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BACKGROUND: Episodic memory decline varies by age and underlying neuropathology. Whether ambient air pollution contributes to the heterogeneity
of episodic memory decline in older populations remains unclear.

OBJECTIVES: We estimated associations between air pollution exposures and episodic memory decline according to pollutant, exposure time window,
age, and latent class subgroups defined by episodic memory trajectories.

METHODS: Participants were from the Women’s Health Initiative Memory Study-Epidemiology of Cognitive Health Outcomes. Older women (n =2,056;
74-92 years of age) completed annual (2008-2018) episodic memory assessments using the telephone-based California Verbal Learning Test (CVLT). We
estimated 3-y average fine particulate matter [PM with an aerodynamic diameter of <2.5 um (PM; 5)] and nitrogen dioxide (NO;) exposures at baseline and
10 y earlier (recent and remote exposures, respectively), using regionalized national universal kriging. Separate latent class mixed models were used to esti-
mate associations between interquartile range increases in exposures and CVLT trajectories in women <80 and >80 years of age, adjusting for covariates.
RESULTS: Two latent classes were identified for women <80 years of age (n=828), “slow-decliners” {slope= —0.12/y [95% confidence interval
(CD): —0.23, —0.01] and “fast-decliners” [slope= —1.79/y (95% CI: —2.08, —1.50)]}. In the slow-decliner class, but not the fast-decliner class,
PM, s exposures were associated with a greater decline in CVLT scores over time, with a stronger association for recent vs. remote exposures
[-0.16/y (95% CI. —2.08, —0.03) per 2.88ug/m* and —0.11/y (95% CI: —0.22, 0.01) per 3.27 ug/m?, respectively]. Among women
>80 years of age (n=1,128), the largest latent class comprised “steady-decliners” [slope= —1.35/y (95% CI: —1.53, —1.17)], whereas the second
class, “cognitively resilient”, had no decline in CVLT on average. PM; 5 was not associated with episodic memory decline in either class. A 6.25-ppb
increase in recent NO, was associated with nonsignificant acceleration of episodic memory decline in the <80-y-old fast-decliner class [—0.21/y
(95% CIL: —0.45, 0.04)], and in the >80-y-old cognitively resilient class [—-0.10/y (95% CI: —0.24, 0.03)] and steady-decliner class [-0.11/y (95%
CI: —0.27, 0.05)]. Associations with recent NO, exposure in women >80 years of age were stronger and statistically significant when 267 women
with incident probable dementia were excluded [e.g., —0.12/y (95% CIL: —0.22, —0.02) for the cognitively resilient class]. In contrast with changes in
CVLT over time, there were no associations between exposures and CVLT scores during follow-up in any subgroup.

DiscussION: In a community-dwelling U.S. population of older women, associations between late-life exposure to ambient air pollution and episodic
memory decline varied by age-related cognitive trajectories, exposure time windows, and pollutants. https://doi.org/10.1289/EHP7668

(Dubois et al. 2016), research attention has been placed on episodic
memory as one of the most sensitive cognitive domains with early
decline detectable in preclinical Alzheimer’s disease (Gallagher
and Koh 2011). Episodic memory performance undergoes signifi-
cant changes throughout the life span, following a curvilinear
shape with rapid improvement during childhood, early decline be-
ginning around middle age, and accelerated decline in very old age
(>80years of age) (Shing et al. 2010; Singer et al. 2003).
However, there is considerable heterogeneity in episodic memory
decline, with individual trajectories varying from average popula-
tion trajectories in terms of both starting levels and rates of change

Introduction

Decline in episodic memory (e.g., the ability to remember details
from daily experience, as well as the spatial and temporal context
of events) is commonly associated with normal cognitive aging
(Tulving 2002), but more severe changes are the hallmark symp-
tom of Alzheimer’s disease. Given that the field of Alzheimer’s
disease has shifted its focus to the preclinical stage of the disease
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(Olaya et al. 2017). This heterogeneity has been demonstrated in
longitudinal studies in general populations that have identified
from two to four distinct trajectories of episodic memory over time
among older individuals (Lee et al. 2018; McFall et al. 2019; Olaya
et al. 2017; Wilson et al. 2020; Zahodne et al. 2015), and there is
evidence suggesting that heterogeneity in memory performance
increases into very old age (Finkel and Reynolds 2014; Olaya et al.
2017). For instance, across old age, memory performance may
remain relatively unchanged until very late in life, decline linearly
over time, or decline rapidly with the acceleration becoming more
evident in very old age (Ding et al. 2019; Small and Bickman
2007). Studies using a data-driven approach to identify latent
classes of cognitive trajectories have also shown that the influence
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of modifiable risk factors on cognitive change may differ across
latent classes (Wu et al. 2020). Although twin studies suggest that
late-life episodic memory performance is heritable, approximately
40-60% of the total variance has been attributed to environment
factors (Finkel and McGue 1998; Giubilei et al. 2008; Swan et al.
1999). Previous studies have focused primarily on the social envi-
ronment (Josefsson et al. 2012; McFall et al. 2019) while overlook-
ing the influence of the physical environment.

Data has emerged over the past decade supporting the detri-
mental effects of air pollution exposure on brain aging (The Lancet
Neurology 2018). Longitudinal studies have shown that late-life
exposures to ambient air pollution, especially fine particulate mat-
ter [PM with an aerodynamic diameter of <2.5 pm (PM;5)] and
oxides of nitrogen [nitrogen oxide (NO) and nitrogen dioxide
(NO3,)], are associated with increased risk of dementia, including
Alzheimer’s disease (Peters et al. 2019). However, published stud-
ies have reported mixed findings for associations between air pol-
lution and episodic memory decline (Kulick et al. 2020a, 2020b;
Oudin et al. 2017; Petkus et al. 2020; Tonne et al. 2014; Weuve
et al. 2012; Wurth et al. 2018; Younan et al. 2020). These studies
assumed a single common trajectory for changes in episodic mem-
ory performance over time, and only one (Kulick et al. 2020a)
investigated whether associations varied by age. In addition, the
majority of previous studies investigated recent exposures aver-
aged over a few years prior to the neuropsychological assessment,
and it remains unclear whether exposures that occurred earlier in
time are associated with episodic memory decline in later life.

To address these knowledge gaps, we conducted a longitudi-
nal study to examine the association between long-term exposure
to ambient air pollution and late-life episodic memory assessed
annually (2008-2018) in a geographically diverse sample of
community-dwelling older women. The aim of our study was to
investigate whether long-term exposures were associated with
changes in episodic memory and whether the putative exposure
effects differed by sample age (<80 vs. >80 years of age), expo-
sure time window, or pollutants (PM; s vs. NO»).

Methods
Study Sample

We conducted a prospective cohort study on community-dwelling
women enrolled in the Women’s Health Initiative Memory Study—
Epidemiology of Cognitive Health Outcomes (WHIMS-ECHO).
WHIMS-ECHO was an extension of the WHIMS, a Women’s
Health Initiative (WHI)-Hormone Therapy (HT) trials ancillary
study designed to investigate the role of postmenopausal hormone
therapy on the incidence of all-cause dementia (Shumaker et al.
1998). Women enrolled in the WHI-HT trials were recruited
to participate in the WHIMS ancillary study if they were
>65 years of age at WHIMS enrollment in 1995-1998. WHIMS
participants completed annual cognitive assessments in the WHI-
HT trial phase (which was terminated in 2002 or 2004, depending
on the WHI trial arm) and posttrial extension phase (which contin-
ued through May 2008). Starting in September 2008, WHIMS par-
ticipants who were still engaged in WHI follow-up were enrolled
in WHIMS-ECHO if they provided informed consent to undergo
annual telephone-based assessments of their cognitive function,
allowed a friend or family member to be contacted, and had
adequate hearing to complete telephone interviews (Espeland et al.
2017). From WHIMS-ECHO enrollment until June 2018, partici-
pants completed annual neuropsychological assessments through
centralized telephone-administered cognitive interviews con-
ducted by trained and certified staff.

For this study, we excluded women who were classified as
probable dementia cases at or before WHIMS-ECHO enrollment
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(n=82), women who did not complete any California Verbal
Learning Test (CVLT) assessments of episodic memory, including
women who were lost to follow-up before the CVLT was added to
the annual assessment (n =523), those with missing air pollution
data for one or both of the exposure time windows examined in the
analysis (n=71), and those with missing data on key covariates at
WHI inception (n = 148), including education, employment status,
alcohol intake, smoking, diabetes, high cholesterol, hypertension,
cardiovascular disease (CVD), or neighborhood socioeconomic
characteristics. The final analytic sample comprised 2,056 women,
including 828 who were <80 years of age and 1,228 who were
>80 years of age at WHIMS-ECHO enrollment (Figure 1A).

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
WHIMS-ECHO study.

Measures of Episodic Memory

Episodic memory was assessed annually over the phone using a
modified version of the CVLT (Delis et al. 1987). CVLT data col-
lected through June 2018 were used in the present study.
Participants were read a 16-item list of words from four semanti-
cally related categories. Each time the list was read the participant
was instructed to immediately repeat back as many words as she
could remember. We defined the episodic memory score as the
total number of correct responses across three learning trials (0 to
48), with higher scores representing better performance. In contrast
with the standard version of the CVLT that includes five learning
trials, the modified version administered in WHIMS-ECHO was
limited to three learning trials and did not include interference tri-
als, short- or long-delayed free or cued recall, or word recognition.

Air Pollution Exposures

Data on participants’ residential addresses were collected at each
WHI assessment and updated either during regular follow-up
contacts at least semiannually or when participants alerted WHI
staff about any change of address between regularly scheduled
follow-ups from WHI clinical trial inception. The exact date of
the change in residence was entered and used in analyses when
available, otherwise the date when the change in residence was
ascertained was used. The location of each residence was geo-
coded using standardized procedures (Whitsel et al. 2006).
Annual mean concentrations of PM, 5 in micrograms per meter
cubed and NO, in parts per billion (a proxy measure for traffic-
related air pollutants) were estimated at each participant’s
address, using validated regionalized national universal kriging
models with partial least squares regression of geographic covari-
ates and U.S. Environmental Protection Agency monitoring data.
More than 300 geographic covariates covering categories of pop-
ulation, land use, vegetative index, impervious surfaces, roadway,
and proximity to features were used in the historical models for
pre-1999 PM, 5 estimation or the national models for post-1999
PM, 5 estimation (Kim et al. 2017; Sampson et al. 2013). For
NO; estimation, satellite data and >400 geographic covariates
covering proximity and buffer measures were used in models
(Young et al. 2016). The average cross-validation R*> was 0.88
for PM; 5 and 0.85 for NO, (Sampson et al. 2013; Young et al.
2016). We then used the annual estimates of each pollutant to cal-
culate the “recent” 3-y average spanning the 3-y time window
prior to the WHIMS-ECHO enrollment date and the “remote”
3-y average exposure, which was lagged 10 y from the WHIMS-
ECHO enrollment date, accounting for residential mobility
(Figure 1B). The length of stay at each residential location within
the 3-y time window was used as the weight in each calculation.
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Figure 1. (A) Flowchart of study population and (B) illustration of the study timeline. Exposure time windows in (B) were defined based on each participant’s
WHIMS-ECHO enrollment date; the example shown is used for illustrative purposes. Note: CVLT, California Verbal Learning Test; WHI-CT (HT), Women’s
Health Initiative-Clinical Trial (Hormone Therapy); WHIMS-ECHO, Women’s Health Initiative Memory Study-Epidemiology of Cognitive Health Outcomes.

Ascertainment of Probable Dementia

Incident cases of probable dementia were determined using
published WHIMS-ECHO protocols (WHI Memory Study
2020). Briefly, participants underwent an annual, validated tel-
ephone interview that comprised a neuropsychological battery,
including the modified Telephone Interview for Cognitive
Status (TICSm) and additional neuropsychological tests. If a
woman scored <31 on the TICSm, the standardized, validated
Dementia Questionnaire (DQ) was administered to a previ-
ously identified proxy (friend or family member). The results
and the cognitive scoring history were then reviewed by a
panel of experts in the diagnosis of dementia. A Supplemental
Case Ascertainment Protocol (SCAP) was also implemented
in the WHIMS-ECHO to identify cases of probable dementia
in the deceased and proxy-dependent participants (Gaussoin
et al. 2019). In the SCAP, the DQ data administrated to a
participant-identified proxy and all prior assessments were
used for adjudication of dementia. Clinical diagnoses of de-
mentia were decided by the central adjudication committee for
final confirmation.
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Covariate Data

A structured questionnaire was administered to participants at WHI
inception (in 1993-1998) to gather information on demographics
[geographic region (Northeast, South, Midwest, or West), age], soci-
oeconomic factors {educational attainment [<high school or
General Educational Diploma (GED), >high school but <4y
of college, or >4y of college]; family income [<$9,999,
$10,000-$34,999, $35,000-$49,999, $50,000-$74,999, >$75,000,
or missing/unknown (as a separate category)]; employment status
(currently working, not working, or retired), and lifestyle factors
(smoking status [never, past or current smoker]; alcohol intake [non-
drinker, past drinker, <1 drink/d, or >1 drink/d]; physical activity
(defined as episodes per week of moderate and strenuous recrea-
tional physical activity of >20 min: no activity, some activity, 2—4
episodes/wk, or >4 episodes/wk)}. We also collected information
on race/ethnicity, which was reported by participants in response to
“How would you describe your racial or ethnic group? If you are of
mixed blood, which group do you identify with most?,” with the fol-
lowing options for responding: “American Indian or Alaskan
Native,” “Asian or Pacific Islander (ancestry is Chinese, Indo-
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Chinese, Korean, Japanese, Pacific Islander, Vietnamese),” “Black
or African-American (not of Hispanic origin),” “Hispanic/Latino
(ancestry is Mexican, Cuban, Puerto Rican, Central American, or
South American),” “White (not of Hispanic origin),” and “Other.”
Although we provide descriptive information according to the origi-
nal response categories, it was necessary to aggregate women who
self-classified as “American Indian or Alaskan Native” or “Asian or
Pacific Islander” into the “Other” category because of the small num-
bers in these groups. Therefore, the race/ethnicity categories used in
data analyses were ‘“Black, non-Hispanic,” “Hispanic/Latino,”
“White, non-Hispanic,” and “Other.” The ‘“other” category also
included women with missing data for race/ethnicity.

Clinical characteristics were also ascertained (yes or no), includ-
ing any postmenopausal hormone treatment and self-reported his-
tories of CVD (defined as physician-diagnosed heart problems,
problems with blood circulation, or blood clots), hypertension
(defined as physician-diagnosed hypertension, not including high
blood pressure during pregnancy), hypercholesterolemia (defined as
physician-diagnosed high cholesterol requiring pills), and diabetes
mellitus (defined as physician diagnosis plus oral medications or in-
sulin therapy). Good reliability and validity of both the self-reported
medical histories and the physical measures have been previously
documented (Heckbert et al. 2004; Johnson-Kozlow et al. 2007,
Margolis et al. 2008). Specifically, for cardiovascular events, there
was substantial agreement between self-report and review by study
physicians at clinical centers (kappa = 0.64—0.85) (Heckbert et al.
2004). Self-reported prevalent diabetes was consistent with medica-
tion inventories in 77% and with fasting values of >126 mg/dL in
75% of women (Margolis et al. 2008). In addition, a study investi-
gating the psychometric properties of the physical activity measure
of the WHI showed that it was highly correlated with accelerometer
data (R=0.73, p <0.01) and the widely used 7-d Physical Activity
Recall questionnaire (R=0.88, p <0.01) (Johnson-Kozlow et al.
2007). In addition to the covariates collected at WHI inception, clin-
ical covariates (hypertension; history of CVD) that were updated
before the WHIMS-ECHO enrollment were also available for sensi-
tivity analyses. History of hypertension was updated using meas-
ured blood pressures at annual in-person visits between 1993 and
2005 (elevated blood pressures were defined as systolic
>140mmHg or diastolic >90mmHg). History of CVD was
updated using data on incident CVD events (coronary heart disease;
myocardial infarction; coronary revascularization; coronary angio-
plasty; coronary artery bypass graft; atrial fibrillation; stroke) that
were identified through initial self-report in annually updated medi-
cal questionnaires and subsequent medical record review by central
adjudicators before the WHIMS-ECHO enrollment. Last, socioeco-
nomic characteristics of residential neighborhood characterized at
the U.S. Census tract level were calculated at both WHI inception
and WHIMS-ECHO enrollment (Diez Roux et al. 2001). Briefly,
six attributes covering domains of wealth/income, education, and
occupation from the “U.S. Census of Population and Housing 2000
Summary File 3” (U.S. Census Bureau and ICPSR 2006), or their
5-y analogs from the American Community Survey 2005-2009 to
2013-2017 (U.S. Census Bureau 2019), were temporally matched
to geocoded participant addresses (Whitsel et al. 2004, 2006). Each
attribute had been aggregated at the U.S. Census tract level (i.e., the
lowest geographic level historically associated with accurate and
reliable assignment of Federal Information Processing System
codes) (Whitsel et al. 2006). The six variables included a) log trans-
formation of median household income; b) log transformed median
value of owner-occupied housing units; ¢) percentage of households
receiving interest, dividend, or net rent income; d) percentage of
adults >25 years of age with a high school degree; ¢) percentage
of adults >25 years of age with a college degree; and f) percentage
of employed persons >16years of age with a professional,
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managerial, or executive occupation. These variables were standar-
dized using the corresponding population-specific mean and stand-
ard deviation and then summed to derive a z-score for neighborhood
socioeconomic status (SES). As computed, a higher neighborhood
SES score implied a more advantageous neighborhood SES.

Statistical Analysis

Latent class mixed models. We stratified our statistical analyses
by age at WHIMS-ECHO enrollment (<80 vs. >80 years of age)
because of known heterogeneity in late-life episodic memory tra-
jectories and the evidence of accelerated decline in very old age
(Finkel and Reynolds 2014; Lee et al. 2018; McFall et al. 2019;
Olaya et al. 2017; Wilson et al. 2020; Zahodne et al. 2015).
Within each age group, we fitted latent class mixed models
(LCMMs) (Proust-Lima et al. 2017) to identify groups of women
with similar trajectories of episodic memory over time, where
trajectories were characterized by a random intercept and the lin-
ear change of CVLT scores within each latent class. We deter-
mined the optimal number of latent classes using age-stratified
models with follow-up time and age at WHIMS-ECHO enroll-
ment as the only predictors, beginning with a one-class solution
and sequentially increasing the number of classes until we identi-
fied the optimal set of latent classes for each age group on the ba-
sis of the Bayesian Information Criterion (the lower the better),
the number of women in each class (at least 5% of the popula-
tion), and interpretability of the identified trajectories, similar to
our prior work (Petkus et al. 2019). Posterior probabilities were
also evaluated to ensure that the average posterior probability for
women assigned to a given latent class by the baseline LCMM
was >70%. To avoid convergence at a local maximum, we used a
grid of 10 random initial values and retained the estimates of the
random initialization with the best log-likelihood.

After determining the optimal number of latent classes within
each age group, we used separate LCMM s to estimate either class-
specific or global exposure effects of recent or remote PM, 5 expo-
sures on linear changes in episodic memory over time, and we used
similar models to estimate associations with recent or remote NO,.
The LCMM with global exposure effects assumed a common asso-
ciation across latent classes, allowing us to explore heterogeneity
in associations between age groups, exposure time windows, and
pollutants without regard to latent class. In the data-driven LCMM,
the number of latent classes was held constant according to our ini-
tial analysis, but the posterior probability of each class for a given
woman, and thus each woman’s specific class assignment, could
vary when air pollution exposures and additional predictors or
covariates were added to the model. Two sets of covariates were
considered in the models. Our base model included age at
WHIMS-ECHO enrollment, follow-up time, interaction of age
with follow-up time, and time-varying propensity score. Our fully
adjusted model contained a full set of covariates with additional
covariates including geographic region, race/ethnicity, education,
income, employment status, neighborhood SES, lifestyle factors
(smoking, drinking, and physical activities), and clinical character-
istics (hormone treatment, CVD risk factors, and CVD histories).
Except for the time-varying propensity scores, all covariates in the
primary fully adjusted model were classified at WHI inception.
These two sets of covariates were chosen in order to evaluate if
there were significant associations with minimal covariates
adjusted and whether the estimated associations were robust after
further adjusting for known potential confounders. In these mod-
els, the parameter of interest is the interaction of the exposure with
follow-up time. The age-equivalent effect for the association
between each exposure and change in CVLT scores within the
same class was calculated as PBexposure xtime/ Bage xtimes  Where
Bexposure xtime a1 Bage xiime Were the parameters estimated for the
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interaction of the exposure with follow-up time or the interaction
of age with follow-up time, respectively. Finally, in addition to
estimating associations between air pollution exposures and
changes in episodic memory over time, we estimated average asso-
ciations with episodic memory scores modeled as repeated out-
comes during follow-up using the same models, but without
interaction terms for exposure with follow-up time.

The time-varying propensity score approach to adjust for
selective attrition due to loss to follow-up. To account for selec-
tive attrition during the WHIMS-ECHO follow-up, models also
included time-varying propensity scores (Robins et al. 2000;
Wyss et al. 2020), which were generated using a two-stage mod-
eling approach for each woman at each year of follow-up. We
calculated the probability of having the observed exposures over
different follow-up intervals and included this periodically
updated probability as a time-varying covariate in the LCMM to
control for potential bias due to differential attrition. The proce-
dure included four steps. First, we divided follow-up time into
intervals based on time since WHIMS-ECHO enrollment (<2,
2-<3, 3—-<4, 4-<5, 5-<6, 6-<7, 7-<8, and >8y since
enrollment) so that data from women with cognitive function
measurements in the same time interval could be grouped to-
gether. In the second step, we constructed linear regression mod-
els with air pollution exposure as the continuous outcome and
used forward selection to assess each of the 15 covariates
included in the fully adjusted LCMM and to identify statistically
significant predictors of exposure using a significance level of
0.05/15 to account for multiple tests. Our final model included
race/ethnicity and geographic region as independent variables
and air pollution (A,) as the dependent variable for each follow-
up time interval 7 (r=1,2,...,8), as shown below:

A, =0+ B, X race + B, X region + &, where & ~ N(0,6°).

We used the parameters (4, ﬁl, Gz, and &) to estimate the
probability of having the observed exposure a; for each subject i
by the normal density (Robins et al. 2000), as shown below:

1

e [ai - (& + B, race; + Bzregion,)}zﬁéz.

f(ai|race;,region;) =
262

This is the preliminary propensity score (PS;) for each individ-
ual with a visit in time interval ¢. In the third step, we improved the
propensity scores by adding an interaction term between prelimi-
nary propensity scores for different time intervals to the linear
regression model as a surrogate for possible covariate interactions
that may impact the prediction model, as shown below:

A, =0 + B xrace + B, X region + B X PS;_ | X PS4
+¢/,where ¢’ ~ N(O,G'Z)

where PS,_; and PS,;; represent the preliminary propensity
scores for the closest time intervals that an individual had a visit
in before and after time interval 7, respectively. The updated PS,’
was then calculated as follows:

PS, =f(a;|race;,region;, PS; - 1,PS;+1)

~ 2

~ ~ ~
[a,-f ( o + B race; + B region; + By PS;_y xpst“)]
1 - 2
~
= ¢ 20

e

In the last step, we included the updated propensity score, or
the preliminary version if it was unable to be updated, in the
LCMM as a time-varying covariate to control for differential
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attrition in all analyses. Models without adjustment for propen-
sity scores were also conducted for comparison.

Additional analyses. In order to compare the estimated expo-
sure effects on episodic memory decline between recent and
remote exposures, we repeated the analyses of remote exposures
scaled by the interquartile range (IQR) of recent exposures. To
account for potential practice effects resulting from women hav-
ing previously completing the CVLT or recalling the word list
administered, we included a fixed effect of “practice” in models
that was represented by a time-varying indicator variable coded
as “0” at the initial assessment and ““1” at each subsequent assess-
ment. To further control for possible residual confounding that
may result from the temporal misspecification of covariates
measured only at WHI inception, we adjusted analyses of recent
exposures using covariates (hypertension; CVD history; neigh-
borhood SES characteristics) that were updated at WHIMS-
ECHO enrollment.

Two sets of sensitivity analyses were also conducted to evalu-
ate the robustness of our findings on episodic memory declines.
We excluded participants who had either a prevalent stroke or an
incident stroke during the follow-up to examine whether associa-
tions with recent exposures might be explained by cerebrovascu-
lar risk. To explore whether associations with recent ambient air
pollution exposure might be explained by underlying dementia
risk, we repeated analyses after excluding women who were
newly classified as having probable dementia during follow-up.
Latent class memberships based on fully adjusted models without
these exclusions were carried forward to these analyses.

All statistical analyses were performed using R (version
3.6.2; R Development Core Team) and SAS (version 9.4; SAS
Institute). All statistical tests were interpreted at the 0.05 signifi-
cance level.

Results

Population Characteristics, Air Pollution Exposure
Distribution, and Trajectories of Episodic Memory

The entire study sample comprised predominantly non-Hispanic
White women (91%) with only 5% non-Hispanic Black women,
1% Hispanic women, and <1% American Indian or Alaskan
Native and Asian or Pacific Islander. There was also 1% who
selected “other” instead of one of the five specific race/ethnicity
categories. Most (75%) of these women had retired at the time of
WHI inception (Table 1). Half of the women had never smoked
(55%) or reported no physical activity (54%). The majority of
women did not have a history of hypercholesterolemia (84%), di-
abetes (96%), hormone treatment (55%), hypertension (66%), or
CVD (86%) at WHI inception. Compared with the 824 WHIMS-
ECHO participants excluded from our analyses, the 2,056 women
who were included had lower average air pollution exposures
(for recent NO, and for recent and remote PM,5) and were a
year younger on average, more likely to be non-Hispanic White
(91% vs. 83%), and more likely to reside in the Northeast (32%
vs. 26%) and less likely to reside in the South (20% vs. 26%)
(Table S1). They were also more educated (37% vs. 28% with
>4y of college), had higher incomes (10% vs. 6% had incomes
of >$75,000), and resided in neighborhoods with higher average
SES scores at both WHI inception and WHIMS-ECHO enroll-
ment. These women were also less likely to self-report a history
of hypercholesterolemia at WHI inception (17% vs. 21%).
Estimated 3-y average exposures at the remote (10 y before
the WHIMS-ECHO enrollment) and recent (immediately before
the WHIMS-ECHO enrollment) time periods were moderately
correlated for PM; s (Pearson correlation=0.80 for both age
groups, p<0.01) and highly correlated for NO, (Pearson
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Table 1. Distribution of recent and remote 3-y average PM; 5 and NO, exposures and population characteristics [mean + SD or n (%)], overall and according
to age at WHIMS-ECHO enrollment and cognitive function trajectory subgroups determined by a latent class mixed model with follow-up time and age at
WHIMS-ECHO enrollment as the only predictors.

Age <80y Age >80y
All women Age <80y Age >80y Slow-decliners  Fast-decliners Cognitively resilient ~ Steady-decliners

Characteristics (n=2,056) (n=2828) (n=1,128) p-Value® (n=643) (n=185) p—Valueh (n=351) (n=2877) p-Value®

Air Pollution Exposures
Remote PM, 5 (jg/m?) 13.29+2.71  13.17+2.54 13.36+2.81 0.11 13.20+2.58 13.05+£2.42 0.48 13.44 +2.87 13.33+£2.79 0.54
Recent PM, 5 (ug/m?) 10.52+2.01  10.53+2.02  10.51+2.00 0.85 10.52 +2.06 10.56 +1.91 0.81 10.50 + 1.96 10.51 +2.01 0.93
Remote NO; (ppb) 1582+7.26 1492+696 1643+7.39 <0.001 14.95+6.85 14.80+7.33 0.79 16.42+7.69 16.43 +£7.28 0.97
Recent NO, (ppb) 10.47 +4.98 9.87+4.84 10.87+5.04 <0.001 9.80+4.71 10.14 +5.26 0.40 10.77 +£5.22 10.91+4.97 0.66

Age at WHIMS-ECHO 81.51+3.52 78.19+120 83.75+2.71 <0.001 78.14+1.20 78.37+1.18 0.02 83.36+2.65 83.91+2.73 0.001

enrollment (y)

Neighborhood SES?

At WHI inception 0.59+5.26 0.08£5.16 0.93+531 <0.001 0.05+5.22 0.17+4.96 0.78 091+5.13 0.94+5.38 0.93
At WHIMS-ECHO 0.12+5.11 -0.34+5.03 0.44+5.14 <0.001 -0.36+5.02 -0.29+5.09 0.88 0.52+5.01 0.40+£5.19 0.73
enrollment

Region <0.001 0.18 0.98
Northeast 662 (32.2) 273 (33.0) 389 (31.7) 200 (31.1) 73 (39.5) 112 (31.9) 277 (31.6)

South 408 (19.8) 183 (22.1) 225 (18.3) 145 (22.6) 38 (20.5) 62 (17.7) 163 (18.6)
Midwest 498 (24.2) 225 (27.2) 273 (22.2) 178 (27.7) 47 (25.4) 80 (22.8) 193 (22.0)
West 488 (23.7) 147 (17.8) 341 (27.8) 120 (18.7) 27 (14.6) 97 (217.6) 244 (27.8)
Race/ethnicity 0.10 0.73 0.35
American Indian or 4(0.2) 1(0.1) 3(0.2) 1(0.2) 0 2(0.6) 1(0.1)
Alaskan Native
Asian or Pacific Islander 17 (0.8) 6(0.7) 11(0.9) 4(0.6) 2 (1.1) 1(0.3) 10 (1.1)
Black, non-Hispanic 107 (5.2) 57 (6.9) 50 (4.1) 44 (6.8) 13 (7.0) 10 (2.8) 40 (4.6)
Hispanic/Latino 29 (1.4) 13 (1.6) 16 (1.3) 12 (1.9) 1(0.5) 4(1.1) 12 (1.4)
White, non-Hispanic 1,875 (91.2) 744 (89.9) 1,131 (92.1) 577 (89.7) 167 (90.3) 329 (93.7) 802 (91.4)
Other® 23 (1.1) 7(0.9) 16 (1.3) 5(0.8) 2 (1.1) 5(1.4) 11(1.3)
Missing 1(0.1) 0 1(0.1) 0 0 0 1(0.1)

Education 0.58 0.52 0.16
<High school or GED 500 (24.3) 196 (23.7) 304 (24.8) 158 (24.6) 38 (20.5) 74 (21.1) 230 (26.2)
>High school to <4 y of 789 (38.4) 329 (39.7) 460 (37.5) 253 (39.4) 76 (41.1) 136 (38.8) 324 (36.9)

college
>4y of college 767 (37.3) 303 (36.6) 464 (37.8) 232 (36.1) 71 (38.4) 141 (40.2) 323 (36.8)

Employment <0.001 0.82 0.13
Currently working 321 (15.6) 181 (21.9) 140 (11.4) 143 (22.2) 38 (20.5) 48 (13.7) 92 (10.5)

Not working 195 (9.5) 81(9.8) 114 (9.3) 64 (10.0) 17.(9.2) 26 (7.4) 88 (10.0)
Retired 1,540 (74.9) 566 (68.4) 974 (79.3) 436 (67.8) 130 (70.3) 277 (78.9) 697 (79.5)

Income ($) 0.11 0.59 0.002
<9,999 68 (3.3) 31(3.7) 37 (3) 23 (3.6) 8(4.3) 6 (1.7) 31(3.5)
10,000-34,999 906 (44.1) 350 (42.3) 556 (45.3) 270 (42.0) 80 (43.2) 158 (45.0) 398 (45.4)
35,000-49,999 450 (21.9) 206 (24.9) 244 (19.9) 165 (25.7) 41 (22.2) 58 (16.5) 186 (21.2)
50,000-74,999 321 (15.6) 125 (15.1) 196 (16) 97 (15.1) 28 (15.1) 75 (21.4) 121 (13.8)
>75,000 212 (10.3) 80 (9.7) 132 (10.7) 64 (10.0) 16 (8.6) 43 (12.3) 89 (10.1)

Not known 99 (4.8) 36 (4.3) 63 (5.1) 24 (3.7) 12 (6.5) 11 (3.1) 52(5.9)

Smoking status <0.001 0.62 0.94
Never smoked 1,138 (55.4) 416 (50.2) 722 (58.8) 328 (51.0) 88 (47.6) 205 (58.4) 517 (59.0)

Past smoker 823 (40.0) 359 (43.4) 464 (37.8) 273 (42.5) 86 (46.5) 133 (37.9) 331 (37.7)
Current smoker 95 (4.6) 53(6.4) 42 (34) 42 (6.5) 11(5.9) 13 (3.7) 29 (3.3)

Alcohol use 0.66 0.73 0.57
Nondrinker 243 (11.8) 101 (12.2) 142 (11.6) 76 (11.8) 25 (13.5) 35 (10.0) 107 (12.2)

Past drinker 342 (16.6) 129 (15.6) 213 (17.3) 97 (15.1) 32(17.3) 57 (16.2) 156 (17.8)
<1 drink/d 1,204 (58.6) 494 (59.7) 710 (57.8) 390 (60.7) 104 (56.2) 209 (59.5) 501 (57.1)
>1 drink/d 267 (13) 104 (12.6) 163 (13.3) 80 (12.4) 24 (13.0) 50 (14.2) 113 (12.9)

Physical activity’ 0.71 0.56 0.49

No activity 1,109 (53.9) 445 (53.7) 664 (54.1) 344 (53.5) 101 (54.6) 184 (52.4) 480 (54.7)
Some activity 114 (5.5) 47 (5.7) 67 (5.5) 39 (6.1) 8 (4.3) 20 (5.7) 47 (5.4)
2-4 episodes/wk 439 (21.4) 169 (20.4) 270 (22.0) 135 (21.0) 34 (18.4) 73 (20.8) 197 (22.5)

>4 episodes/wk 394 (19.2) 167 (20.2) 227 (18.5) 125 (19.4) 42 (22.7) 74 (21.1) 153 (17.4)

Hypercholesterolemia 0.99 0.15 0.86
No 1,716 (83.5) 691 (83.5) 1,025 (83.5) 543 (84.4) 148 (80.0) 294 (83.8) 731 (83.4)

Yes 340 (16.5) 137 (16.5) 203 (16.5) 100 (15.6) 37 (20.0) 57 (16.2) 146 (16.6)

Diabetes 0.86 0.05 0.64
No 1,976 (96.1) 795 (96.0) 1,181 (96.2) 622 (96.7) 173 (93.5) 339 (96.6) 842 (96.0)

Yes 80 (3.9) 33 (4.0) 47 (3.8) 21 (3.3) 12 (6.5) 12 (3.4) 35 (4.0

Hormone treatment 0.58 0.33 0.33
No 1,127 (54.8) 460 (55.6) 667 (54.3) 363 (56.5) 97 (52.4) 183 (52.1) 484 (55.2)

Yes 929 (45.2) 368 (44.4) 561 (45.7) 280 (43.5) 88 (47.6) 168 (47.9) 393 (44.8)

Hypertension
At WHI inception 0.37 0.01 0.14

No 1,357 (66.0) 556 (67.1) 801 (65.2) 446 (69.4) 110 (59.5) 240 (68.4) 561 (64.0)
Yes 699 (34.0) 272 (32.9) 427 (34.8) 197 (30.6) 75 (40.5) 111 (31.6) 316 (36.0)
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Table 1. (Continued.)

Age <80y Age >80y
All women Age <80y Age >80y Slow-decliners  Fast-decliners Cognitively resilient ~ Steady-decliners
Characteristics (n=2,056) (n=828) (n=1,128) p-Value® (n=0643) (n=185)  p-Value” (n=351) (n=877) p-Value®
At WHIMS-ECHO 0.04 0.24 0.18
enrollment
No 676 (32.9) 294 (35.5) 382 (31.1) 235 (36.5) 59 (31.9) 119 (33.9) 263 (30.0)
Yes 1,380 (67.1) 534 (64.5) 846 (68.9) 408 (63.5) 126 (68.1) 232 (66.1) 614 (70.0)
Cardiovascular disease 0.22 0.18 0.34
history
At WHI inception
No 1,759 (85.6) 718 (86.7) 1,041 (84.8) 563 (87.6) 155 (83.8) 303 (86.3) 738 (84.2)
Yes 297 (14.4) 110 (13.3) 187 (15.2) 80 (12.4) 30 (16.2) 48 (13.7) 139 (15.8)
At WHIMS-ECHO 0.01 0.28 0.77
enrollment
No 1,583 (77.0) 663 (80.1) 920 (74.9) 520 (80.9) 143 (77.3) 265 (75.5) 655 (74.7)
Yes 473 (23.0) 165 (19.9) 308 (25.1) 123 (19.1) 42 (22.7) 86 (24.5) 222 (25.3)
‘WHI hormone therapy 0.44 0.38 0.74
assignment
Estrogen-alone control 375 (18.2) 149 (18.0) 226 (18.4) 110 (17.1) 39 (21.1) 71 (20.2) 155 (17.7)
Estrogen-alone 362 (17.6) 159 (19.2) 203 (16.5) 120 (18.7) 39 (21.1) 55 (15.7) 148 (16.9)
intervention
Estrogen-+progestin control 688 (33.5) 267 (32.2) 421 (34.3) 209 (32.5) 58 (31.4) 117 (33.3) 304 (34.7)
Estrogen+progestin 631 (30.7) 253 (30.6) 378 (30.8) 204 (31.7) 49 (26.5) 108 (30.8) 270 (30.8)

intervention

Note: All characteristics were classified at WHI inception (1993-1998) unless otherwise indicated. All p-values were calculated using #-test for continuous variables, Fisher’s exact
test for race/ethnicity, or chi-square test for other categorical variables. GED, General Education Development; NO,, nitrogen dioxide; PM, s, fine particulate matter (PM with an aero-
dynamic diameter of <2.5 um); SD, standard deviation; SES, socioeconomic status; WHI, Women’s Health Initiative; WHIMS-ECHO, Women’s Health Initiative Memory Study—

Epidemiology of Cognitive Health Outcomes.
“p-Value comparing women <80 vs. >80 years of age.
bp-Value comparing women <80 years of age classified as slow- vs. fast-decliners.

“p-Value comparing women >80 years of age classified as Cognitively resilient vs. steady-decliners.
“Neighborhood SES is the sum of six standardized U.S. Census tract-level variables measuring domains of wealth/income, education, and occupation. Higher values indicate higher

neighborhood SES.

““Other” race/ethnicity includes women who did not select one of the five specific race/ethnicity groups.

/Moderate or strenuous physical activity for >20 min.

correlation=0.91 and 0.90 for women <80 and >80 years of
age, respectively, p < 0.01) (Table S2).

Overall, average PMj,s and NO, levels decreased from
remote to recent exposure time windows (Table 1). Average
PM, 5 and NO, exposures during both time windows were lower
in non-Hispanic White women than in all others, and higher in
women with more education, higher income (except for recent
PM, s exposure), a history of hypertension, a history of hyper-
cholesterolemia, and no history of hormone treatment compared
with other women at WHI inception (Table 2). Mean NO, expo-
sures during both time periods were higher in women >80 years
of age compared with younger women (Table 1), and in current
and past smokers compared with never smokers (Table 2), whereas
mean PM; 5 exposures were similar by age (Table 1) and smoking
status (Table 2). Average NO, exposures were highest during
both time periods in women living in the Northeast or West at
WHI inception, whereas average PM, 5 exposures were highest
in women living in the South and Midwest (Table 2). Average
PM, 5 exposures tended to be higher and average NO, exposures
were lower in women who did not drink alcohol compared with
women who were past or current alcohol consumers. Finally, av-
erage NO, exposures at both exposure time periods were higher
in the highest quartile of neighborhood SES at both WHI incep-
tion and WHIMS-ECHO enrollment. However, higher mean
PM, 5 exposures were seen in both the lowest and highest quar-
tiles of neighborhood SES.

At the time of WHIMS-ECHO enrollment, the 828 women in
the <80-y-old group (40% of the analytic sample) were 74.8-80.0
years of age (mean 78.2 + 1.2 y), whereas the 1,228 women in the
>80-y-old group were 80.0-92.9 years of age (mean 83.8 +2.7 y)
(Table 1). Compared with women in the younger group, women in
the >80-y-old group lived in neighborhoods with higher average
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SES scores at WHI inception and WHIMS-ECHO enrollment;
were more likely to live in the West (28% vs. 18%), be never smok-
ers (59% vs. 50%), and be retired (79% vs. 68%) at WHI inception;
and were less likely to have a history of hypertension and CVD at
WHIMS-ECHO enrollment (Table 1).

For both age-defined subcohorts, the LCMM with two latent
classes met our criteria for the optimal number of latent classes
(i.e., lower Bayesian Information Criterion (BIC) values, >5% of
each subgroup in each class) and mean probabilities of assign-
ment to the resulting class >0.70 in all classes (Table S3).
When latent class membership was determined by posterior
probabilities from a baseline LCMM with follow-up time and
age at WHIMS-ECHO enrollment as the only predictors, the
majority of women <80years of age (n=643, 78%) were
assigned to the slow-decliner latent class, which had only mod-
est declines in average CVLT scores over follow-up [—0.12/y
(95% CI: —0.23, —0.01)], whereas the remaining 22% (n=185)
were assigned to the fast-decliner latent class, which experi-
enced more rapid declines in CVLT scores over time [—1.79/y
(95% CI: —=2.08, —1.50)] (Figure 2). Compared with the slow-
decliner class, the fast-decliner class was slightly older (mean
age 78.4 vs. 78.1 y) and had a higher prevalence of hyperten-
sion (41% vs. 31%) and a higher prevalence of diabetes (6.5%
vs. 3.3%) at WHI inception, but there were no significant differ-
ences in air pollution exposures or other population characteristics
between the two latent class groups in women <80 years of age
(Table 1).

When class membership was determined based on the base-
line LCMM, the majority of women >80 years of age (n=_877,
71%) were assigned to the steady-decliner latent class, which had
average reductions in CVLT scores of —1.35/y (95% CI: —1.53,
—1.17), whereas the remaining 29% (n=351) were assigned to
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Table 2. Distribution of air pollution exposure by population characteristics in the WHIMS-ECHO cohort.

3-y average of PM, 5 (ng/m3)”

3-y average of NO, (ppb)b

Recent exposure

Remote exposure

Recent exposure

Remote exposure

Characteristics” n Mean+SD  p-Value® Mean+SD  p-Value® Mean+SD  p-Value® Mean+SD  p-Value®
Region <0.001 <0.001 <0.001 <0.001
Northeast 662 9.86+1.74 12.89 +1.89 11.57+5.80 17.35+7.92
South 408  11.54+1.57 14.07+1.95 8.78 £3.98 13.82+6.22
Midwest 498  11.25+1.59 13.41+2.14 8.99+3.16 13.35+4.59
West 488 9.80+2.40 13.05+4.18 11.89+5.22 17.94+8.12
Race/ethnicity <0.001 <0.001 <0.001 <0.001
American Indian or Alaskan Native 4 11.16+2.03 13.96 +£0.89 10.54 +3.70 16.05 +£4.05
Asian or Pacific Islander 17 11.25+1.76 14.81+3.15 15.25+6.94 21.05+8.76
Black, non-Hispanic 107 11.69 +1.40 15.03 +2.02 14.04+6.13 2091791
Hispanic/Latino 29 1091 +1.62 14.45+3.07 14.03 +5.40 2098 +7.15
White, non-Hispanic 1,875  10.44+2.02 13.15+2.69 10.14+4.72 15.37+7.01
Other? 23 10.49+2.53 13.48 +3.08 11.80+6.81 17.63 +£9.51
Missing 1 11.43 14.79 24.95 35.09
Education 0.004 <0.001 <0.001 <0.001
<High school or GED 500 10.51+2.03 13.19+2.67 10.10+4.80 1530+7.18
>High school to <4 y of college 789  10.35+2.01 13.07 +2.76 10.10 +4.67 15.37+6.90
>4 y of college 767  10.69 +1.97 13.58 +2.66 11.09+5.34 16.63 +7.59
Employment 0.37 0.75 0.56 0.54
Currently working 321 10.37+1.95 13.18 +2.58 10.63+5.26 16.16 +7.57
Not working 195  10.51+2.06 13.31+2.71 10.14 +4.37 15.45+6.86
Retired 1,540 10.55+2.01 13.30+2.74 10.48 +4.99 15.80+7.24
Income (%) 0.88 0.14 0.005 0.004
<9,999 68 10.36+2.22 13.14+3.14 10.19+5.82 15.55+8.30
10,000-34,999 906  10.47+2.05 13.15+2.76 10.20 +4.89 15.48 +7.29
35,000-49,999 450  10.55+2.01 13.31+2.69 10.13+4.74 15.30+6.76
50,000-74,999 321 10.61+1.94 13.47 +2.61 11.00£5.12 16.40 +7.37
>75,000 212 10.56+1.84 13.66 +2.53 11.42+5.13 17.44 +7.47
Not known 99  10.50+2.08 13.08 +2.66 10.85+5.16 16.18 +7.03
Smoking status 0.23 0.40 <0.001 0.02
Never smoked 1,138 10.57 £2.05 13.35+2.76 10.07 +4.71 15.43 +7.07
Past smoker 823  1042+1.96 13.19+2.63 10.94+5.17 16.24 +7.35
Current smoker 95  10.63+1.95 13.40 +2.69 11.16+5.98 16.83 +8.31
Alcohol use 0.001 0.09 0.001 <0.001
Nondrinker 243 10.88+2.09 13.51£2.76 9.38+5.27 14.08 +7.66
Past drinker 342 10.66+1.99 13.46 +2.81 10.30+4.56 15.80+6.75
<1 drink/d 1,204  1046+1.97 13.26 +2.64 10.73 +5.00 16.26 +7.27
>1 drink/d 267  10.24 +2.09 12.98 +2.80 10.50+5.01 15.46+7.23
Physical activity® 0.28 0.61 0.77 0.39
No activity 1,109  10.57+2.02 13.31+2.73 10.45+5.06 15.84+7.38
Some activity 114 10.73+1.78 13.49+2.24 10.71 +4.76 16.31 +6.88
24 episodes/wk 439 0.45+2.06 13.31+2.77 10.61+5.01 16.10+7.41
>4 episodes/wk 394 10.40+1.98 13.14 £2.72 10.29 +4.78 15.33+6.83
Hypercholesterolemia 0.03 0.02 0.002 0.02
No 1,716 1047 +2.02 13.22+2.71 10.32+4.87 15.66 +7.14
Yes 340  10.74+1.94 13.60 +2.69 11.22+5.47 16.64+7.77
Diabetes 0.20 0.14 0.39 0.31
No 1,976  10.51+2.01 13.27+2.71 10.45+4.98 15.79+7.26
Yes 80 10.80+1.82 13.72+2.56 10.93+5.02 16.63 +7.18
Hormone treatment 0.02 0.06 0.19 0.10
No 1,127 10.61 +£1.93 13.39+2.46 10.60+5.08 16.06 +7.27
Yes 929  10.40+2.09 13.16 £2.98 10.31+4.85 15.53+7.24
Hypertension
At WHI inception 0.02 0.03 0.047 0.06
No 1,357  10.44+2.03 13.19+2.77 10.31+4.97 15.60 +7.21
Yes 699  10.66+1.96 13.46+2.58 10.77 +4.98 16.25+7.34
At WHIMS-ECHO enrollment 0.69 0.44 0.29 0.21
No 676  10.54+2.00 13.35+2.81 10.64 +4.84 16.11+7.12
Yes 1,380 10.50+2.01 13.25+2.66 10.39+5.05 15.68 +7.32
Cardiovascular disease history
At WHI inception 0.57 0.68 0.83 0.82
No 1,759  10.51+1.99 13.28 +2.71 10.48 +4.96 15.84+7.27
Yes 297  10.58 +2.11 13.35+2.69 10.41£5.12 15.73+7.21
At WHIMS-ECHO enrollment 0.65 0.93 0.41 0.48
No 1,583  10.51+1.98 13.28 +2.72 10.52+4.98 15.88 +7.29
Yes 473 10.55+2.09 13.29+2.68 10.30+4.98 15.61+7.16
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Table 2. (Continued.)

3-y average of PM, 5 (ug m3)b 3-y average of NO, (ppb)b

Recent exposure Remote exposure Recent exposure Remote exposure

Characteristics” n Mean+SD  p-Value® Mean+SD  p-Value® Mean+SD  p-Value® Mean+SD  p-Value®
Neighborhood SES
At WHI inception <0.001 <0.001 <0.001 <0.001
<-3.08 514 10.87+2.12 13.52+2.92 10.17 +£5.69 15.23 +8.05
>-3.08 to <0.22 514 10.36+2.05 1291+£2.72 9.70 +4.66 14.53+6.94
>0.22to <4.25 514 10.38+£2.04 13.04 £2.77 10.59 +4.89 16.08 +7.33
>4.25 514 10.46+1.76 13.68+2.32 11.42+4.45 17.44+6.29
At WHIMS-ECHO enrollment <0.001 <0.001 <0.001 <0.001
<-3.52 515 10.90+2.14 13.35+2.99 9.92+5.46 14.61+7.67
>-352t0<-0.16 513 10.41+2.03 12.92 +£2.62 9.49 £4.50 14.41 +6.69
>-0.16to0 <3.74 514 10.22+1.97 13.11+2.67 10.54 +4.80 16.19+7.15
>3.74 514 10.55+1.82 13.76 £2.46 11.92+4.78 18.08 +6.89
‘WHI hormone therapy assignment 0.31 0.11 0.39 0.13
Estrogen-alone control 375 10.54+2.15 13.38 £2.96 10.70 +4.99 16.03 +7.21
Estrogen-alone intervention 362 10.48+1.98 13.04£2.70 10.10 +4.84 15.02 +6.96
Estrogen+progestin control 688  10.62+1.94 13.43+2.54 10.55+4.86 16.07+7.14
Estrogen+progestin intervention 631  10.41+2.02 13.21+2.72 10.45+5.18 15.89 +7.55

Note: ANOVA, analysis of variance; GED, General Education Development; NO,, nitrogen dioxide; PM; s, fine particulate matter (PM with an aerodynamic diameter of <2.5 pm);
SD, standard deviation; SES, socioeconomic status; WHI, Women’s Health Initiative; WHIMS-ECHO, Women’s Health Initiative Memory Study—Epidemiology of Cognitive Health

Outcomes.
“All covariates were assessed at WHI inception unless otherwise noted.

PRecent exposures were 3-y average exposures estimated at the WHIMS-ECHO enrollment. Remote exposures were 3-y average exposures estimated 10 y before the WHIMS-ECHO

enrollment.
‘p-Values were calculated using ANOVA F-tests for mean exposures.

4“QOther” race/ethnicity includes women who did not select one of the five specific race/ethnicity groups.

“Moderate or strenuous physical activity for >20 min.

/Neighborhood SES is the sum of six standardized U.S. Census tract-level variables measuring domains of wealth/income, education, and occupation. Higher values indicate higher

neighborhood SES.

the cognitively resilient latent class, which showed modest
improvements in average CVLT scores over time [0.18/y (95%
CIL: —-0.004, 0.36)] (Figure 2). Compared with the cognitively
resilient class, the steady-decliner class was significantly older
(mean age 83.9 vs. 83.4 y) and had lower average household
incomes at WHI inception (24% vs. 34% had incomes of
>$50,000); otherwise there were no significant differences
between the two latent classes (Table 1).

Associations between PM; 5 Exposure and Episodic Memory
Decline

For women <80 years of age at WHIMS-ECHO enrollment, an
IQR (2.88 pg/ m?) increase in recent PM, s was associated with a
0.14/y faster decline in the CVLT score [Beyposure xiime = — 0-14/y
(95% CI: —0.26, —0.03)] based on a fully adjusted model (Model
2) that assumed homogeneous exposure effects across the two
latent classes (Table S4). The association was stronger for the
slow-decliner latent class [—0.16/y (95% CI: —0.28, —0.03)] and
close to null for the fast-decliner class [—0.06/y (95% CI: —0.32,
0.20)] (Table 3). Using the estimated effect of a 1-y increase in
age from the same model for comparison (B,ge  ime = —0.08/y
(95% CI. -0.16, —0.0006)], the association between a
2.88 pg/m3 increase in recent PM; s and CVLT decline in the
slow-decliner latent class was equivalent to the estimated effect
of a 1.9-y increase in age at WHIMS-ECHO enrollment. Global
and class-specific estimates with recent PM; s exposures based
on minimally adjusted models (Model 1) were similar to the fully
adjusted model estimates (Table 3; Table S4). Associations for
the slow- and fast-decliner classes were also similar to primary
model estimates when not adjusted for propensity scores, when
adjusted for practice effects, and when adjusted for hypertension,
CVD history, and neighborhood SES at WHIMS-ECHO enroll-
ment instead of WHI inception (Table S5). For the slow-decliner
class, associations between recent PM» 5 and CVLT decline were
weaker but still significant when 42 women who were newly clas-
sified with probable dementia during follow-up were excluded
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[-0.12/y (95% CI: —0.22, —0.02)] and when 34 women with a
history of stroke at WHIMS-ECHO enrollment or during follow-
up were excluded [-0.13/y (95% CI: —0.23, —0.02)] (Table 3).
In contrast, corresponding associations for the fast-decliner class
were somewhat stronger when 73 women who were newly classi-
fied with probable dementia (32% of women assigned to the fast-
decliner class based on the fully adjusted LCMM) were excluded
[—0.17/y (95% CI: —0.39, 0.04)] and when 19 women with prev-
alent or incident stroke were excluded [-0.10/y (95% CI: —0.30,
0.10)].

For women <80years of age, an IQR increase in remote
PM, 5 exposure (3.27 pg/m®) was associated with a 0.11/y faster
decline in CVLT [B= —0.11/y (95% CIL: —0.22, 0.01)] in the
slow-decliner latent class, whereas the association was positive
but close to null for the fast-decliner class [0.06/y (95% CI:
—0.19, 0.32)] (Table 3). For both latent classes, associations with
remote PM; s were similar when based on a minimally adjusted
model (Table 3) and when scaled to an IQR increase in recent ex-
posure (2.88 pg/m®), adjusted for practice, and not adjusted for
propensity scores (Table S5).

Among women >80 years of age, the estimated associations
between CVLT decline and an IQR increase in recent PM, 5 were
close to null for the cognitively resilient latent class [—0.03/y
(95% CIL: —0.19, 0.13)] and for the steady-decliner class
[-0.03/y (95% CI: —0.20, 0.14)] based on the fully adjusted
model [Model 2 (Table 3)]. These associations were also close
to null when based on the minimally adjusted model, when
women with incident probable dementia or stroke (prevalent or
incident) were excluded (Table 3), and for all other sensitivity
analyses (Table S6). Associations with an IQR increase in
remote PM,; 5 exposure were nonsignificant but positive for the
cognitively resilient latent class [0.09/y (95% CI: —0.04, 0.22)]
and close to null for the steady-decliner class [—0.02/y (95%
CI: —0.17, 0.13)], with similar estimates for both groups when
minimally adjusted (Table 3) and for all sensitivity analyses
(Table S6).
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Figure 2. Median predicted CVLT trajectory over time by latent class in the WHIMS-ECHO cohort, stratified by age. (A) In women <80 years of age, the av-
erage rate of change in CVLT scores was —0.12/y (95% CIL: —0.23, —0.01; p=0.03) for the slow-decliner latent class (n=643, according to the baseline
LCMM) and —1.79/y (95% CI: —2.08, —1.50; p <0.001) for the fast-decliner class (n=185). (B) In women >80 years of age, the average rate of change in
CVLT scores was 0.18/y (95% CI: —0.004, 0.36; p=0.06) for the cognitively resilient latent class (n =351, according to the baseline LCMM) and —1.35/y
(95% CI: —1.53, —1.17; p<0.001) for the steady-decliner class (n=877). Solid lines indicate the median predicted change in CVLT scores over time for
women who were (A) 78 or (B) 84 years of age at WHIMS-ECHO enrollment. The predicted CVLT scores were estimated using baseline LCMMs with age at
WHIMS-ECHO enrollment and follow-up time as the only predictors. Shaded regions denote 95% CI. Note: CI, confidence interval; CVLT, California Verbal
Learning Test; LCMM, latent class mixed model; WHI-CT (HT), Women’s Health Initiative-Clinical Trial (Hormone Therapy); WHIMS-ECHO, Women’s
Health Initiative Memory Study-Epidemiology of Cognitive Health Outcomes.

Associations between NO, Exposure and Episodic Memory
Decline

For women <80years of age, an IQR (6.25-ppb) increase in
recent NO, was associated with a 0.21/y faster decline in CVLT
scores in the fast-decliner latent class [Beyposure xtime = — 0-21/y
(95% CI. —0.45, 0.04)] and close to null for the slow-decliner
class based on a fully adjusted model [Model 2 (Table 3)].
Associations with recent NO, exposures for both latent classes
were similar when based on minimally adjusted models (Model
1), and for all other sensitivity analyses (Table 3; Table S5). For
the fast-decliner class, associations between recent NO, and
CVLT decline were slightly stronger when 72 women who were
newly classified as having probable dementia during follow-up
(32% of women assigned to the class based on the fully adjusted
LCMM) were excluded [—0.22/y (95% CIL: —0.43, 0.004)] and
much weaker when 19 women with prevalent or incident stroke
were excluded [—0.14/y (95% CI: —0.33, 0.05)] (Table 3).

For women >80 years of age, an IQR increase in recent NO,
exposure was associated with 0.10/y faster decline in CVLT
score [Bexposure xcime = — 0-10/y (95% CI: —0.20, 0.01)] based on
a fully adjusted model (Model 2) that assumed homogeneous ex-
posure effects across the two latent classes (Table S4). The asso-
ciations were similar for the cognitively resilient [-0.10/y (95%
CL: —0.24, 0.03)] and steady-decliner latent classes [—0.11/y
(95% CI. —0.27, 0.05)] [Model 2 (Table 3)]. Global and class-
specific associations were similar based on minimally adjusted
and fully adjusted models (Table 3; Table S4). Associations esti-
mated for the cognitively resilient and steady-decliner classes
were also similar for all other sensitivity analyses (Table S6).
After excluding women with incident probable dementia [17 in
the cognitively resilient class, and 250 (31%) in the steady-
decliner class based on the fully adjusted LCMM], estimated
associations with recent NO, exposure were stronger for the
global estimate [—0.11/y (95% CI: —0.19, —0.03)] and for the
cognitively resilient [-0.12/y (95% CI: —0.22, —0.02)] and
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steady-decliner classes [—0.13/y (95% CI: —0.25, —0.002)]
(Table 3; Table S4). After excluding women with prevalent or
incident stroke among women >80 years of age, the association
was stronger in the cognitively resilient class [—0.12/y (95% CIL:
—0.22, —0.01)] but was similar for both the global estimate
[-0.10/y (95% CI: —0.18, —0.02)] and the steady-decliner class
[-0.11/y (95% CI: —0.23, 0.01)] (Table 3; Table S4).

For women in both age groups, the associations between
remote NO, exposure and CVLT decline were close to null in
global or class-specific models regardless of whether we adjusted
for minimal or a full set of covariates, propensity scores, or prac-
tice effects (Table 3; Tables S4-S6).

Associations between Air Pollution Exposures and Episodic
Memory Level

The LCMM used to estimate average associations between air
pollutants (recent or remote) and CVLT scores during follow-up
did not indicate associations regardless of age, latent class, expo-
sure time window, or pollutant, except for a marginally signifi-
cant association between recent PM,s exposure and higher
CVLT scores for the steady-decliner class >80 years of age
[B=0.98 (95% CI: —0.06, 2.02)] (Table S7).

Discussion

In this longitudinal study conducted on a geographically diverse
cohort that included older women with distinctive trajectories of epi-
sodic memory, associations between late-life exposure to ambient
air pollution and episodic memory decline varied by age and under-
lying cognitive trajectories, and possibly differed by timing of expo-
sure and pollutant. Specifically, for recent PM, s, there was a
significant association between increased exposure and greater epi-
sodic memory decline among women <80 years of age in the latent
class characterized by slowly declining CVLT scores, whereas no
associations were found among women <80 years of age in the
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latent class characterized by more rapid declines in CVLT scores
or for the steady-decliner or cognitively resilient latent classes in
women >80 years of age. For recent NO, exposure, there was
some evidence of an association with episodic memory decline
among women <80 years of age with fast decline and among
women >80 years of age regardless of their cognitive trajecto-
ries, but none of these associations reached statistical signifi-
cance. The association with PM, s was stronger for recent 3-y
average exposures (immediately before the start of WHIMS-
ECHO follow-up) compared with remote 3-y average exposures
that were lagged 10 y, whereas no associations were found with
remote NO, exposure. These patterns of associations were con-
sistent between minimally adjusted LCMMs and LCMMs
adjusted for socio-demographic factors (age, geographic region,
race/ethnicity, education, income employment status), lifestyle
(smoking, alcohol, physical activity), and clinical characteristics
(diabetes, high cholesterol, hypertension, CVD, hormone ther-
apy). After excluding women with incident probable dementia
during the follow-up or women with either prevalent stroke or
incident stroke during follow-up, associations with recent PM; 5
among women <80 years of age were slightly attenuated (but
still statistically significant) for the slow-decliner latent class and
stronger for the fast-decliner class. After excluding women with
a history of stroke, associations with recent NO,, were weaker
for the <80-y-old fast-decliner class but stronger and statistically
significant for the >80-y-old cognitively resilient class, whereas
associations were stronger and became significant for both latent
classes among women >80 years of age after excluding women
with probable dementia. To the best of our knowledge, this is the
first longitudinal study to examine the heterogeneity of air pollu-
tion exposure effects on episodic memory trajectories of older
women including those >80 years of age.

Our study adds novel epidemiologic data to the growing liter-
ature on environmental neurosciences of brain aging, suggesting
the neurotoxic effects of air pollution on cognitive decline may
depend on the age-related heterogeneity in cognitive trajectories.
Our results provide evidence of an adverse association between
air pollution and episodic memory decline in older women who
were 74-92 at the start of follow-up (Table 3). To our knowledge,
only one other study has investigated whether associations
between air pollution exposures and cognitive function vary by
age in older adults (Kulick et al. 2020a). Based on their analysis
of data from the Washington Heights Inwood Community Aging
Project (WHICAP), Kulick et al. (2020a) reported stronger asso-
ciations of PM,s and NO, exposure with episodic memory
decline among participants >75 years of age compared with
those 65-74 years of age. The study population comprised a
localized sample of 4,821 older men and women living in north-
ern Manhattan who had exposure to higher average air pollution
concentrations at WHICAP baseline [mean (IQR) PM,5: 13.5
(4.42) ug/m?; NO,: 33.0 (11.2) ppb when averaged over the
three recruitment waves in 1990, 1992, and 2010] than our
nationwide, geographically diverse cohort of older women
at WHIMS-ECHO enrollment [mean (IQR) PM;s: 10.52
(2.88) pg/m?; NO,: 10.47 (6.25) ppb in 2008-2012]. In addition,
prevalent cognitive problems or dementia did not affect eligibility
for WHICAP, whereas women with prevalent dementia at the
time of WHIMS-ECHO enrollment were excluded from our anal-
ysis. Additional studies of older adults are needed to better under-
stand age-related heterogeneity in associations between air
pollution and brain aging. Because the oldest-old (i.e., people
>85 years of age) are the fastest growing segment of the U.S.
population (Ortman et al. 2014), it is especially important to bet-
ter understand how air pollution exposure may affect brain health
in this susceptible population.
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Our study illustrates the advantage of using LCMMs to exam-
ine the association between ambient air pollution exposure and
brain health outcomes, such as episodic memory declines, with
significant heterogeneity in their longitudinal trajectories.
Although well recognized in neuropsychology literature (Lee
et al. 2018; McFall et al. 2019; Olaya et al. 2017; Wilson et al.
2020; Zahodne et al. 2015), the heterogeneity in episodic mem-
ory trajectories in late life has been largely ignored in air pollu-
tion epidemiologic studies on brain aging. We identified two
episodic memory trajectories in each age group, and found differ-
ences in associations between air pollution exposures and CVLT
declines between latent classes. Previous longitudinal studies of
air pollution exposure and episodic memory decline (Table S8)
reported mixed results. These included no associations in the
Nurses’ Health Study (Weuve et al. 2012), Betula cohort (Oudin
et al. 2017), and Northern Manhattan Study (NOMAS) (Kulick
et al. 2020b) and significant associations between air pollution
exposure and episodic memory decline in the Whitehall II study
(Tonne et al. 2014), the WHICAP study (Kulick et al. 2020a,
2020b), and the WHIMS (Petkus et al. 2020; Younan et al. 2020)
(38% and 26% overlap, respectively, between participants in
these studies and the present study). However, previous studies
used traditional approaches (linear mixed models, generalized
estimating equations) (Kulick et al. 2020a, 2020b; Oudin et al.
2017; Tonne et al. 2014; Weuve et al. 2012) or structural equa-
tion models (latent change scores, multilevel models) (Petkus
et al. 2020; Younan et al. 2020) that assumed air pollution has
the same exposure effect on longitudinal trajectories of episodic
memory across subjects.

Our study is likely the first to directly compare the episodic
memory decline associated with ambient air pollutants across differ-
ent exposure time windows in late life. Only two other longitudinal
studies explored associations between declines in episodic memory
and air pollution exposures during different time windows later in
life. Weuve et al. (2012) evaluated associations of PM exposures 1
month to 13 y before baseline with 2-y declines in memory, whereas
Tonne et al. (2014) evaluated associations of 5-y average exposure
and exposure 4 y preceding the final assessment with 5-y memory
decline. However, both studies assessed overlapping exposure time
windows, making it difficult to assess the influence of distinct expo-
sure periods (Tonne et al. 2014; Weuve et al. 2012). In the present
study, we found that 3-y average PM, s exposures immediately
before and 10-y before the start of the WHIMS-ECHO follow-up
were both associated with accelerated decline in CVLT scores in the
slow-decliner class among women <80 years of age, although
the association with remote exposure was not statistically signifi-
cant (p =0.06). In addition, recent NO, exposure was associated
with greater episodic memory decline in the fast-decliner class
<80years of age and both latent class subgroups in women
>80 years of age, but associations were not significant and mem-
ory decline did not appear to be associated with remote NO, ex-
posure. Recent and remote exposures were highly correlated
(Pearson correlations of 0.80 for PM, 5 and 0.90-0.91 for NO,)
(Table S2), and remote exposures were higher, on average, than
recent exposures (13.29 +2.71 pg/m? vs. 10.52 +2.01 ug/m? for
PM;5; 15.82 +7.26 ppb vs. 10.47 +£4.98 ppb for NO,) (Table 1).
However, although findings provide more support for potential
effects of recent PM; s and NO, exposures on episodic memory
decline in late life, they also suggest that potential effects of
PM; 5 might have begun as early as 10 y before follow-up began.

Accumulating evidence suggests that higher levels of ambient
NO, exposure are associated with increased risk of Alzheimer’s
disease and related dementias (Carey et al. 2018; Chang et al.
2014; Chen et al. 2017; Grande et al. 2020; Li et al. 2019; Oudin
et al. 2016), but findings from studies of NO, exposures and
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episodic memory decline have been inconsistent (Kulick et al.
2020a, 2020b; Oudin et al. 2017). In the Betula study of 1,469
adults in Northern Sweden who were 60-85 years of age at base-
line, cumulative annual mean NOx exposures were not associated
with changes in episodic memory over 5 y; however, PM, 5 was
not evaluated in the Betula study (Oudin et al. 2017). Kulick et al.
(2020a, 2020b) found significant associations of PM; s and NO,
exposures 1-y before baseline with episodic memory decline over
an average of 6 y of follow-up in >4,800 WHICAP participants
>65 years of age at baseline. However, associations with PM, 5
and NO, were weaker and nonsignificant for changes in episodic
memory measured at baseline and 5-y later among 1,093 adults
>50years of age of age in the NOMAS cohort, another racially
and ethnically diverse northern Manhattan study population
(Kulick et al. 2020b). A very important difference between these
two studies was that up to six measures of episodic memory were
used in the WHICAP study, whereas the NOMAS cohort only
had two time points from which to analyze episodic memory
change over time. Epidemiological data demonstrating an
increased risk of dementia associated with late-life exposure to
PM, s are corroborated by experimental data in rodent models
demonstrating the neurotoxicity of PM; 5 on structural and func-
tional changes in the brain (Bhatt et al. 2015; Cheng et al. 2017;
Fonken et al. 2011; Ku et al. 2017; Liu et al. 2018; Wei et al.
2019; Zhang et al. 2018). Experimental evidence also supports
neurotoxic effects of inhaled concentrated particles from traffic
emissions (Cacciottolo et al. 2020; Costa et al. 2020), although
direct evidence for NO, neurotoxicity is less clear (Jayaraj et al.
2017).

In addition to providing some possible mechanistic insight,
our study findings raise several important questions that need to
be addressed to better understand the neuropathological and neu-
rodegenerative processes underlying the episodic memory decline
associated with air pollution exposure in late life. First, after
excluding 53 women <80 years of age with a history of stroke
before baseline or during follow-up, class-specific associations
with episodic memory decline were attenuated for recent PM; 5
exposure in the slow-decliner latent class (34 excluded of 597
assigned to the class based on Model 2) and for recent NO, expo-
sure in the fast-decliner class (19 excluded of 226 women
assigned to the class). Cerebral small vessel diseases (e.g., white
matter hyperintensities, lacunar infarcts) and stroke are estab-
lished risk factors for cognitive decline (Bayram et al. 2018; Lim
and Alexander 2009; Rabin et al. 2018) and vascular brain dam-
age caused by air pollution neurotoxicity has been proposed as a
potential mechanism (Block and Calderén-Garciduefias 2009)
contributing to associations between exposures and cognitive
decline. Recent epidemiological studies conducted in Sweden
(Grande et al. 2020) and Canada (Ilango et al. 2020) suggest that
associations between PM; 5 exposure and dementia may be par-
tially mediated or moderated by CVD (e.g., stroke, coronary heart
disease, arrhythmia, congestive heart failure), consistent with a
role of vascular pathways. However, epidemiologic studies of air
pollution and magnetic resonance imaging—based measurements
of late-life subclinical cerebrovascular disease (Chen et al. 2015;
Kulick et al. 2017; Power et al. 2018; Wilker et al. 2015, 2016)
have not provided strong evidence to support this hypothesis.
Results from our sensitivity analyses suggest clinical stroke in
late life may have partly contributed to the association between
air pollution and episodic memory decline among women
<80years of age at baseline. Second, after excluding 115
women <80 years of age with probable dementia identified after
WHIMIS-ECHO enrollment, the association between recent
PM, s exposure and episodic memory decline among women
in the slow-decliner latent class (42 excluded of 597 assigned to
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the class based on Model 2) remained significant, but was notice-
ably weaker. Our previous findings for WHIMS participants
>65years of age at baseline suggested that the association
between late-life PM; 5 exposure and accelerated decline of epi-
sodic memory was partially mediated by increased gray matter
atrophy in brain areas where Alzheimer’s disease neuropatholo-
gies are thought to first emerge (Younan et al. 2020).
PM, s-associated declines in episodic memory were also associ-
ated with subsequent increases in depressive symptoms, and the
indirect association was modestly diminished after women with
incident dementia were excluded (Petkus et al. 2020). Taken to-
gether, these findings suggest that the association between PM s
and episodic memory decline in women assigned to the slow-
decliner latent class may be partly explained by the progression
of neuropathological processes underlying clinical dementia,
whereas the association in women who did not develop dementia
might reflect neurotoxic effects of ambient air pollution on
the cognitive aging process or the early neuropathological proc-
esses underlying Alzheimer’s disease and related dementias.
Alternatively, the slow-decliner latent class may include women
with mixed neurodegenerative and cerebrovascular disease path-
ologies that might lower the threshold for cognitive impairment
and dementia (Kapasi et al. 2017). However, we also found that
some associations between recent exposures and episodic mem-
ory decline were stronger after we excluded women with stroke
or dementia, including associations with PM;s among women
<80years of age in the fast-decliner class and associations with
NO, among women >80 years of age in both latent classes.

We recognize several limitations of our study. First, our study
examined the association with regional PM; s exposures, so we
could not characterize the toxic components of the PM, 5 mixture
that may play a critical role in air pollution neurotoxicity.
Second, our well-validated air pollution estimates were estimated
at the participants’ addresses because we did not have personal
exposure data, and may be subject to nondifferential exposure
misclassification that may have attenuated the results. Third,
WHIMS-ECHO did not have neuropathological biomarker data
available to elucidate the underlying mechanisms for the esti-
mated associations. Fourth, because our study sample came from
a highly selective process (Figure 1A), we could not completely
rule out the possibility of selection biases. However, there was
little difference in the results of our sensitivity analyses with or
without adjustment for propensity scores. Fifth, we were unable
to examine whether there are other exposure windows (e.g., mid-
life) that may show stronger impact on episodic memory decline.
Sixth, we were unable to adjust associations with recent exposure
for remote exposure and vice versa or account for coexposure to
PM, 5 and NO, in two-pollutant models owing to issues of multi-
collinearity that could make interpretation of the parameters diffi-
cult. Seventh, latent class membership was not a fixed trait of
individual women, which might vary when different covariates
were included in the LCMM. Eighth, the small numbers of
women assigned to the fast-decliner latent class limited our
power to detect statistically significant associations for this class.
Last, our findings were based on a sample of mostly non-
Hispanic White, well-educated, middle-class women, which may
limit the generalizability of our findings.

This study has several major strengths. First, our cohort
included older women in a wide age range (74-92 y at baseline),
making it possible to examine heterogeneity in episodic memory
trajectory among different age ranges (<80 vs. >80 y). Second,
we used a data-driven LCMM approach that allowed us to inves-
tigate whether associations between air pollution exposures and
episodic memory decline varied between latent classes character-
ized by different episodic memory trajectories. Third, we had
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data on annual air pollution measures estimated ~ 12 y prior to
the neuropsychological assessment in the WHIMS-ECHO cohort,
which provided a unique population context to explore the expo-
sure effects over two time windows. Fourth, the high-quality,
comprehensive data of the geographically diverse WHIMS-
ECHO cohort allowed us to adjust for a variety of covariates and
conduct sensitivity analyses to evaluate and control for potential
confounding and biases.

In summary, late-life exposure to ambient air pollution was
associated with accelerated episodic memory decline in sub-
groups of older women with different trajectories of episodic
memory. The association was most consistent for average PM; 5
exposure during the 3-y prior to baseline in women <80 years of
age at baseline with a higher probability of a slow rate of episodic
memory decline than other women in the same age group. Future
studies are needed to further examine heterogeneity in associa-
tions between air pollution and episodic memory decline in older
populations and substantiate our study findings.
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