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Abstract

Increasing evidence points to an association of airborne pollutant exposure with respiratory,
cardiovascular, and neurological pathology. We examined whether or not ground-level ozone or
fine particulate matter < 2.5 um in diameter (PM, 5) was associated with accelerated cognitive
decline. Using repeated measures mixed regression modeling, we analyzed cognitive performance
of a geographically diverse sampling of individuals from the National Alzheimer's Coordinating
Center between 2004-2008. Ambient air concentrations of ozone and PM,, 5 were established
using a space-time Hierarchical Bayesian Model that statistically merged air monitor data and
modeled air quality estimates. We then compared the ambient regional concentrations of ozone
and PM5, 5 with the rate of cognitive decline in residents within those regions. Increased levels of
ozone correlated with an increased rate of cognitive decline, following adjustment for key
individual and community-level risk factors. Furthermore, individuals harboring one or more
APOEA4 alleles exhibited a faster rate of cognitive decline. The deleterious association of ozone
was confined to individuals with normal cognition who eventually became cognitively impaired as
opposed to those who entered the study with baseline impairment. In contrast to ozone, we did not
observe any correlation between ambient PM> 5 and cognitive decline at regulatory limits set by
the Environmental Protection Agency. Our findings suggest that prolonged exposure to ground-
level ozone may accelerate cognitive decline during the initial stages of dementia development.
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Introduction

Alzheimer's disease (AD) is a progressive neurodegenerative disorder that currently affects
over 5 million adults in the US and is expected to triple in prevalence by 2050 [1]. While
death rates have declined for most major diseases over the last decade, deaths attributed to
AD rose by 68% from 2000-2010 [2]. The increasing lifespan of the population and limited
selectively effective treatment options have contributed to AD becoming a great emotional
and financial burden to societies worldwide.

AD varies considerably in risk of development, age of onset, and rate of cognitive decline.
The incidence of AD has not been attributed to a single nutritional, environmental, or
genetic risk factor, leaving open the possibility that interactions among mutations, nutritional
deficiencies, and environmental agents may contribute to the rate and extent of cognitive
decline [3].

Emerging research suggests that outdoor air pollution, which aggravates cardio-respiratory
conditions, may also play a detrimental role in brain health and functioning, especially in
children and the elderly [4]. The US Environmental Protection Agency (EPA) regularly
monitors levels of ozone, particulate matter, and other air pollutants. Air quality modelling
estimates can then be used to test for associations with health outcome data. The challenges
with using air quality data from ground-level monitors include: 1) sparse monitoring
networks leading to missing data (monitors are typically located in urban areas); 2) varying
collection schedules (ozone is monitored only during the summer, while PM monitors
operate every third day); 3) strong seasonal and temperature variation; 4) changes in
measurement techniques; and 5) outliers in monitor readings. A common limitation of prior
studies is the dependence on proximity of participant residence to air quality monitors in
order to assign pollution exposure. This approach leads to exclusion of participants that
reside in regions with sparse monitors, such as rural areas.

We extend prior analyses using the EPA's Hierarchical Bayesian Model (HBM), which
derives air quality estimates by statistically combining data from air quality monitors with
modeled ozone and PM5 5 predictions from the EPA's Community Multi-scale Air Quality
(CMAQ) model [5]. The CMAQ component of the HBM integrates meteorological
conditions (wind, temperature, pressure, humidity, cloud formation, and precipitation rates),
emissions (aerosols, volatile organic compounds (VOCs)) and a chemistry transport model
[6]. The CMAQ is designed to handle multipollutant interactions simultaneously and model
a wide array of chemical reactions, including catalytic cycling of nitrous oxides (NOx) and
VOCs in the formation and destruction of ozone. CMAQ's multiscale (temporal and special
scale) capability has replaced the need for separate rural and urban models [7]. Combined
with ground-level monitoring, the “space-time fusion” model increased spatial and temporal
resolution of air quality compared to using monitors alone, and thus allowed us to study a
geographically dispersed population. The HBM has recently been successfully used to study
associations with birth defects and low birth weight outcomes [8, 9]. We utilized the model
to conduct a retrospective analysis of whether or not air pollution influences cognitive
performance among participants of the national Alzheimer's Disease Center (ADC) program.
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Materials and Methods

Study participants

The clinical data were obtained from an ongoing longitudinal study of ADC participants
compiled by the University of Washington's National Alzheimer's Coordinating Center
(NACC). The NACC gathers subject data from 34 past and present nation-wide ADCs,
ensuring consistent assessment methods through the Uniform Data Set (UDS) [10]. This
publicly accessible database contains data from over 20,000 subjects with cognitive status
that ranged from normal cognition to mild cognitive impairment (MCI) and dementia. ADC
participants are recruited in multiple ways, most prominently via referral by clinicians or
family members, through community organizations or self-referral. Participants without a
diagnosis of probable or possible dementia are recruited by ADCs as cognitively normal
controls to prospectively study changes in cognition [11]. The NACC-UDS captures
demographic variables, cognitive and functional ability tests, medical and family history, and
diagnostic changes based on approximately annual follow-up visits [10].

Inclusion/exclusion criteria

We focused on the elderly participants, aged 60 or more. In order to effectively monitor
change, we only included participants with a baseline Mini-Mental Status Examination
(BLMMSE) score > 0 and a diagnosis of cognitive impairment in at least one follow-up
visit. NACC participants with fewer than 3 clinic visits were excluded from modeling so as
to allow for the multilevel trajectory model and maximize the observation period of the time
dependent analyses. These criteria yielded a sample of 5,440 subjects with diagnoses
ranging from normal cognition to probable/possible AD at baseline. We restricted
participants to those with geographical information recorded between 2005 and 2008, which
corresponds to the period during which air pollution was quantified. Merging of these data
with air pollution estimates reduced the analytic sample to 5,116 participants.

Quantification of cognitive performance

The Mini-Mental Status Examination (MMSE), in which impairment is defined on a scale
from 0-30 [12] and the Cognitive Dementia Rating Sum of Boxes (CDR-SB), which ranges
from 0-18 [13], were utilized as outcome variables in regression analysis. We performed
multilevel mixed regression modeling as described below on the entire analytic cohort and
separately for those with and without initial cognitive impairment based on the traditional
MMSE cutoff of 24 [14].

Exposure assessment

HBM-derived ozone and PM,, 5 surface predictions were publicly available from the EPA.
The HBM combines ground-level monitoring data from the Air Quality System (AQS)
monitoring network and simulated ozone or PM, 5 data from the Community Multi-scale
Air Quality (CMAQ) model [5]. Gridded predictions are given at the latitude and longitude
locations of each CMAQ cell centroid. The estimates along with posterior (statistical) means
and standard errors of the space-time 0zone/PM, 5 surface are available at a 12 km x 12 km
resolution covering the eastern United States and 36 km x 36 km resolution across the entire
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continental United States for 2001-2006. Because the NACC data covers the entire US, we
used the full-coverage, 36 km resolution for these years. For 2007 and 2008, we used the 12
km grid extent, which began covering the entire US, whereas the 36 km grid resolution was
no longer available online.

The predicted air pollution concentrations from the HBM were provided as daily 8-h
maximum 0zone concentrations in parts per billion (ppb) and 24-h average PM> 5
concentrations in pg/m3. To create a metric of long-term exposure, we averaged the daily
estimates over each year, starting one year prior to each subject's respective baseline visit. If
a subject changed residence during the follow-up period, the ZIP code of the previous visit
was used. Due to patient confidentiality, the NACC provided only the first 3 digits of the
residential ZIP codes. The resulting yearly ozone and PM, 5 surfaces were overlaid onto the
3-digit ZIP code boundary file in order to assign each resident his/her exposure (Fig. 1A).
Because a grid centroid did not always fall into a 3-digit ZIP code region (Fig. 1B, C),
interpolation was required for regions that did not contain a prediction. Inverse distance
weighting (IDW) interpolation was deemed suitable due to the dense and evenly spaced
distribution of points [15] constituting the 12 km and 36 km grids. IDW estimates values at
unknown locations using a weighted average of the values at known locations, where the
weights are inversely proportional to the distance between the unmeasured location and the
sampled location [16]. Performance of IDW was evaluated by a control point accuracy
assessment. Accuracy was assessed in terms of the mean-absolute-percentage error (MAPE),
calculated as follows:

(pi — 04)

0;

n

=1

1
MAPE=—3%

@

where nis the number of validation points, p;is the predicted value at point / o;is the
observed value at point 7[17].

Following interpolation, the resulting prediction surface was aggregated as a mean over each
ZIP code (Fig. 1D, E). Spatial analysis was conducted using QGIS v2.6.1-Brighton.

For the final statistical analysis, we split the ozone and PM concentrations into tertiles and,
for convenience, labeled them as being in the low, medium, and highest exposure level
(Table 1). Specifically, ozone tertiles were defined as bottom third (<36.7 ppb; hereafter,
“low™), middle third (36.7-40 ppb; hereafter, “medium”), and top third (>40ppb; hereafter,
“highest™). Likewise, PM; 5 tertiles were defined as low (9.1 pg/m3), medium (9.1-10.6
pg/m3), and highest (>10.6 pg/m3).

Covariates and potential confounders

We explored effect modification and controlled for key sociodemographic covariates and
health conditions, including age, gender, years of education, race, population density (as a
surrogate for urban characteristics), smoking status (due to the PM content of cigarettes),
B12 deficiency [18], and apolipoprotein E (APOE) genotype, as determined a priori from
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literature and available variables. We assumed no interaction terms among potential
predictors.

Regression models

Multilevel mixed effects models with repeated measures were used to assess performance on
the MMSE and CDR-SB across time. Mixed effects modeling allows for the examination of
variability in the initial test performance and in the developmental course of cognition [19]
without regard to missing observations or unevenly spaced waves of data [20]. We assessed
the association of ozone/PM, 5 with the rate of cognitive decline over time (modeled as
years in study), adjusting for covariates. The “highest” exposure tertile was selected as the
reference group. We examined confounding of the association with average change in
MMSE and CDR-SB performance by age, gender, education, race, APOE genotype,
smoking status, and population density by sequential addition of each covariate into the
mixed-effects model. All continuous predictors were centered on the mean. The regression
coefficients of main interest were those of the interaction between time after the first
outcome measurement and levels of exposure. These coefficients define the difference
between the association of time and cognitive decline for each group of exposure level. The
beta-coefficients and 95% confidence intervals (CI) of the MMSE/CDR-SB scores in the
low and medium tertiles of ozone and PM, 5 were compared against the highest tertile using
the mixed linear model. As each covariate was added into the model, relative goodness-of-fit
was evaluated using the Akaike information criterion (AIC), where a lower value indicates
better fit [21]. For both cognitive outcomes, we present the final model having the best AIC.
Analyses were run on all participants and then repeated for the cognitively impaired versus
intact groups at baseline. Separation into groups was preferred over adjusting for cognitive
test performance within the model to avoid collinearity of covariates.

Concepts and methodology for fitting the statistical models were adapted from Applied
Longitudinal Data Analysis by Singer and Willet [20]. Regression model parameters were
estimated with the restricted maximum likelihood (REML) algorithm, as conducted by the
MIXED procedure in IBM's SPSS v24.

Sensitivity analyses

In a sample of highly educated, largely white adults O'Bryant et al. [22] observed that an
MMSE cutoff of 27 produces the optimal balance of sensitivity and specificity and a
classification rate of 90% in detecting dementia. The average participant in our final analytic
cohort had some college education. Thus, we considered it justified to compare outcomes for
cognitively normal (>26) and impaired (<26) individuals.

A separate sensitivity analysis was performed to assess the impact of migration on cognitive
performance over time by including Florida residence as a covariate in the regression model.
Florida residence was included to control for exposure received elsewhere based on the
heavy influx of retirees into the state [23].
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Results

Study demographics

Of the 5,419 participants with follow-up data, the average observation time was 4.4 + 0.6
years (max = 7.5 years). The average annual cognitive decline was 1.3+0.02 on the MMSE
and 1.0+0.02 on the CDR-SB (mean = std. error of the mean). The average age at baseline
was 76.8 £ 7.7 years (Fig. 2) and there was a nearly even split between male and female
participants (Table 2). 29.2% of participants scored below the MMSE impairment cutoff of
24 and 51.4% had a BLMMSE <26 (Fig. 3). Regardless of MMSE cutoff, the cognitively
impaired were significantly older than those who had normal cognition at baseline (p <
0.01).

Analysis of air quality

The majority of NACC participants were clustered within ZIP codes proximal to an ADC
(Fig. 4). Accordingly, participants within respective ADCs were likely exposed to similar
levels of ambient air pollution during the observation period. Multilevel modeling was used
to account for clustering of participants within ZIP codes [24].

Ozone and PM exposure were calculated after geospatially processed concentrations
(aggregated by ZIP code) were averaged over each year (Table 1). We observed relatively
constant levels of ozone and PM, 5 over our observation window (Fig. 5). Interpolation
accuracy assessment for ozone indicated a MAPE value of 0.033 or 3.3% error. Notably,
following interpolation and aggregation the mean observed PM> 5 concentration (9.7 £1.9
pg/m?3) did not exceed the annual primary National Ambient Air Quality Standard (NAAQS)
of 12 pg/m?3 [25].

Mixed-effects modeling analysis

Unadjusted models showed that persons living in areas of highest ozone exposure had an
MMSE decline of 0.34 points faster per year than those from lowest exposure areas. After
adjusting for factors that are known to impact cognitive decline, regression models indicated
that baseline cognitive performance for the entire cohort was significantly reduced by
highest versus lowest levels of o0zone in assessing both the MMSE and CDR-SB (Table 3).
Higher ozone levels were directly associated with an accelerated rate of cognitive decline in
total participants as well as the cognitively normal cohort in a dose-dependent manner (p <
0.05): highest and medium ozone exposure showed a significantly larger decline in cognition
in relation to the lowest tertile of ozone exposure.

In the cognitively intact subgroup (BLMMSE >24), the association of ozone levels with
cognition over time remained significant on both the MMSE and CDR-SB assessment
(Table 4). We saw no significant association of 0zone exposure with changes in the CDR-SB
or the MMSE scores in the cognitively impaired subpopulation (BLMMSE <24).

Trajectories for cognitive performance based on the mixed model results were plotted for
each tertile of ozone. Residents in the highest 0zone regions showed the steepest decline on
the MMSE and CDR-SB, followed by medium and low ozone tertiles (Fig. 6A, C).
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Increased rates of cognitive decline as quantified by the MMSE and CDR-SB were observed
with increasing concentrations of ozone: annual MMSE declines of 1.4, 1.3, and 1.1 and
annual CDR-SB declines of 1.1, 1.0, and 0.8 were observed for the highest, medium, and
low ozone levels, respectively.

In contrast, no significant difference was observed in the rate of cognitive decline in either
the MMSE or CDR-SB among the tertiles of PM, 5 at a p < 0.05 (Fig. 6B, D).

We modeled the influence of having an APOE4 allele in each tertile of 0zone and PM s.
The presence of at least one E4 allele was associated with a faster rate of cognitive decline
within each tertile of ozone and PM, 5 as compared to having no E4 allele (Fig. 6E, F). A
dose dependent relationship of cognitive decline with ozone and PM, 5 was observed, such
that the slowest decline was in those who did not carry an E4 and in the lowest tertile of
ozone or PMs, 5. Using the group with no E4 and highest ozone tertile as reference, all other
E4—-o0zone combinations had significantly different slopes for cognitive decline. The
differences between slopes regarding PM> 5 were not significant within E4-carriers.

Sensitivity analysis

Florida residence was included as a covariate to analyze the impact of migration, because
many residents of the state would have received their exposure elsewhere. The association
between ozone and cognitive decline remained significant when Florida was included for
both MMSE and CDR-SB (p < 0.0001) at all exposure levels. Associations with PM5 g
remained insignificant.

Next, a BLMMSE cutoff of 26 was used as an alternate criterion to discriminate persons
with at least a mild level of impairment from those who were cognitively normal. The effect
of ozone on 2,048 cognitively normal individuals (BLMMSE > 26) was significant between
the lowest and highest concentrations on both the MMSE (B = 0.3) and CDR-SB (p =
-2.44) at a p-value of <0.0001. The effect of ozone levels on the 2065 cognitively impaired
(BLMMSE <26) was not significant on the MMSE (p = 0.2), but significant between the
lowest and highest ozone levels on the CDR-SB (p = —0.39, p=0.003). PM remained
insignificant in all cases (p > 0.05).

Discussion

Determination of whether or not environmental factors may exacerbate age-related cognitive
decline is inherently compromised by the difficulty of retrospective exposure assessment
[26]. Despite this challenge, our findings suggest that ground-level ozone, but not ambient
PM, 5, is directly associated with the rate of cognitive decline in a heterogeneous and
broadly distributed US cohort of AD study participants.

The degree of cognitive impairment was assessed in two ways: with MMSE cut scores of 24
and 26. The second stratification is justified by O'Bryant et al.'s report that the traditional
MMSE cutoff of 24 has not been shown to optimally classify highly educated individuals
[22]. The effect of ozone was seen primarily in those who were cognitively normal at
baseline, regardless of BLMMSE cutoff. This suggests that processes underlying the various
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stages of dementia development are distinct from one another, and risk factors influencing
onset or early stages of impairment may give way to other, late stage moderators. In the
cognitively impaired, an ozone effect was seen only below the BLMMSE cutoff of 26 and
when assessing change with the CDR-SB, but not the MMSE. Inconsistency between CDR-
SB and MMSE outcomes might be attributed to the known ceiling effects of the MMSE and
its limited sensitivity to change [14].

Two prior epidemiological studies have examined the impact of 0zone exposure and four
evaluated the impact of PM, 5 [24, 27-29] on cognitive decline in older adults [30, 31].
Although all of the PM, 5 studies observed a significant inverse association with cognitive
function, three of those studies were cross-sectional, while only one was longitudinal. The
sole prior longitudinal study [28] included a wider range of PM exposure (1.9-25.5 ug/m?3
versus the 3.8-14.4 ug/m? range utilized herein) and a longer observation period (7—14
years). Our lower maximum concentration and shorter observation period may have
precluded observation of an effect of PM5 5 on cognitive performance. Both studies
evaluating ozone were cross-sectional: one reported an association of cognitive decline with
exposure to ozone, while the impact in the other study varied according to the cognitive test
instrument utilized. To our knowledge, the present study is the only longitudinal evaluation
of the potential influence of ozone exposure on cognitive performance to date. Prior studies
had a wide range of sample sizes (780 to >16,000), used different neurological tests as
outcomes and had different measures of pollution exposure.

Ozone exposure increases the rate of cognitive decline among both E4 carriers and non-
carriers. However, E4-carrying status increases the rate of cognitive decline at similar levels
of ozone exposure. Several studies have investigated whether APOE alleles modify the
association between air pollution and cognitive decline. Schikowski et al. found that traffic
exposure significantly impairs cognition in elderly females who were carriers of at least one
E4 allele [31]. In addition, the findings of Calderon-Garciduenas et al. support the
hypothesis that prolonged exposure to air pollution may initiate the neurodegenerative
process and increase the risk of developing early onset AD in E4 carriers [32, 33].

The mechanisms by which environmental toxins can compromise the central nervous system
are being increasingly recognized. Acute or chronic exposure to ozone may induce an
inflammatory response in the lungs or generate oxidative stress leading to brain lipid
peroxidation, neuronal morphology changes and memory deterioration [34]. Evidence
suggests that over time even at low levels (33.3-53.1 ppb) ozone has been shown to be
associated with detrimental health outcomes, particularly, increased risk of death from
respiratory causes, as per Jerrett et al. [35]. Hong et al. [36] reported an association of stroke
and ground-level ozone at mean levels of 22.6 (x12.4) ppb. In the absence of an annual
ozone standard, the current association study could inform yearly permissible exposure
levels for the secondary pollutant, whose source is mainly traffic and industrial emissions.

The HB fusion model we employed addresses the need for accurate spatial characterization
of ground-level air pollution. The HBM provides reliable information about levels of ozone
and PM, 5 at a reasonable geographic scale and outperforms ordinary kriging in terms of
bias and prediction intervals [37]. Data fusion creates information that is more complete than

J Alzheimers Dis. Author manuscript; available in PMC 2018 January 05.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Cleary et al.

Page 9

using monitors or model predictions alone. The gridded HBM predictions encompassed the
entire US, allowing us to incorporate residents of both urban and rural areas who are distant
from air quality monitors. This maximized our sample size (7=5,116) as compared to the
more restricted sample size of other regional and national level studies: [27, 29, 30] (n=
3,499, 1,496, 780, respectively).

We found that cognitive decline was more rapid with increasing ozone; however, o0zone has a
complicated chemistry in the atmosphere and forms by photochemical reaction of NOx and
VOCs in the presence of sunlight. Although, the CMAQ component of the HBM takes into
account the NOXx reaction with VOCs [7] we were not able to isolate the individual effect of
ozone's precursors. Subsequently, a limitation of our study was not being able to study other
types of exposure, as no other criteria pollutant estimations were provided by the HBM. Nor
did the HBM allow us to model personal and indoor exposure (aside from smoking status),
or take into account time spent at home or at work, which can substantially impact total
exposure in this older population. Our estimate of air pollution exposure in this study was
also likely attenuated as a result of the interpolation and aggregation steps. IDW
interpolation is an averaging technique that, by definition, cannot evaluate sample extremes
above the maximum or below the minimum [38], causing attenuation of peak
concentrations. Misclassification or random error in exposure reduces the power of a study
and increases the likelihood that associations go undetected [39]. The potential for exposure
error and bias usually leads to underestimation of relative variability of pollution estimates
and relative risk in health studies [37]. Classical exposure error arises when the average of
replicate measurements does not equate to the true exposure [39]. In our case, ozone
measurements taken over the course of the year were averaged, when in fact ozone
concentrations during the winter are negligible and highest during hot summer months.
Classical exposure error is known to bias the regression coefficients toward the null,
attenuating the association [39]. The study is also subject to Berkson exposure error, which
occurs when group average exposure is used as a proxy for individual exposure [39].
Although we were restricted to partial residential information (i.e., the first 3 digits of ZIP
codes), the regional distribution of ozone/PM makes geographical precision less of a
concern. Furthermore, Mannshardt et al. found that using exposure models based on
Hierarchical Bayesian methods, such as the HBM employed herein, helps reduce uncertainty
associated with health effect estimates [40].

The limitation of HBM data availability posed a temporal challenge, as we could not model
the cognitive decline of NACC participants past 2008. The average time period for our
participant monitoring was 4.4 years, which is sufficient to analyze effects of short-term
exposure and cognitive decline [41], but correlation with a longer exposure period should be
considered for future analyses. Given sufficient sample size, it would also be interesting to
investigate whether a younger, less sensitive cohort (aged <60) would not be as susceptible
to variations in air quality. Another limitation of the present study is that the ADC dataset is
subject to survival bias, volunteer bias and other distortions that likely contribute to its
socioeconomic composition differing from a random sampling of the population. However,
our methodology can be extended to survey studies analyzing a nationally representative
sample of US adults. Controlling for key lifestyle and risk factors did not appreciably
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change the effect of the association, as the adjusted and unadjusted effects of ozone exposure
were nearly identical. That strengthens confidence that confounding is less of a concern.

Conclusions

This work underscores a potential role of ozone in cognitive decline, including potentiation
by APOEA4. It is estimated that >57 million people nationwide were exposed to
concentrations of air pollution that exceeded recommended air quality levels in 2014 [42].
The present study adds to the emerging body of literature on the association of low-level air
pollution exposure with cognitive decline [43-45]. Further research on the impact of ozone
exposure, adequate margins of safety, and measures to increase awareness is warranted.
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Fig. 1.
Geospatial processing of gridded ozone predictions. A) Spatial coverage of HBM air quality

data and the 3-digit boundary map. B) 12 km x 12 km resolution of the 2001-2006 HBM
data zoomed in on a Northern California region. C) 36 km x 36 km resolution of the
2007-2008 HBM data zoomed in on a Northern California region. D) Interpolated result of
the HB modeled ozone data at the 36-km grid extent for a Northern California region. E)
Interpolated result of the HB modeled 2004 ozone data for the contiguous United States
colored by lowest (green) to highest (red) levels. Ozone levels are highest in the
Southwestern states due to distinct meteorological and topological conditions, most notably
the proximity to a large body of water [46].
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Fig. 2.

Age distribution of all NACC participants at baseline. Opaque bars show age of cognitively
impaired participants (BLMMSE < 24) in comparison to all (transparent bars).

J Alzheimers Dis. Author manuscript; available in PMC 2018 January 05.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Cleary et al. Page 15
MMSE DISTRIBUTION OF STUDY PARTICIPANTS
[I.

1200 §

c 88

400 ©

200 |

Number of Records

BLMMSE

Fig. 3.
MMSE assessment of NACC participants at baseline.
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Fig. 4.
Distribution of participants according to 3-digit residential ZIP codes. ADC sites are

depicted by red circles. Created using Weave v.1.9.38 [47].
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Fig. 5.
Annual average concentrations of ozone in ppb (A) and PM 5 in pg/m3 (B) during the

2004-2008 observation period as calculated in Methods.
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Fig. 6.
Performance on the MMSE and CDR-SB for all participants by pollutant. Cognitive

performance trajectories based on MMSE for the three tertiles of ozone (A) and PMy 5 (B).
Cognitive performance trajectories based on CDR-SB for the three tertiles of ozone (C, the
y-axis is reversed) and PM, 5 (D, the y-axis is reversed). Cognitive performance trajectories
based on MMSE for interaction of APOE and ozone (E) and APOE and PMj 5 (F). Values
represent the intercept plus the slope of time in years modified by each pollutant category
(mean = std. error), *p < 0.05 versus reference (i.e., highest ozone and PM5 5 in A-D;
Highest ozone and PM, 5/no E4 in E, F).
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Table 1
Ozone and PM> 5 concentrations from 2004-2008

Ozone (ppb) PM_5 (Hg/m?)
Mean 38.7+33 9.7+£19
Maximum 475 144
Range 30.4-47.5 3.8-14.4
Tertile categories 30.4-36.7 (low) 3.8-9.1 (low)

36.7-40.0 (medium)  9.1-10.6 (medium)
40.0-47.5 (highest)  10.6-14.4 (highest)
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Table 3
Multivariate mixed effect modeling of the association of ozone levels with cognitive
performance
Total Participants (n = 4,113)
MMSE CDR-SB
Effect
B-coefficient (95% CI) pvalue  B-coefficient (95% ClI) p value

Intercept 23.3(22.4,24.2) <0.0001 4.0 (3.4, 4.6) <0.0001
Time -1.43 (-1.5, -1.4) <0.0001 1.11(1.1,1.2) <0.0001
Low ozone 0.83 (0.5, 1.2) <0.0001 -0.60 (<0.8, -0.3) <0.0001
Medium ozone 0.01(-0.3,0.3) 0.9 -0.24 (0.5, -0.02) 0.034
Highest ozone 0 Reference 0 Reference
Low ozone * Time 0.35 (0.2, 0.5) <0.0001 -0.40 (0.5, -0.3) <0.0001
Medium ozone * Time 0.15(0.03, 0.3) 0.015 -0.14 (0.2, -0.1) <0.0001
Highest ozone * Time 0 Reference 0 Reference

Page 21

MMSE, Mini-Mental State Examination; CDR-SB, Cognitive Dementia Rating — Sum of Boxes; CI, Confidence Interval. The cognitively impaired
group includes those with MCI and dementia at baseline. Models adjusted for age, gender, education, race, APOE genotype, smoking status, B12
deficiency, and population density. All continuous predictors were centered on the mean. The intercept represents the predicted levels of function at
the initial observation for an individual with average values for continuous predictors and in the reference group of categorical predictors. Low and
medium ozone levels are compared using the highest tertile of ozone as the reference. The absolute value of differences among MMSE/CDR-SB
scores for tertiles are identical regardless of which category is chosen as the reference group. The slope reflects rates of change in MMSE or CDR-

SB for each additional year of observation.
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Table 4
Multivariate mixed effect model of the association of ozone levels with cognitive
performance stratified by baseline MMSE (BLMMSE)
MMSE CDR-SB
Effect
B-coefficient (95% CI) pvalue  B-coefficient (95% ClI) p value
BLMMSE = 24 (1= 2,968)
Intercept 27.58 (27.0, 28.2) <0.0001 1.8 (1.4, 2.3) <0.0001
Time -1.23(-1.3,-1.1) <0.0001 0.9 (0.84, 1.0) <0.0001
Low ozone 0.30 (0.1, 0.5) 0.002 —-0.27 (0.4, -0.1) <0.0001
Medium ozone -0.03 (-0.2,0.1) 0.7 -0.1(-0.2, 0.06) 0.3
Highest ozone 0 Reference 0 Reference
Low ozone * Time 0.44 (0.3, 0.6) <0.0001 -0.39 (0.5, -0.3) <0.0001
Medium ozone * Time 0.18 (0.05, 0.3) 0.01 -0.17 (-0.3, —0.06) 0.003
Highest ozone * Time 0 Reference 0 Reference
BLMMSE < 24 (1= 1145)
Intercept 18.1 (17.0, 19.3) <0.0001 6.9 (6.1,7.8) <0.0001
Time -2.1(-2.4,-1.8) <0.0001 1.8 (1.5, 2.0) <0.0001
Low ozone 0.11 (-0.5,0.7) 0.7 -0.11(-0.6, 0.3) 0.6
Medium ozone 0.8 (0.3, 1.3) 0.001 -0.98 (-1.3, -0.6) <0.0001
Highest ozone 0 Reference 0 Reference
Low ozone * Time -0.2(-0.7,0.2) 0.4 -0.25(-0.6,0.1) 0.2
Medium ozone * Time 0.16 (-0.3, 0.6) 0.5 -0.12 (-0.4,0.2) 0.5
Highest ozone * Time 0 Reference 0 Reference

BLMMSE score of 24 and above indicates normal cognitive functioning.
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