contributed by or may be
independent of cerebrovascular damage before or during late life,
we call for future studies to replicate these results and to thor-
oughly explore other measures of cerebrovascular damage that
may not be captured by white matter lesions and were not ex-
plored in our study (e.g., microbleeds, lacunar infarcts).

Our findings have important public health and regulatory
implications. We showed that the putatively neurotoxic effect
of PM2.5 was present even among healthy individuals without

cognitive impairment or cardiovascular diseases, and the ob-
served association between PM2.5 and AD-PS scores
remained statistically significant when our analyses were re-
stricted to concentrations below the EPA regulatory standard
(table e-8 available from Dryad, doi.org/10.5061/dryad.
xgxd254cq). Understanding the shape of the exposure-
response curve has been critical for evaluating the public
health impact of air pollution because current regulatory
standards implicitly assume a threshold effect at 12 μg/m3.
The majority of studies reporting increased dementia risk
associated with PM2.5 were based on exposure levels that far
exceeded the US regulatory standard,9,10,12,13,15,49 with con-
centrations reaching levels as high as 61.76 μg/m3 in 1 study.
In WHIMS, we found that residing in places with PM2.5

concentrations >12 μg/m3 increased the risks for global
cognitive decline by 81% and all-cause dementia by 92%.10 To
date, only 1 study has reported an increase in dementia risk
(54% per 0.88-μg/m3 increase in PM2.5) when the upper limit
for the 5-year exposure period of PM2.5 (average 8.4 μg/m3,
range ≈7.5–10 μg/m3) was below the US standard.50 Partic-
ipants were drawn from a fairly homogeneous population of
community-dwelling and institutionalized individuals residing
in an urban district in Sweden, limiting the generalizability of
these findings. Therefore, our study findings call for future
studies using geographically diverse community-dwelling
populations to determine whether long-term exposures to
low levels of PM2.5 below the current regulatory standard still
lead to increased AD risk in contemporary populations.

We recognize several limitations of our study. First, WHIMS
neuroimaging data did not include PET scans, which are well
established for measuring AD neuropathology in vivo.51

However, PET scans are not widely available in community
samples, and the AD-PS score is a well-validated metric that
has been shown to be associated with several AD risk factors
and incident cognitive impairment.26,52 Second, although the
PM2.5 exposures based on spatiotemporal interpolation were
well cross-validated (average Pearson R2 = 0.70),10,41 non-
differential measurement errors in such estimates are un-
avoidable and would likely attenuate the observed
associations. Third, nationwide PM2.5 monitoring data were
unavailable before 1999 and WHI did not collect early-life
residential location data, so we were unable to estimate PM2.5

exposures during the early-life or midlife periods. Air pollu-
tion levels have decreased over the past 2 decades, so it may be
possible that early-life or midlife PM2.5 exposures could have
greater adverse effects or initiate different neuropathologic
processes (e.g., cerebrovascular damage before late life) that
were not observed in our current study. However, our study
findings are salient and particularly relevant to the increasing
epidemiologic evidence for dementia risk associated with late-
life exposures to PM2.5. Fourth, we focused only on regional
PM2.5 and did not explore chemical constituencies (e.g., black
carbon, inorganic secondary aerosols), other exposure sources
(e.g., traffic emissions), or possible interactions with other
pollutant mixtures.53 Fifth, although our sensitivity analyses
suggest that cerebrovascular damage measured in late-life and
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stroke could not explain the observed adverse PM2.5 effects on
AD-PS scores, it is important to note that our results did not
rule out other measures of cerebrovascular damage that may
not be captured by white matter lesions (e.g., microbleeds,
lacunar infarcts). Although previously published air pollution
neuroimaging studies have not provided strong evidence
supporting the association between late-life air pollution and
MRI-measured cerebrovascular damage,17–19,47,48 it is possi-
ble that PM2.5 exposures before late life could impart adverse
effects that were missed in this study.31 Sixth, although an
effort was made to account for the potential effects of differ-
ential dropout on parameter estimates by incorporating in-
verse probability weighting, it remains possible that selective
participation may have biased our results. However, our
weighted tables (tables e-13 and e-14 available from Dryad,
doi.org/10.5061/dryad.xgxd254cq) demonstrate that our in-
verse probability weights resulted in cohort characteristics at
MRI-2 that closely resembled those of the MRI-1 and WHI
samples. Seventh, our sample size may have been too small to
provide the statistical power needed to identify significant
interactions between ambient air pollution and the clinical
characteristics (table e-12 available from Dryad, doi.org/10.
5061/dryad.xgxd254cq), so future studies are needed to re-
peat these analyses with larger sample sizes. Finally, our
findings are not generalizable to men or younger populations.

This study also had several major strengths. First, we addressed a
critical gap in current knowledge in a cost-efficient manner by
leveraging existing data from a well-characterized and geo-
graphically diverse cohort of older women. Second, our analyses
included 2 brain scans with enough time between each to allow
the progression of neurodegeneration. In addition, we used a
neuroanatomic brainMRI biomarker for increased risk of AD that
captured the spatial patterns of graymatter atrophy specific toAD.
Last, the comprehensive WHIMS data allowed us to control for
potential confounding and other potential sources of biases.

This study provides the first supporting epidemiologic evi-
dence that late-life exposure to ambient PM2.5 may increase
the neuroanatomic risk of AD and may directly contribute to
the neurodegenerative process of dementia independently of
the neurovascular pathway. The adverse PM2.5 effect was
present at low exposure levels below the US EPA regulatory
standard and remained measurable in healthy older women
without the high-risk cardiovascular profiles that may accel-
erate brain aging. Future studies using other AD biomarkers
(e.g., PET scans, other MRI-based indices, CSF and blood-
based biomarkers) in the preclinical stage are needed. If the
adverse neurotoxic effects of PM2.5 are substantiated, the
resulting knowledge should inform strategies for early inter-
ventions to target this modifiable environmental risk factor in
the preclinical stage to prevent the neuropathologic cascade
leading to the subsequent progression of AD.
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