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Abstract

Background: Ambient air pollution exposure has been associated with dementia. Additionally,
epidemiologic evidence supports associations between air pollution and diabetes as well as
diabetes and dementia. Thus, an indirect pathway between air pollution and dementia may exist
through metabolic dysfunction.

Objective: To investigate whether local traffic-related air pollution (TRAP) influences incident
dementia and cognitive impairment, non-dementia (CIND) in a cohort of older Mexican
Americans. We also assess how much of this estimated effect might be mediated through type 2
diabetes (T2DM).

Methods: In a 10-year, prospective study of Latinos (7= 1,564), we generated TRAP-NO, as a
surrogate for pollution from local traffic sources at participants’ residences during the year prior to
enrollment. We used Cox proportional hazards modeling and mediation analysis to estimate the
effects of TRAP-NO, on dementia and/or CIND and indirect pathways operating through T2DM.

Results: Higher TRAP-NO, was associated with incident dementia (HR = 1.55 for the highest
versus lower tertiles, 95% CI = 1.04, 2.55). Higher TRAP-NO, was also associated with T2DM
(OR =1.62, 95% CI = 1.27, 2.05); furthermore, T2DM was associated with dementia (HR = 1.94,
95% CI = 1.42, 2.66). Mediation analysis indicated that 20% of the estimated effect of TRAP-NOy
on dementia/CIND was mediated through T2DM.

Conclusion: Our results suggest that exposure to local traffic-related air pollution is associated
with incident dementia. We also estimated that 20% of this effect is mediated through T2DM.
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Thus, ambient air pollution might affect brain health via direct damage as well as through indirect
pathways related to diabetes and metabolic dysfunction.

Keywords

Air pollution; CALINE4; cognitive decline; dementia; diabetes; Latino; mediation; nitrogen oxide;
traffic-related air pollution

INTRODUCTION

Exposure to ambient air pollution is ubiquitous and has been associated with various adverse
age-related health outcomes in adults, including cardiovascular disease and type 2 diabetes
(T2DM) [1, 2]. While epidemiologic evidence is still accumulating, higher levels of long-
term exposure has also been repeatedly associated with cognitive dysfunction in the elderly,
including incident cognitive impairment and dementia [3-8]. This includes two large
cohorts, the Betula study in Northern Sweden and the Women’s Health Initiative Memory
Study (WHIMS), which both reported that residential air pollution increased incident
dementia risk [4, 5]. Among adults over 65, the prevalence of mild cognitive impairment and
of dementia is thought to be 30-40% and 10%, respectively; and both are associated with
considerable personal and societal burdens [9]. These previous, high-quality, prospective
longitudinal studies have estimated the population attributable fraction of ambient air
pollution exposure to dementia (Alzheimer’s or vascular type) at between 16 and 21% [4, 5].

However, while abundant evidence supports differential racial/ethnic vulnerability to a wide
array of diseases including cognitive outcomes [10-12], and racial/ethnic and neighborhood
socioeconomic features are reported to co-vary with air pollution [13, 14], the majority of
prospective, longitudinal cognitive research has been conducted primarily in non-Hispanic,
white populations. The Sacramento Area Latino Study on Aging (SALSA), a large,
prospective cohort study of community-dwelling Latino Americans, therefore, is a unique
resource for examining the influence of air pollution on incident dementia among elderly
Hispanics.

Furthermore, over the past two decades, convincing evidence has accumulated that T2DM
patients are at increased risk of developing dementia later in life, relative to non-patients [15,
16]. With robust epidemiologic evidence supporting an association between ambient air
pollution and diabetes [2] and a high prevalence of diabetes among Mexican Americans, it is
important to not only consider the influence air pollution has on dementia directly, but also
how air pollution may influence dementia risk indirectly through first affecting diabetes.

It is commonly thought that Alzheimer’s disease (AD) and vascular neuropathology
synergize in contributing to cognitive impairment and dementia late in life [17-19]. Shared
pathways between air pollution and T2DM have been linked to this process, with vascular
and metabolic disturbances related to diabetes possibly exacerbating neuronal dysfunction
and contributing to dementia [20]. Consequently, an indirect pathway between air pollution
and dementia may exist through T2DM, and increases in peripheral and neuronal insulin
resistance [21, 22], inflammation, mitochondrial dysfunction, and chronic oxidative stress
have all been directly implicated [23-25].
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In the present study, we investigated whether local traffic-related air pollution (TRAP), as
measured by a surrogate criteria pollutant marker (TRAP-NO,) derived from a line source
dispersion model, influences two incident cognitive outcomes, dementia and cognitive
impairment (hon-dementia), in a cohort of older Mexican Americans. Secondarily, we
assessed how much of this estimated association might be mediated through T2DM. We
apply mediation methods to separate the estimated direct effects of traffic-related air
pollution from indirect effects operating through T2DM on cognitive outcomes.

METHODS

Study population

Participants were enrolled in the Sacramento Area Latino Study on Aging (SALSA), a
prospective, community-based cohort study that enrolled Latino participants primarily of
Mexican origins (95%). All Latino residents from California’s Sacramento Valley area aged
more than 60 years were eligible to enroll (for a detailed description of sampling procedures
see [26]). The overall response rate was 85% for those contacted, and 1,789 participants
aged 60 to 101 years were enrolled and examined in 1998 to 1999 [26]. Cohort members
were followed every 12 to 15 months via home visits. Clinical and cognitive assessments
were conducted up to seven times during these home visits, ending in 2008. In a semiannual
10 min telephone call between home visits, interviewers obtained updates on medications,
health events, and some additional sociodemographic factors. Participants who had cognitive
impairment non-dementia (CIND) or dementia at baseline (7= 115, 6.4%), those who did
not participate in any follow-up interviews (n= 57, 3.2%), or did not provide all necessary
information (n= 53, 3.0%) were excluded, leaving 1,564 participants for analyses. See
Supplementary Figure 1 for details on attrition and death over follow-up. The median
participation was 5 visits per person (mean = 4.7, SD = 2) for the whole cohort (7= 1,789),
and 6 visits (mean = 4.9, SD = 2) for the analysis population (7 =1,564)

Air pollution exposure

In this study, we focused on local-traffic generated pollution from traffic emissions at the
participants’ residential address averaged over the year of enrollment.

We employed a modified California Line Source (CALINE4) dispersion model to estimate
subjects’ residential TRAP-NO, exposure originating from traffic emissions within 1.5 km
of participants’ residential addresses over the year of enrollment [27-29]. Previous studies
showed varying but relatively narrow impact zones of primary traffic emissions, ranging
from approximately 300 m during daytime [30] up to 2,600 m during pre-sunrise hours [31];
1.5 km is the average of the two impact zone sizes.

CALINE4 is a Gaussian dispersion model that employs a mixing zone concept to
characterize pollutant dispersion over the roadway. Major inputs to CALINE4 include
meteorology (atmospheric stability, mixing height, wind, and temperature), roadway
geometry and traffic activities, and vehicle emission factors. A comprehensive traffic
database with annual average daily traffic counts and gasoline and diesel vehicle fractions
was constructed for the entire Sacramento study region. Meteorological data were obtained
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from the California Air Resources Board (CARB) and the National Weather Service [32].
The motor vehicle emission factor model, EMFAC2011, developed by CARB was used to
generate TRAP-NOy emission rates [33]. Fleet-average emission factors were calculated
using county-specific vehicle registration and temperature data applying emission factors to
segment-level gasoline and diesel vehicle counts on roadway networks. The final product is
a yearly average TRAP-NO, concentration estimate for the year of enrollment from
vehicular traffic within 1.5 km of each participant’s residence. A more in depth discussion of
the model has been published [28, 29]. Our estimated pollutant (TRAP-NO,) exposure
measure should be regarded as an indicator of primary emissions from local vehicular traffic
within the vicinity of each participant’s residence during the year of enrollment.

We treated the average TRAP-NO, estimated exposure during the year of enrollment both as
a continuous predictor, with effect estimates representing an increase per one interquartile
range (IQR: 2.31 ppb), and also dichotomized at above and below the highest tertile of
TRAP-NOy (>2.68 ppb versus <2.68 ppb).

In terms of model verification, CALINE4 was originally developed and verified by the
California Department of Transportation (Caltrans) [27, 34]. The original study verified
modeled estimates using data from five field studies, with measurements at a series of study
sites across California and the US done in conjunction with the EPA (hundreds of
measurements per site) [27, 34]. At least 75% of all paired data fell within the factor-of-two
envelope window. The factor-of-two envelope, within plus or minus a factor of two of the
measured concentrations, is a common minimum criterion for judging adequate model
performance. For NO», the correlation (R) between the predicted and measured
concentration across the field sites ranged between 0.79 (freeways) — 0.83 (intersections).
Overall, 12% of the NO5 estimates were outside of the factor-of-two envelope. Wind
directional shifts were determined as the most important factor for misclassification.
Another study that verified CALINE4 estimated PM; 5 in the Sacramento region, found that
with the inclusion of background concentrations in the model, all paired points (measures
and estimates) were inside the factor-of-two envelope. Typically, if 80% of the points fall
inside the factor-of-two envelope, the model results are considered performing well in
predicting true values. The correlation and R? between measured and predicted values was
also high (with background pollutant levels in the model: R2 = 0.95, without background R?
=0.90) [35].

Furthermore, our study team (lead by J.W.) has also conducted internal comparisons of
modeled versus measured data. Using comparisons based on measurements from the USC
Children’s Health Study field campaign measurements, the study showed a high correlation
(R=0.87) of CALINE4-modeled monthly NOy concentrations with measurements at nine
monitoring sites in the Long Beach study area in December 2007 and April 2008 (Wu J,
Lurmann F, Avol E, unpublished data).

Dementia and cognitive impairment, non-dementia

All participants were screened for cognitive outcomes during each home visit. Detailed
procedures to screen and classify participants with dementia and CIND are described
elsewhere [26]. Briefly, each participant was assessed with two cognitive screening tests at
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each in-person visit (up to seven home visits), the Modified Mini—-Mental State Examination
(3MSE) and a delayed word recall trial from the Spanish English Verbal Learning Test
(SEVLT). Participants were referred for a neuropsychological test battery [36] and a
standard neuropsychological examination (Informant Questionnaire on Cognitive Decline in
the Elderly) if (1) their scores on the 3MSE or SEVLT fell below the 20th percentile, or (2)
had decreased from baseline by =8 points (3MSE) or =3 points (SEVLT) [26]. A team of
neurologists and a neuropsychologist reviewed all referred cases and classified each as
demented, CIND, or cognitively normal. Standard diagnostic criteria were applied for a
diagnosis of dementia [37].

Type 2 diabetes

T2DM status was based on reports of a physician diagnosis, inventory of antidiabetic
medication use, or measured fasting glucose level 2126 mg/dL (7.0 mmol/l) in a blood
sample. We assessed prevalent T2DM as the mediator between air pollution and the
cognitive outcomes, for two primary reasons, 1) diabetes was highly prevalent in the SALSA
population at baseline (7 =500, 32%; Table 1); 2) previous work in SALSA and other
studies has demonstrated that those with prevalent diabetes at baseline displayed faster
cognitive decline, while those who developed incident diabetes (7 =181, 12%) over follow-
up showed similar cognitive decline to those without diabetes (/7 =883, 56%) [38]. Thus,
while the lack of an association between incident diabetes in SALSA is most likely due to an
insufficient latency period between diabetes onset and cognitive events, incident diabetes
cannot be treated as a mediator as it is not related to the outcome. We also assume that air
pollution measured during the year of enrollment is representative of the long-term relative
levels of air pollution at residences, providing a basis for temporality. This is reasonable as
the majority of the SALSA population reported living at their baseline address for many
years prior to enrollment (mean = 21.8 years; median 23.8 years; range 0.3 to 74 years; IQR
=10.5 to 30 years; 90% >4 years). Furthermore, we present this secondary mediation aim as
first epidemiologic evidence linking air pollution, diabetes, and subsequent dementia, and
hope other cohorts with longer follow-up and incident diabetes further assess these pathways
to provide evidence for temporality.

Neighborhood socioeconomic score

At baseline, participants were residing in 251 different census tracts, each containing on
average 6 participants (range 1-71 participants). We generated a neighborhood
socioeconomic status score (NSES) for each census block, and, thus, for each residence,
based on the method developed by Yost et al. [39]. To assess NSES information, census
variables were aggregated at the census block group level, as blocks contain approximately
one-fourth the individuals in a census tract (~1000 individuals), and are generally more
homogenous related to SES factors, and represent smaller geographic areas than census
tracts [39].

The NSES composite score was created from the 2000 census and SALSA participants’
residential address information. More detail has been published [39]. Briefly, seven census
derived variables were combined into a single NSES index using principal component
analysis. These included: 1) an education index that weights proportion of people in the
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census block with a given education level by years to attain that education; 2) proportion
with a blue-collar job; 3) proportion older than 16 in the workforce without a job; 4) median
household income; 5) proportion below 200% of the poverty level; 6) median rent; and 7)
median house value. Higher values of variables 1, 4, 6, and 7 represent higher SES, and
these variables had positive loadings into the component. While variables 2, 3, and 5 are
inversely related to SES and had negative loadings into the component. Thus, a larger value
on the NSES component represents a higher NSES, and the score ranges from 1 (low NSES)
to 5 (high NSES). Each census block was scored based on this method, and individuals
assigned an NSES score based on the score of the census block they lived in at baseline.

Statistical methods

Our primary aim was to assess the relationship between TRAP-NOy and incident dementia
and incident CIND. We therefore, present three sets of estimates, for TRAP-NO, and time to
dementia, time to CIND, and time to dementia or CIND, whichever was diagnosed first
(dementia/CIND). We used Cox proportional hazards models for time to event analysis,
clustered by census tract (i.e., the standard errors of the effect estimates are corrected for the
clustering of participants within census tracts). To control for confounding of the exposure-
outcome association, we added to the models baseline age, sex, years of education, primary
language spoken (English/Spanish), occupation for most of the participant’s life (manual,
non-manual, or other (housewife or unemployed)), smoking status (current/former, never),
NSES, an indicator for participants living in one of the six smaller counties (yes/no), an
indicator of urbanicity (rural/urban) within each county, and baseline cognitive function
(BMSE score). We also present sensitivity analyses excluding 3MSE score from the models.

In order to assess deviations from linearity when using the TRAP-NO, exposure per IQR,
we additionally fit a series of Cox proportional hazards models allowing for splines, and we
selected a cubic spline with 3 knots as it fit the data best. We then compared the original Cox
proportional hazards models without splines, by cognitive outcome, to the model with the
cubic spline with a likelihood ratio test.

Urbanicity is strongly related to TRAP-NO,,, that is from among the 205 participants
residing in rural locations during the year of study enrollment, only 10 had a TRAP-NOy
exposure in the highest tertile (Supplementary Table 1). Thus, we present results based on
the entire SALSA cohort (n =1,564) and also only for those living in urban environments
only (n =1,359). Differences in the distribution of baseline demographics and health
characteristics by dementia/CIND status over follow-up were compared using the Student’s
ttest (continuous data) and Pearson chi-square test (categorical data).

We also conducted additional sensitivity analysis, to assess whether loss to follow-up over
the study period was informative. We first assessed whether any of our covariates or
exposures were predictive of censoring due to loss to follow-up (for any reason) using
logistic regression. To account for the possibility of selection bias from right censoring, we
then used an inverse probability weight for censoring (IPCW) to create a pseudo-population
mimicking the total population before censoring in distribution of measured covariates and
potential predictors of loss to follow-up [40]. We then ran the Cox models in the uncensored
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population only (those who developed incident cognitive outcomes or completed 4 follow-up
exams), but included the IPCW weight.

Our secondary aim was to assess the indirect association of TRAP-NO, on the incident
cognitive outcomes operating through prevalent T2DM. In previous work, prevalent T2DM
has been shown to be associated with cognitive outcomes in SALSA [38]. Thus, as the first
step to assess if mediation analysis is suitable, we assessed whether TRAP-NOy was
associated with prevalent T2DM using logistic regression with census-tract clustered
standard errors. The clustering in the logistic regression models was done using generalized
estimated equations (GEE), which is a regression approach for generalized linear models
when the responses are correlated/clustered. We used the geeglm function (geepack),
including the census tract as id.

Once we confirmed that TRAP-NO is associated with T2DM, we employed mediation
analysis to estimate the natural direct and indirect effects. Figure 1 details the modeled
presumed pathways of effect between TRAP-NOy and dementia/CIND. To assess the natural
direct and indirect effects of TRAP-NOy operating through T2DM, we performed mediation
analysis using an approach proposed by Lange et al. [41] based on marginal structural
models that directly parameterize the natural direct and indirect effects of interest.

The approach utilizes the counterfactual framework [42] and allows decomposition of the
total effect of the exposure (TRAP-NOy) on the outcome (dementia) into a natural direct
effect (TRAP-NOy — dementia) and natural indirect effect through a mediator (TRAP-NOy
— T2DM — dementia). We calculated natural effects to allow for the potential presence of
exposure-mediator interactions. This method involves four main steps: 1) Estimation of the
effects of TRAP-NO, exposure on the mediator (T2DM) with a logistic regression model. 2)
Constructing a new data set repeating each observation from the original data set twice and
including an additional variable TRAP-NO,*, which is equal to the original “observed”
exposure for the first replication of the original dataset but equal to the counterfactual
“unobserved” exposure for the second replication. For the dichotomized TRAP-NO
exposure this is the opposite of the observed exposure level. 3) Then we computed weights
for each observation by applying the fitted model from step 1, to distinguish between the
direct and indirect paths (W= AM| TRAP-NO,*, O)/AIM| TRAP-NO, C), where M =
mediator and C = confounders). And 4) with the new data set in place, we fitted a weighted
Cox proportional hazards model with W (step 3) that includes TRAP-NO, and TRAP-NOy
*. We allowed for an interaction between exposure and the mediator by including a product
term in the model, but since we did not estimate any interactions (OR = 0.96-1.03) or
meaningful change in effect (TE, IE, DE) we did not include this term in the final model.

Assuming proportional hazards, the hazard ratios for TRAP-NO, and TRAP-NO,* serve as
estimates for the natural direct effect (DE) and indirect effect (IE) of TRAP-NOy and
dementia/CIND. The product of the two hazard ratios yields the hazard ratio for the total
effect (TE) and the proportion mediated is IE/TE. Confidence intervals that account for
clustering within census tracts were obtained using 5,000 bootstrap simulations (2.5 and
97.5 percentiles). The mediation method assumes no unmeasured confounding, not only for
the exposure-outcome, but also exposure-mediator and mediator-outcome relationships.
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Thus, we also included an inflammation marker (IL-6; /7 =160 participants missing this
value and excluded from the mediation analysis) in the exposure-outcome model, since
inflammation can be considered a possible confounder of the mediator-outcome association
that is influenced by the exposure.

We include R code for analysis in the supplement for ease of replication, though we
encourage readers to see Lange et al. [41] and Rochon et al. [43] for a more detailed
discussion on the mediation approach and coding using R. Analyses were conducted using R
version 3.4.4 [44], packages Ime4, geepack, and survival. Analysis code can be found in the
Supplementary Material.

RESULTS

Baseline demographics and health characteristics of the SALSA population are presented in
Table 1. Participants who developed dementia or CIND during follow-up were on average
older at baseline (75.4 (SD = 7.7) versus 69.7 (SD = 6.8)), had a higher proportion of cases
who were previously employed as manual laborers (67% versus 60%), had less years of
education (5.7 (SD = 5.1) versus 7.5 (SD = 5.3)), and a higher proportion had T2DM (44%
versus 31%) at baseline (Table 1). The majority of the study population (87%) resided in
urban locations, where estimates of local TRAP-NO, exposure were on average higher than
in rural locations (2.8 ppb (SD = 2.2) versus 1.2 ppb (SD = 0.7); Supplementary Table 1).
The level of estimated local TRAP-NO, also generally decreased with increasing NSES (o =
0.03; Supplementary Figure 2).

During the 10-year follow-up period, 154 (9.8%) participants developed either incident
dementia or CIND. A total of 67 (4.2%) participants were diagnosed with incident CIND; of
these, 13 were subsequently diagnosed with dementia during follow-up, while 54 were
censored. A total of 100 (6.4%) participants were diagnosed with incident dementia, 87 were
diagnosed with only dementia, while 13 had been diagnosed with CIND first at a previous
visit. Among those with incident dementia/CIND, the median age at event was 80.4 years
and time from baseline to event, either CIND or dementia whichever was diagnosed first,
was 5.1 years.

The association between TRAP-NO, and the cognitive outcomes can be found in Table 2.
Higher levels of residential TRAP-NO,, averaged over the year of enrollment, were
associated with a faster time to dementia (HR = 1.55 for the highest versus lower tertiles,
95% CI =1.04, 2.33; HR = 1.20 per IQR (2.31 ppb), 95% CI = 0.98, 1.47). The magnitude
of association was slightly stronger when we assessed associations among those living in
urban environments only (HR = 1.65 for the highest versus lower tertiles, 95% CI = 1.10,
2.48; HR = 1.25 per IQR (2.31 ppb), 95% CI = 1.03, 1.52). For time to CIND, excluding
from the control group those who were diagnosed with dementia but not CIND (77 =87), the
magnitude of the association for dichotomized TRAP-NO, was attenuated (HR = 1.21 for
the highest versus lower tertiles, 95% CI = 0.76, 1.92), while TRAP-NO,,, per IQR showed a
similar size association as dementia (HR = 1.21 per IQR, 95% CI = 1.00, 1.46). Time to
dementia or CIND, whichever was first diagnosed, was also increased (HR = 1.45 for the
highest versus lower tertiles, 95% CI = 1.07, 1.96; HR = 1.21 per IQR, 95% CI = 1.05,

J Alzheimers Dis. Author manuscript; available in PMC 2020 October 27.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Paul et al.

Page 9

1.40). We also assessed these associations excluding baseline cognitive scores (3MSE) from
the models, as TRAP-NOy likely represents longer-term exposure levels, and thus may
influence baseline cognitive function, acting as a mediator versus acting as a confounder.
These results can be found in Supplementary Table 2; and the findings were generally quite
similar.

We also assessed non-linearity of the TRAP-NOy (per IQR) association with splines (cubic
spline, 3 knots). When comparing the models without to those with the splines, none of the
models showed statistically significant differences in fit (likelihood ratio test: Time to
dementia, All SALSA p=0.12, Urban only p=0.41; Time to CIND, All SALSA p=0.63,
Urban only p=0.73; Time to dementia/CIND, All SALSA p=0.16, Urban only p=0.55).
The spline models can be viewed in Fig. 2, which demonstrates that TRAP-NOy (per IQR)
and time to CIND was quite linear. For time to dementia, there appears to be some leveling
off of risk at higher exposure profiles (TRAP-NOy IQR > 2.5). Additionally, for time to
dementia, in the analysis of the total population, there is some increase of risk displayed for
those with the lowest risk profiles as well. This is driven by rural participants, as a majority
with very low TRAP-NOy profiles (<0.5) lived in rural environments: 75% of those with
<0.5 TRAP-NOy are from rural environments, while those with higher exposure profiles
lived in more urban environments.

Mediation analysis

Higher levels of TRAP-NO, were also associated with prevalent T2DM (OR = 1.62 for the
highest versus lower tertiles, 95% CI = 1.27, 2.05; OR = 1.24 per IQR, 95% Cl = 1.11, 1.38;
Table 3). And prevalent T2DM was also strongly related to incident dementia/CIND (HR =
1.94,95% CI = 1.42, 2.66; Table 3), with similar results observed for time to dementia (HR
=1.93, 95% CI = 1.30, 2.87) and CIND only (HR = 2.24, 95% CI = 1.36, 3.71), results
which have been described in more detail previously [38].

Using mediation analysis, we decomposed the total effect (TE) into the direct effect (DE)
and indirect effect (IE) mediated through T2DM, and quantified the proportion mediated
(Table 4). Across the cognitive outcomes (time to dementia, CIND, dementia/CIND),
between 18% and 27% of the TE of TRAP-NO, was estimated to be mediated through
T2DM (IE), while 82% to 73% was estimated to act through other pathways (DE). For
example, for time to dementia/CIND among those who lived in urban populations, the TE of
TRAP-NO, was estimated at HR = 1.59 (95% CI = 1.10, 2.26), meaning across all
pathways, the total association of TRAP-NO, was estimated at HR = 1.59. In decomposing
this total effect, looking at effects through T2DM (IE) specifically versus all other pathways
(DE), we estimate the DE of TRAP-NO, at HR = 1.46 (95% CI = 1.00, 2.09) and IE at HR =
1.09 (95% CI = 1.04, 1.17). Indicating that 18% of the TE of TRAP-NOy on time to
dementia/CIND was mediated through T2DM. Similar associations were observed for time
to dementia. For CIND, the magnitude of the TE of TRAP-NO, was smaller and the
confidence interval contains the null value (HR = 1.42; 95% CI = 0.79, 2.47). The IE
mediated through T2DM, however, was similar in size (HR = 1.08, 95% CI = 1.02, 1.19),
thus indicating a higher proportion (23%) was mediated through this pathway.
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In order to assess whether loss to follow-up was informative in our study, which may have
resulted in potential selection bias, we also assessed whether our exposures and covariates
were 1) related to censoring prior to the study end and 2) assessed how estimates changed
when we included an IPCW. During the study period, 8 to 22% of the participants were lost
and approximately 5% of the participants died after each exam (Supplementary Figure 1). In
modeling loss to follow-up prior to exam 5, baseline cognitive function was predictive of
loss, indicating those with better performance on the baseline 3SMSE were less likely to drop
out (OR per 1 point = 0.97, 95% CI = 0.96, 0.98). TRAP-NO per IQR was also
suggestively associated with loss (OR = 1.08 per IQR, 95% CI = 0.96, 1.21), but less so the
dichotomized measure. Suggesting loss to follow-up may be informative and given the
direction of associations (worse cognitive function and higher TRAP-NO, are both
positively associated with loss), the Cox model results may be biased toward the null. To
quantify this, we included the IPCW and modeled the time to event associations in the
uncensored population only. These results are displayed in Supplementary Table 4. The
findings were generally similar, but estimates are of somewhat greater magnitude,
suggesting as expected loss to follow-up may have biased results toward the null. For
example, for time to dementia/CIND, without including the IPCW, we observed a HR = 1.45
for higher TRAP-NO (95% CI = 1.07, 1.96; Table 2), with the IPCW, we observed a HR =
1.54 (95% CI = 1.08, 2.19; Supplementary Table 4).

DISCUSSION

In this prospective cohort study of older, community-dwelling Mexican Americans from the
Sacramento Valley (CA, USA), exposure to higher residential levels of local traffic-related
air pollution was strongly associated with incident dementia, and somewhat less strongly
with CIND. Applying a mediation analysis approach, we further observed that
approximately 20% of the estimated effect of local TRAP-NO, on dementia or CIND was
mediated through T2DM, suggesting that metabolic dysfunction is one of the pathways
through which traffic-related air pollution exposure influences cognitive impairment and
dementia among the elderly.

Only a handful of cohort studies previously investigated whether air pollution affects
cognitive decline or dementia incidence (for review, see [45]). Two large cohorts, with long-
term prospective follow-up and in-person clinical evaluations, the Betula study in Northern
Sweden and the Women’s Health Initiative Memory Study (WHIMS), both reported that
residential air pollution increased incident dementia risk (NOy (HR = 1.43, 95% CI = 1.00,
2.05) and PM, 5 (HR = 1.92, 95% CI = 1.32, 2.80), respectively) [4, 5]. The US based
Nurses’ Health Study cognitive cohort, Normative Aging Cohort, and the REGARDS cohort
found higher modeled ambient black carbon or PM at participants’ residence to be
associated with cognitive decline [3, 46, 47]. Findings from an older cohort of Puerto Ricans
in the Boston area provide support for an association between PM and cognitive decline in a
Hispanic population [7]. The Whitehall 11 cohort from the greater London Area (UK),
however, found only suggestive associations between a five-year decline on a standardized
memory test and PM exposures [48]. In our elderly, Latino cohort we observe similar
magnitude associations between local, traffic-related air pollution exposures and the
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cognitive outcomes reported in the Betula and WHIMS cohorts, both of which also assess
incident dementia.

Furthermore, our findings not only confirm previous reports that traffic-related air pollution
increases the risk of dementia/CIND among a Hispanic population, but we also estimated
that approximately 20% of the effect of TRAP-NO on dementia/CIND is mediated through
T2DM. This observation suggests that a meaningful pathway through which TRAP-NOy
acts on dementia/CIND is through metabolic function, with TRAP-NO first potentially
influencing metabolic dysfunction which in turn influences cognitive function. Several lines
of research point toward mechanisms through which air pollution may impact brain health,
broadly including chronic brain inflammation, microglia activation, and white matter
abnormalities [49]. Specific to dementia, both in experimental and in postmortem studies, air
pollution has been associated with amyloid-p plaques and hyperphosphorylated tau [50-52].
Another important mechanism is metabolic dysfunction, through which T2DM is also
related to cognitive function, including systemic insulin resistance and vascular brain injury
related to insulin resistance, and disruption of the normal action of insulin in the brain of
T2DM patients [53]. Evidence for the involvement of air pollution in these pathways is
increasing [54]. Air-pollution exposure has been shown to alter endothelial function [55, 56],
which in turn precedes changes in insulin resistance, and has been implicated in reduced
peripheral glucose uptake [57]. In fact, experimentally, PM, 5 exposure produced similar or
even greater changes in insulin resistance measures than high-fat diets [58—60]. Tumor
necrosis factor (TNF)-a, interleukin-6 (IL-6), resistin, and leptin levels were elevated
following PM, 5 exposure, keeping with a proinflammatory insulin-resistant state [58-60].
Studies have also implicated air pollution exposure in additional pathways, including
mitochondrial dysfunction and brown adipose tissue alterations, and hepatic insulin
resistance and endoplasmic reticulum stress [54]. Taken together with our results, this
research indicates that ambient air toxicants may not only have direct neuropathological
effects, but also have indirect effects through diabetes and metabolic dysfunction affected by
air pollution.

Quantifying the indirect pathways related to air pollution exposure in population studies may
help elucidate the pathogenic mechanisms of exposure, as described above, in humans at
relevant exposure levels. But more importantly, such knowledge may also help inform on
preventative measures. Modification of proximal individual-level T2DM risk factors to
improve brain health may be less successful should causal or potentiating upstream
environmental exposures remain in place. Integrated measures that address both ambient
pollution and lifestyle factors may have considerable implications for prevention of both
outcomes, particularly in high-risk populations [49, 61, 62]. The majority of previous
epidemiologic studies have been conducted in non-Hispanic white populations, where both
the T2DM and dementia burden are lower than among Mexican Americans [12]. Our
research among Mexican Americans provides important insights about the interrelatedness
of air pollution and incident dementia and CIND with diabetes in a population with a high
T2DM prevalence.

Furthermore, numerous studies have shown that low SES neighborhoods are affected by a
disproportionate amount of air pollution exposure. For the SALSA cohort, we also observed
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that TRAP-NOy decreased with increasing neighborhood SES. Previously, lower
neighborhood SES was associated with poorer cognitive scores in SALSA [10]. Education
was estimated to explain about 20% of the within-neighborhood variance and 40% of the
between-neighborhood variance for slopes of cognitive decline [10]. However, substantial
variance in rates of cognitive decline remained unexplained, indicating that other risk factors
including environmental exposures that aggregate in neighborhoods may also contribute to
these outcomes.

The mediation analysis allowed us to quantify estimated indirect and direct effects.
Operating under the counterfactual framework, the analysis assumes no uncontrolled
confounding. We included a variety of individual demographic and SES factors, as well as a
neighborhood SES score and census tract clustering. Still, this assumption is not testable in
observational studies, and other confounding factors may exist. Furthermore, mediation
analysis may be biased by the presence of mediator-outcome confounders that are affected
by exposure. For instance, we hypothesized that inflammation may be a pathway through
which TRAP-NO, acts on dementia/CIND. Inflammation is also associated with T2DM,
thus may act as a mediator between TRAP-NO, and dementia/CIND, but a confounder of
the T2DM and dementia/CIND association. We controlled for IL-6 levels at baseline to
account for this, but other such confounders may also exist. Additionally, we mainly relied
on prevalent T2DM in our analyses, and only observed suggestive associations between NOy
and incident T2DM likely because exclusion of a third of the SALSA population due to
prevalent T2DM limited our statistical power. Thus, we present this secondary mediation
aim as first epidemiologic evidence linking air pollution, diabetes, and subsequent dementia
in a population-based study, and hope other cohorts with longer follow-up for incident
diabetes and incident dementia further assess these pathways to provide replication.

Neuropathological processes relevant to cognitive decline and dementia may begin 20 or
more years prior to the onset of clinical symptoms [63]. Thus, exposures early in life and
midlife are likely quite relevant for the development of cognitive decline and dementia later
in life. We were limited in our exposure assessment to residential locations at baseline.
However, since the refative spatial ranking of air pollution exposure from consistent sources
(such as traffic) are likely steady over extended periods of time, it is fair to presume that
these exposures at enrolment are adequate surrogates for past, long-term spatial contrasts.
Also, residential mobility in the decade prior to baseline was quite low among SALSA
participants. On average participants reported living at their baseline residence for 22 years
with 75% of participants having not moved within 10 years, although 5% had lived at their
baseline address for 2 years or less. Additionally, some changes in traffic density or major
roadway construction may have influenced exposure patterns over the study period. It should
also be emphasized that we modeled air pollution exposure due to /ocal traffic-sources only
using a comprehensive traffic database and a well-established dispersion model, thus, only
changes in traffic pollution within 1500 meters of the homes would be relevant here. This is
particularly relevant for the Sacramento region, as according to CARB, 85% of the area’s
nitrogen oxides are from cars and trucks [64], indicating our local traffic-based air pollution
assessment is generally appropriate for the region.
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In terms of our model, a modified-CALINE4, numerous studies have verified estimates with
field studies and measurements [34, 35], including our own internal verifications (Wu, J).
Overall, the verifications have indicated that the CALINE4 model adequately estimates the
measured concentration, but of course, there is likely some misclassification in our estimates
from both modeling and other sources not included in CALINE4 models. Wind directional
shifts have been determined as a significant factor for misclassification, and systematic
overpredicting of estimates during very low (<1 m/s) parallel to the road wind conditions
have been reported [34]. Thus, there is likely some exposure misclassification of our
estimates; however, we expect this to be non-differential with respect to cognitive outcomes.

Furthermore, some discussion of generalizability, both spatially and temporally, is
warranted. Air pollution in the Sacramento region has historically been relatively poor (in
the top 10 most polluted cities in the US). There are geographical reasons along with sources
of pollution; mountain ranges bordering the Central Valley limit dispersion and trap
pollutants in the Valley. But since the study began (1998), strides have been made that
improved air quality even as the population has grown. Overall, population and traffic
density in the region has significantly increased. Between 2000-2016, the population grew
by 25% and vehicle miles traveled increased by 36% [64]. However, there have been notable
reductions in air pollution and NOy, primarily due to CA state regulations and air pollution
control programs resulting in emission reductions. Regulations include requiring filters to be
installed on diesel trucks and the use of new, less polluting diesel truck fleets as well as
cleaner fuel regulations. During the same time period (2000-2016), NO, emissions over the
Sacramento region were reduced by 61%, almost all from cars and trucks [64]. And the
number of days the region exceeded the standard was reduced by 42%, despite growth in the
region’s population and traffic [64].

In terms of relating this to our study findings, emission reductions from vehicles will mean
less overall traffic-related air pollution in the region, which will no doubt lead to public
health benefits. However, our findings remain quite relevant and likely generalizable, as we
observed a meaningful increase in risk for dementia from low TRAP-NOy levels to mid-
levels of exposure (see spline graphs), exposure levels that would still be present today. Thus
the pollution level of mid-range exposure profiles from 1998/1999 may represent the
pollution level of higher-range profiles today, which is a public health and environmental
policy win. In addition, although air quality, especially traffic-related pollution has improved
substantially in our study region, other areas worldwide (e.g., China, India, or locations with
primarily Hispanic populations, such as Mexico, directly relevant to SALSA) still have high
pollution levels due to rapid urbanization. Our results will have important and broad
implications for assessing the adverse health impact of air pollution.

Our study has several strengths, including relying on a prospective community-based cohort
of understudied Hispanics with a high burden of T2DM and regular follow-up visits over a
10-year period. Exams were conducted in person with home visits, and most participants
were able to be seen for at least one follow-up exam. This allowed for repeated in-person
neurologic and cognitive screens, clinical diagnoses of dementia and CIND, and
measurements of fasting glucose that supplemented self-reported medical histories and
medication use. However, loss to follow-up prior to study completion was related to
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cognitive performance at baseline and suggestively also to TRAP-NO, exposure. This
informative loss to-follow-up likely led to an underestimation of the true TRAP-NOy
relationship, due to both associations influencing loss in a positive direction. This was
demonstrated in our IPCW analysis, where the effect estimates for TRAP-NO, were of
greater magnitude after accounting for selection bias.

In the coming decades, numerous countries will face the challenges of a growing elderly
population, particularly with regard to the personal, economic, and social burden of caring
for those with dementia [65]. Actions that would result in reducing upstream dementia-
related risk factors may mitigate this burden. Ambient air pollution exposures are long-term
and affect large populations. While these exposures may yield relatively modest risk
increases, they nevertheless result in large numbers of cases. Given the magnitude of
exposure and broad range of health impacts, preventive actions targeting them provide great
potential for prevention.

Our results suggest that exposure to local traffic-related air pollution (TRAP-NOy) is
associated with incident dementia and cognitive impairment, non-dementia. Beyond this, we
estimated 20% of the effect of TRAP-NOy on dementia/CIND to be mediated through
T2DM, indicating an important indirect pathway through metabolic dysfunction. This
research draws important connections between ambient air pollution and brain health via
direct damage as well as indirect pathways related to diabetes and metabolic dysfunction.
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Fig. 2.

Relationship between TRAP-NOy (per IQR) and late-life incident cognitive outcomes:
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allowing for non-linear associations with a cubic spline (3 knots). The results are displayed

for each outcome based on the whole SALSA cohort and limiting to those in urban
environments only; covariates were scored based on reference values for categorical

predictors or population mean for continuous covariates.
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Table 1.
Population characteristics of SALSA participants at baseline by dementia/ CIND status established during
follow-up.
SALSA analysis No Dementia/CIND CIND Dementia Dementia/CIND
population

Variable, Mean + SD/n (%) N=1564 N=1410 N=67 N=100 N=154
Age (y) 70.2£6.8 69.7:6.8 738+78% 767+76"  754+77°
Male 656 (41.9) 598 (42.4) 25 (37.3) 36 (36.0) 58 (37.7)
Primarily Language: Spanish 886 (56.7) 791 (56.1) 43 (64.2) 61 (61.0) 95 (61.7)
Education (y) 73+53 75+53 6.0+59% 55+4.4% 57+51%
Cigarette Smoking, Current/ 745 (47.6) 666 (47.2) 36 (53.7) 51 (51.0) 79 (51.3)
Former
Occupation

Non-manual 341 (21.8) 328 (23.3) 13 (8.4)* 8(8.0)" 13 (8.4) "

Manual 944 (60.4) 841 (60.0) 103 (66.9) 68 (68.0)* 103 (66.9)*

Other (housewives and 279 (17.8) 241 (17.1) 38 (24.7) * 24 (24.0) * 38 (24.7) *
unemployed)
Urban Residence 1359 (86.9) 1228 (87.1) 58 (86.6) 86 (86.0) 131 (85.0)
CALINE4 TRAP (NO,) ppb 259+2.2 258422 281+25  265+22 268+2.2
(mean)
<2.68 (T3) ppb 1034 (66.1) 936 (66.4) 44 (66.1) 63 (63.0) 98 (63.6)
>2.68 ppb 530 (33.9) 474 (33.6) 23(34.3) 37 (37.0) 56 (36.4)
NSES (1 low to 5 high) 209+1.0 210+1.0 1.96+1.0 210+1.9 2.00+1.0
CA Residential County

Sacramento 1221 (78.1) 1108 (78.6) 50 (74.6) 76 (76.0) 113 (73.4)

Yolo 199 (12.7) 172 (12.2) 10 (14.9) 17 (17.0) 27 (17.5)

Other 144 (9.2) 130 (9.2) 7 (10.4) 7(7.0) 14 (9.1)
Baseline type 2 diabetes 500 (32.0) 432 (30.6) 30 (44.8)°  45(45.0)" 68 (44.2) "
Baseline SMSE 85.9+115 86.7+786™ 82.0+111% 765+178"  786+16.0"

*
P-value<0.05 based on t-test or chi-square, compared to no dementia/CIND group

fSoIano, Calaveras, Placer, Stanislaus, Sutter, Yuba

CALINE4= California Line Source dispersion model 4; CVD=cardiovascular disease; CIND=cognitive impairment, non-dementia; ppb=parts per
billion; T3=tertile 3; T2DM=type 2 diabetes mellitus; TRAP=traffic-related air pollution;
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Relationship between TRAP-NO, and late-life incident cognitive outcomes.

Table 2.

Page 22

Qutcome TRAP-NO, Exposure All SALSA (n=1564) Urban Only (n=1359)
Category
Cognitive Outcome HR (95% CI) Cognitive Outcome HR (95% CI)
No (%) Yes (%) No (%) Yes (%)
Time to incident NOy T3 (yes/no)
dementia
<2.68 ppb 971 (66.3) 63 (63.0) 1.00 (ref) 790 (62.1) 49 (57.0) 1.00 (ref)
100/86 (urban >2.68 ppb 493 (33.7) 37(37.0) 1.55(1.04,2.33) 483(37.9) 37(43.0) 1.65(1.10,2.48)
only) events
per IQR 1.20(0.98, 1.47) 1.25(1.03, 1.52)
Time to incident NOy T3 (yes/no)
cinbt
<2.68 ppb 936 (66.4) 44 (65.7) 1.00 (ref) 764 (62.2) 35(60.3) 1.00 (ref)
67/58 (urban only) >2.68 ppb 474 (33.6) 23(34.3) 1.21(0.76,1.92) 464 (37.7) 23(39.7) 1.26(0.79, 2.03)
events
per IQR 1.21 (1.00, 1.46) 1.24 (1.02, 1.50)
Time to incident NOy T3 (yes/no)
dementia/CIND
<2.68 ppb 936 (66.4) 98 (64.6) 1.00 (ref) 764 (62.2) 75 (57.3) 1.00 (ref)
154/131 (urban >2.68 ppb 474 (33.6) 56 (36.4) 1.45(1.07,1.96) 464 (37.8) 56(42.8) 1.55(1.15,2.09)
only) events
per IQR 1.21 (1.05, 1.40) 1.25(1.09, 1.44)

Abbreviations: CIND=Cognitive Impairment, non-dementia; T3=tertile 3 (TRAP NOx dichotomized at >T3); IQR=interquartile range (2.31 ppb)

Based on Cox proportional hazards regression with census-tract clustered standard errors.

Models control for baseline 3MSE score, baseline age, sex, years of education, primary language spoken, occupation for most of life (manual, non-
manual, or other), NSES, cigarette smoking, a county indicator, and a rural/urban residential neighborhood indicator (excluded for urban only

analysis).

7LEchudes those who were diagnosed with dementia (but not CIND) from the control group
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Table 3.

Relationship between TRAP (NOy) and type 2 diabetes and type 2 diabetes and incident cognitive outcomes.

Qutcome Exposure Category All SALSA (n=1564) Urban Only (n=1359)
Outcome OR/HR Outcome OR/HR
No (%) Yes (%) (95% ClI) No (%)  Yes (%) (95% CI)
Type 2 diabetes NOy T3 (yes/no)
(T2DM)
<2.68 ppb 727 (68.3) 307 (61.4) 1.00 (ref) 602 (64.5) 273 (55.6) 1.00 (ref)
>2.68 ppb 337(31.7) 193(38.6) 1.62(1.27,2.05) 331(35.5) 189(44.4) 1.63(1.27,2.09)
per IQR 1.24 (1.11, 1.38) 1.23 (1.10, 1.37)
Time to incident Prevalent T2DM
dementia
No 1009 (68.9) 55 (55.0) 1.00 (ref) 886 (69.6) 47 (54.7) 1.00 (ref)
Yes 455(31.0)  45(45.0) 1.93(1.30,2.87) 387 (30.4) 39 (45.4) 2.10 (1.37,3.22)
Time to incident CIND Prevalent T2DM
No 978(69.4) 37 (55.2) 1.00 (ref) 860 (70.0) 32 (55.2) 1.00 (ref)
Yes 432(30.6) 30 (44.8) 2.24(1.36,3.71) 368 (30.0) 26 (44.8) 2.36 (1.43,3.91)
Time to incident Prevalent T2DM
dementia/ CIND
No 978 (69.4) 86 (55.8) 1.00 (ref) 860 (70.0) 73 (55.7) 1.00 (ref)
Yes 432 (30.6) 68(44.2) 1.94(1.42,2.66) 368(30.0) 58(44.3) 2.09 (1.51,2.91)

Abbreviations: CIND=Cognitive Impairment, non-dementia; T3=tertile 3 (TRAP NOx dichotomized at >T3); IQR=interquartile range (2.31 ppb)
Based on logistic regression with census-tract clustered standard errors.

Models control for baseline 3MSE score, baseline age, sex, years of education, primary language spoken, occupation for most of life (manual, non-
manual, or other), NSES, cigarette smoking, a county indicator, and a rural/urban residential neighborhood indicator (excluded for urban only
analysis).
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Table 4.

Mediation analysis. Total, direct, and indirect effects of TRAP (NOy) through type 2 diabetes on time to
incident cognitive outcomes and proportion of total effect mediated through T2DM.

All SALSA (n=1387)* Urban Only (n=1201)

Associations HR (95% CI) Proportion HR (95% CI) Proportion
Mediated Mediated
Total Effect: TRAP (NO,) (>2.68 ppb (T3) versus < 2.68 ppb 1.54 (0.96, 2.70) 18% 1.67 (1.01, 2.87) 18%
(ref)) — Dementia
Direct Effect: TRAP (NO,) — (M) — Dementia 1.43 (0.88, 2.48) 1.52 (0.92, 2.61)
Indirect Effect: TRAP (NO,) — T2DM — Dementia 1.08 (1.03, 1.19) 1.10 (1.03, 1.19)
Total Effect: TRAP (NO,) — CIND 1.30 (0.71, 2.27) 27% 1.42 (0.79, 2.47) 23%
Direct Effect: TRAP (NO,) — (M) — CIND 1.21 (0.67, 2.08) 1.31(0.72, 2.25)
Indirect Effect: TRAP (NO,) — T2DM — CIND 1.07 (1.01, 1.17) 1.08 (1.02, 1.19)
Total Effect: TRAP (NO,) — Dementia/CIND 1.40 (0.98, 2.07) 20% 1.59 (1.10, 2.26) 18%
Direct Effect: TRAP (NO,) — (M) — Dementia/CIND 1.32(0.90, 1.92) 1.46 (1.00, 2.09)
Indirect Effect: TRAP (NOy) — T2DM — Dementia/CIND 1.06 (1.03, 1.14) 1.09 (1.04,1.17)

Abbreviations: CIND=Cognitive Impairment, non-dementia; T3=tertile 3 (TRAP-NOx dichotomized at >T3); IQR=interquartile range (2.31 ppb)
(M) = complete set of non-modeled mediators; i.e. all pathways not going through designated mediator Models control for baseline 3MSE score,
baseline age, sex, years of education, primary language spoken, occupation for most of life (manual, non-manual, or other), NSES, IL-6
inflammation marker, cigarette smoking, a county indicator, and a rural/urban residential neighborhood indicator (excluded for urban only analysis)

Based on Cox proportional hazards models, time to event. Mediated proportion=IE/TE. 95% CI based on bootstrapping that accounts for clustering
within census tracts (5,000 resamples; 2.5 and 97.5 percentiles).

*

This analysis differs from Table 2, in that we included IL-6 as a potential mediator-outcome confounder. As a result, 160 participants that did not
have this information were excluded from the population used to calculate the estimates presented in this table. Thus, this slightly changes the
sample size and model, and the total association therefore differs somewhat between Table 2 and Table 4.
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