Ambient Exposures and Population Mental Health
in the U.S.
Citation
Qiu, Xinye. 2021. Ambient Exposures and Population Mental Health in the U.S.. Doctoral
dissertation, Harvard University Graduate School of Arts and Sciences.

Permanent link
https://nrs.harvard.edu/URN-3:HUL.INSTREPOS:37371140

Terms of Use
This article was downloaded from Harvard University’s DASH repository, and is made available
under the terms and conditions applicable to Other Posted Material, as set forth at http://
nrs.harvard.edu/urn-3:HUL.InstRepos:dash.current.terms-of-use#LAA

Share Your Story
The Harvard community has made this article openly available.
Please share how this access benefits you. Submit a story .
Accessibility

Ambient Exposures and Population Mental Health in the U.S.

A Dissertation Presented
by
Xinye Qiu
to
The Department of Population Health Sciences
The Graduate School of Arts and Sciences

In Partial Fulfillment of the Requirements
for the Degree of
Doctor of Philosophy
in the Subject of
Environmental Health

Harvard University
Cambridge, Massachusetts
December 2021

Copyright © 2021 by Xinye Qiu
All rights reserved.

Dissertation advisor: Joel D. Schwartz

Xinye Qiu

Ambient Exposures and Population Mental Health in the U.S.
ABSTRACT
Mental health is one important aspect of a healthy life. Emerging evidence has shown that the
total ambient environment is shaping human brain health, which may further lead to adverse
population mental health. In the United States (U.S.), about one in five adults are living with a
mental illness and about 5.2% of all U.S. adults have been diagnosed with a serious mental
illness that often requires hospitalization or advanced medical care services in the lifetime.(1)
The existing mental health crisis in the U.S. society requires better research evidence to identify
more related risk factors that are intervenable in the population scale. Ambient exposure may be
one of them.

Although related evidence is rising, most of the existing epidemiological studies primarily
focused on one specific ambient exposure, largely on particulate matter and temperature with
limited follow-up periods. Much is still unknown about the impact of gaseous pollutants and
other climatic conditions on population mental/psychiatric health. Most of the existing
epidemiological studies used monitored air pollutants data at the city or county levels for the
urban populations, leading to potential exposure measurement error for different residential
geographical locations and limited generalizability. It is still not clear what underlying
demographical and contextual factors drive the association heterogeneities in different sub-
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populations, across different age, sex, personal and community socioeconomic status. Model
confounding control is often insufficient for mental health related outcomes.

This dissertation attempted to address these research gaps. We began by studying the shortterm associations between increased exposure to air pollution and temperature levels, and
psychiatric hospitalization risk in a case-crossover setting among the U.S. nationwide Medicare
participants. This work discovered that short-term exposure to elevated levels of PM2.5, NO2 and
cold season ambient temperature was significantly associated with increased risk of psychiatric
hospitalization in the older adults. Moving on, in the second hospitalization study for the U.S.
general population, we further investigate the impact of long-term exposure to air pollution and
several key climate conditions on the risk of population psychiatric hospitalization in a U.S.
general population. Consistent with what we found in the first chapter, harmful associations were
observed between increased exposure to air pollution, ambient temperature increase and
increased total psychiatric hospitalization risk, with the most remarkable evidence in long-term
exposure to elevated levels of NO2 and risk of getting psychotic disorder-related hospital
admission. In addition, the above observed associations were especially strong in economically
disadvantaged areas. Last, looking into the impact of ambient exposures on psychiatric
symptoms in a longitudinal setting, the third chapter of this dissertation found exposure to
gaseous air pollutants was associated with higher intensity of psychiatric symptoms among a
cohort of older men, particularly in the more acute time windows and in communities with lower
socioeconomic conditions.
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This dissertation demonstrated that harmful ambient exposures, such as air pollution and
ambient temperature increase, are associated with increased psychiatric hospitalization risk in the
U.S. elderly population as well as the general population. The related findings have higher
generalizability compared with the existing literature due to the wide coverage and long study
periods. This work adds much to the existing literature evidence on air pollution, climate change
and population mental health.
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INTRODUCTION
According to World Health Organization (WHO), health is a state of complete physical, mental
and social well-being and not merely the absence of disease or infirmity.(2) Mental health is one
important aspect of health. Its impact lies not only in its long-lasting influence on how people
feel, think, behave, making decisions and socialization every day but also in predisposing people
to a higher risk of developing adverse physical health outcomes, such as cancer, cardiovascular
diseases and infectious diseases.(3-5) Globally, an increasing proportion of the general
population is suffering from mental health issues, leading to increased disease burden and public
health concern.(6) In the United States (U.S.), nearly one in five adults live with a mental
illness. The lifetime prevalence is even higher in the adolescents, reaching 49.5% based on the
National Comorbidity Survey Replication – Adolescent Supplement.(7) In particular, the
estimated prevalence of severe mental illnesses (SMI) that often requires hospitalization or
advanced medical care services is 5.2% of the total adult population in 2019.(1)

Besides some critical risk factors for developing mental disorders (such as family history, life
stress and adverse personal experiences), the physical environment also plays an important part.
The ambient environment, as one key element of the total physical environment, probably has
the broadest impact on population due to its wide coverage characteristic. Increasing evidence
has shown that it has been adversely influencing human brain, neurological and psychiatric
health as demonstrated in recent observational studies.(8-17) Two important aspects of the
ambient environment is 1) air pollution 2) climate conditions with ambient temperature being the
top investigated. Based on many toxicological studies, ambient air pollutants have been shown to
influence human brain health and trigger psychiatric episodes through the regulation of stress
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hormones(12) and neuro-inflammation from penetration and circulation of the pollutants in the
body.(11) In terms of the harmful mental effects of temperature and other climate conditions, the
70-kDa heat shock proteins (HSP70s) affected by temperature, specifically HSPA5 and
HSPA1B, have been recently shown to be potentially associated with occurrence of anxiety,
mood disorders, and schizophrenia.(18) Second, serotonergic function is believed to fluctuate
along with light and temperature, and serotonin-related behavioral disorders similarly vary with
climatic exposures (such as precipitation and solar radiation) with complex mechanism.(19, 20)
Although related epidemiological evidence is emerging, many of the current studies only focused
one specific ambient exposure, largely on particulate matter and temperature with limited followup periods. Much is still unknown about the role of gaseous pollutants and other climatic
conditions such as precipitation and solar radiation on population mental health. While the
evidence on depressive or anxiety disorders is rising, there is a lack of evidence on other severe
mental illnesses such as psychotic disorders and bipolar disorders. In addition, many of the air
pollution focused epidemiological studies used monitored air pollutants data at the city or county
levels for the urban populations, leading to potential exposure measurement error for different
residential geographical locations and limited generalizability. It is still not clear what underlying
demographical and contextual factors drive the association heterogeneities in different subpopulations, across different age, sex, personal and community socioeconomic status. Climate
change also actively interacts with the levels of hazardous pollutants in the air that we breathe
every day. In particular, temperature influences the rate of chemical reactions that form
secondary organic aerosols, the largest single component of ambient particles. Therefore, it is
critical importance to put air pollution and climatic conditions into the same picture when we
investigated the effects of ambient environment on population health. Residual confounding can
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be quite complicated in studying mental health-related outcomes. It is crucial to more
comprehensively control for ambient co-exposures and area-level contextual factors that relate
with mental health in order to estimate the associations with less bias.

In this dissertation, we attempted to address some of these research gaps and provide more
high-quality evidence on the associations between ambient exposures and population mental
health in the Unites States in large population setting from the nationwide Medicare population,
older men in the Normative Aging Study to a general U.S. population. Several criteria air
pollutants (fine particulate matter (PM2.5), ozone (O3) and nitrogen dioxide (NO2)) along with
key climatic conditions indicators (ambient temperature, precipitation and solar radiation) were
included in the study to identify potential ambient environmental risk factors for adverse
psychiatric conditions. Multi-exposures setting was applied for the statistical modeling to better
control for co-exposure confounding. Community level socioeconomic status as well as
contextual backgrounds were additionally adjusted to reduce related confounding bias. Effect
modification analyses from both personal as well as community contextual and socioeconomic
backgrounds were conducted with an aim for uncovering environmental attributed mental health
disparities and seeking possible intervention approaches. The dissertation also covered broadly
the total psychiatric disorders as well as several major categories of psychiatric diseases. Highperformance, fine temporal/spatial resolution air pollution and climate condition predictions
were applied to the residential addresses of the study participants at either zip code or 1km grid
cell of residence to reduce the related exposure measurement error.

The majority of population affected by psychiatric diseases are women, young people and the
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elderly.(21) The first chapter is aimed to estimate the link between short-term exposure to
atmospheric pollutants, temperature increase and acute psychiatric hospital admissions in the
U.S. elderly population, one of the most affected sub-populations. In a case-crossover study, it
studied the associations between short-term exposure to air pollution (fine particulate matter,
PM2.5; ozone, O3; nitrogen dioxide, NO2), ambient temperature and acute psychiatric hospital
admission risk of depression, schizophrenia and bipolar disorder from 2000 to 2016 in the entire
U.S. Medicare population. In addition, modification of the associations by both personal and
social determinants of mental health were explored. This work discovered that short-term
exposure to elevated levels of PM2.5, NO2 and cold season ambient temperature was significantly
associated with increased risk of psychiatric hospitalization in the older adults. Potential
contextual effect modifiers were uncovered, such as area level Hispanic composition, education
and median household income.

In chapter II, going further into the long-term associations investigation, we expanded our
study population to include the all-age general population from children to the elderly in multiple
states of the U.S using the Health Cost and Utilization Project (HCUP) State Inpatient Databases
(SID). This chapter investigated the impact of long-term exposure to air pollution and several
key climate conditions on the risk of population psychiatric hospitalization, including total
psychiatric disorders and three major disorder group-specific hospitalizations with primary
diagnosis of bipolar, depressive and psychotic disorders. We additionally investigated
modification by age groups, sex groups and area-level poverty status. Interestingly and consistent
with what we found in the first chapter, harmful associations were observed between increased
exposure to air pollution, ambient temperature increase and increased total psychiatric
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hospitalization risk in the U.S. general population, with the most remarkable evidence in longterm exposure to elevated levels of NO2 and risk of getting psychotic disorder-related hospital
admission. In addition, the above observed associations were especially strong in economically
disadvantaged areas.

With the first two chapters focusing on psychiatric hospitalization risk, which is often more
related to severe psychiatric cases, the last chapter of this dissertation researched on the
associations between air pollution, temperature and levels of psychiatric symptoms experienced
in a longitudinal cohort, the Normative Aging Study. An increase in the frequency or intensity of
any psychiatric symptom could mean a higher risk of developing clinically relevant psychiatric
disorders and often serve as the underlying criteria for the diagnosis manuals of psychiatric
diseases. Based on repeated measures of the Brief Symptom Inventory, this chapter aimed to
provide innovative epidemiological evidence on the possible influences from ambient exposures
on increases of total psychiatric symptoms (intensity and frequency). The related findings
demonstrate that exposure to gaseous air pollutants was associated with higher intensity of
psychiatric symptoms among a cohort of older men, particularly in the more acute time windows
and in communities with lower socio-economic conditions. The mental health disadvantage from
ambient air pollution experienced in low socioeconomic communities is again consistent with
what we discovered in the previous hospitalization studies.

The significant findings shown in this dissertation also indicate that ambient environment has
a meaningful tie with population mental health conditions and more efforts should be devoted to
help ease the additional psychiatric healthcare burden with ambient environmental attributes via
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strict air pollutants regulation and climate change mitigation. While there is limited and semieffective behavioral and clinical interventions to treat patients suffering from mental/psychiatric
disorders, if environmental exposures are proved to be a risk factor, they are modifiable on a
population basis. Especially in an era of global environmental and climate change, more efforts
should be devoted to this research question.
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CHAPTER I
Associations of Short-term Exposure to Air Pollution and Ambient
Temperature Increase with Psychiatric Admissions in Elderly Adults
Xinye Qiu, Mahdieh Danesh-Yazdi, Yaguang Wei, Qian Di, Allan Just, Antonella Zanobetti,
Marc Weisskopf, Francesca Dominici, Joel Schwartz

Abstract
Little is known about the associations between ambient environmental exposures and risk of
acute episodes of psychiatric disorders. We aimed to estimate the link between short-term
exposure to atmospheric pollutants, temperature and acute psychiatric hospital admissions in the
US elderly population. We applied a case-crossover design to study the associations between
short-term exposure to air pollution (fine particulate matter, PM2.5; ozone, O3; nitrogen dioxide,
NO2), ambient temperature and acute psychiatric hospital admission risk of depression,
schizophrenia and bipolar disorder from 2000 to 2016 in the entire US Medicare population.
Percent increase in admission risk and annual absolute risk differences (ARD) were reported. For
each 5 °C increase in short-term exposure to cold season temperature, relative risk increased by
3·66% (3·06%-4·26%), 3·03 (2·04%-4·02%) and 3·52% (2·38%-4·68%) for acute hospital
admission of depression, schizophrenia and bipolar disorder, respectively. Increased short-term
exposure to PM2.5 and NO2 was also associated with significant risk increase in getting acute
psychiatric hospitalizations. No associations were found with O 3 and warm season temperature.
In the US nationwide Medicare population, short-term exposure to elevated levels of PM2.5, NO2
and cold season ambient temperature were significantly associated with increased risk of
psychiatric admissions. Considering the increasing mental disease burden of US population, this
7

study suggests that intervening on air pollution and ambient temperature levels via stricter
environmental regulations or climate mitigation could help ease the psychiatric healthcare
burden.
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Introduction
Approximately 322 million people are living with depression globally.(22) Including all the
other major types of mental disorders, the affected population is even larger. Apart from being
the international leading cause of disability, the incidence of mental disorders is increasing.(23)
The majority of population affected by mental/psychiatric diseases are women, young people and
the elderly.(22) More studies are needed to establish evidence of how environmental exposures
can play a role in the burden of these illnesses.(24, 25)

Increased risk of developing psychiatric disorders due to particulate matter exposure, traffic
related nitrogen dioxide exposure or temperature variability has been observed among various
cohorts internationally.(24-26) Reduced mental health status was associated with increases in
PM2.5 and temperature variability within 20,000 residents nationwide in China.(27) However,
more evidence is needed concerning the short-term and long-term effects of air pollutants
simultaneously adjusted for co-pollutants on population mental health using large national-scale
cohorts. Although there is indeed some good quality evidence cumulating for the harmful effects
of air pollution on depression, little is known of their influence on schizophrenia and bipolar
disorder. With global warming, any effect of temperature changes could be important, but little
has been studied. In addition, less is known about mentally more susceptible populations to
ambient exposures.

In this study, we examined psychiatric acute hospital admission risk of elderly population
associated with short-term exposures to air pollutants and ambient temperature using Medicare
for the contiguous US from 2000 to 2016. Elderly people with severe psychiatric diseases that
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often lead to inpatient care are potentially more sensitive population to environmental changes.
We focused on three major psychiatric disorders that contribute to the majority of psychiatric
inpatient healthcare in adults, which are depression, schizophrenia and bipolar disorders. They
are also the leading causes of disability and life quality loss. Interactions between air pollutants
and ambient temperature on psychiatric acute admission risk was investigated. Modification of
the associations by personal and social determinants of mental health was also explored. This is
the first and largest study looking at the associations between ambient environment and risk of
psychiatric disorders for the US nationwide elderly population.

Methods
Study Population
Medicare is a national health insurance program in the United States. It primarily provides
health insurance for Americans aged 65 and older, covering over 52 million elderly people 65
and older.(28) People with primary diagnosis of identified psychiatric disorders and enrolled in
the fee-for-service program in Medicare were included in this study. The Medicare cohort is an
open cohort with new participants entering each year as they turn 65. We looked at their acute
psychiatric hospital admissions regardless if they were from an incident case or an acute event in
a prevalent case as long as the admission occurred during our study period. We included all
emergency and urgent admissions between 2000 and 2016 due to depression (n=458,492),
schizophrenia (n=165,572) and bipolar disorders (n=166,833). For each beneficiary, information
was extracted on admission type (emergency/urgent/elective, etc.), date of admission, age at
admission, sex, race/ethnicity, zip code of residence, and Medicaid coverage. Age, zip code of
residence, and Medicaid status were updated annually. Data was obtained from the Center for
10

Medicare and Medicaid Services(29) Medpar files.

Outcome
Psychiatric admissions were identified based on literature and expert knowledge using
International Classification and Disease (ICD) codes, versions 9 and 10, for primary discharge
diagnoses: depression (296·2x, 296·3x, 300·4x, 309·0x, 309·1x, 311·xx, F32·xx, F33·xx,
F34·1x, F39·xx, F43·21), schizophrenia (295·xx, F20·xx, F25·0x, F25·1x) and bipolar disorder
(296·0x, 296·40, 296·4x, 296·5x, 296·6x, 296·7x, 296·89, 301·13, 296·80, F30·xx, F31·xx,
F34·0x). The identifying codes were also verified via the Diagnostic and Statistical Manual of
Mental Disorders (DSM-5).

Study design
We applied a time stratified case-crossover study design,(30, 31) where each person admitted,
was matched to themselves on control days when they were not admitted. The control days were
matched with case days by day of week, calendar month and year with a matching ratio of 3~4
(control) : 1 (case). A case day was defined as the date of psychiatric hospital admission.
Relative risk was estimated by comparing the daily exposure levels on case days with the levels
on controls days.

Environmental Data
Daily ambient levels of air pollutants (24-hour average PM2.5, 1-hour max NO2 and 8-hour
max ozone) were predicted based on a combination of machine learning algorithms in a
geographically weighted regression fusing ground monitoring data, satellite-derived
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measurements of aerosol optical depth, meteorological conditions, chemical transport model
simulations, and land-use variables.(32-35) Using those models, we predicted daily air pollutants
levels at every 1 km × 1 km grid cell in the contiguous United States. Cross-validation
comparing predicted values and monitored data indicated good performance of the prediction
models (ten-fold cross validation: PM2.5: R2=0·86; ozone: R2=0·91; NO2: R2=0·79). Using the 1
km × 1 km grid cells daily predictions, we estimated air pollution predictions in each zip code of
the contiguous U.S. by 1) averaging the predictions at grid cells whose centroids were inside the
polygonal area for general zip codes, or 2) assigning the prediction at the nearest grid cell for
other zip codes that do not have polygon representations, for example an apartment building, a
military base, or a post office.

Daily ambient surface temperature and precipitation data were obtained from NASA’s Land
Data Assimilation System (NLDAS-2) with approximately 12 km×12 km spatial resolution in
the contiguous U.S. with no missing, and were later aggregated to each zip code over the study
period following similar aggregation procedures. We assigned daily air pollution and
meteorological predictions based on date (case or control days, including lag days) and the zip
code of residence of the individual.

Covariates
Age, race, sex, and Medicaid eligibility were obtained for each individual for each year from
the Medicare denominator files. We obtained small area–level socioeconomic, and housing
characteristic variables from the 2000 and 2010 US Census Summary File 3(36) at the zip code
tabulation–area level (ZCTA). We used population density, median household income,
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proportion of the population that was Hispanic, living under poverty level, and high school
education (education). These variables are controlled by matching in the analysis, but still may
be effect modifiers. For that purpose, we dichotomized population density by high (>=75th) or
medium/low (<75th), median household income by low (<=25th) or medium/high (>25th) and
Hispanic proportion by high (>75th) or medium/low (<=75th). Poverty proportion was coded into
high (>=75th) or medium/low (<75th), and education level was coded into low (>=75th) or high
(<75th).

Statistical Analyses
We applied a conditional logistic regression (CLR) for the case-crossover datasets with the
case-control indicator as the outcome variable, and daily levels of air pollutants and temperature
as the exposures. First, we constructed single-exposure cubic constrained distributed lag (DL)
models and DL plots were generated.(37) Second, the constrained DL models were extended to
include multiple pollutants including all lag day exposures for each exposure of interest (PM 2.5 ,
temperature, and NO2).

All the models were adjusted for precipitation using a natural cubic spline with 3 degrees of
freedom for moving averages of lag0 to lag6.(38) Non-linearity of the temperature – admission
risk relationship was examined using natural cubic splines for temperature (df=3), which is
common in short-term atmospheric epidemiology studies.(39, 40) Increases in temperature may
have different effects in the warm and cold season, so we examined the temperature-response
curves for the relationship between relative risk of psychiatric admissions and temperature levels
in warm (Month: April to September) and cold seasons (Month: January to March plus October
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to December). Final models for temperature were determined after examining these results.
Dose-response curves examination yielded a close-to-linear relationship between temperature
and psychiatric hospital admission risk for cold season, and non-significant association for warm
season. Linear terms were used for pollutants since a large number of studies have reported
close-to-linear associations between pollutants and various health outcomes in US nationwide or
across cities investigation.(30, 31, 41) Therefore, the final regression models included moving
averages of the lags of choice (Appendix A. Supplement text - Methods) for each pollutant of
interest, linear partitioned warm/cold season temperature and a natural spline of df=3 for
precipitation based on preliminary analyses.

We also examined the effects of air pollutants below current the current US Environmental
Protection Agency (EPA) short-term exposure standards (PM2.5: 35 g/m3, NO2: 100 ppb).
Because temperature associations with some health endpoints showed strong regional
differences, we conducted stratified analyses with each psychiatric disorder for each US region
(Midwest, Northeast, South and West).(42) Interactions between pollutants and ambient
temperature were examined by fitting multiplicative interaction terms between them in the final
multi-exposure models. Modification of the association of interests by individual covariates (sex,
race, Medicaid coverage) and contextual covariates (population density, Hispanic people
proportion, median household income, poverty proportion, education level) was also examined
via multiplicative interaction terms. Bonferroni correction was applied to the significance of the
interaction P values to account for multiple testing.

The robustness of the estimates was assessed with respect to 1) moving averages of lag day of
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choice; 2) residual confounding (e-value);(43) 3) alternative adjustment of specific humidity; 4)
alternative adjustment of moving average of lag0-3 day temperature exposure; 5) temperature
only modeling.

Percent % increase in risk of psychiatric hospital admission for depression, schizophrenia and
bipolar disorders was reported for each 5 units increase in PM 2.5 (g/m3), NO2 (ppb) and
warm/cold Season Temperature (°C). For the main analyses, absolute risk difference (ARD) of
psychiatric hospital admission for depression, schizophrenia and bipolar disorders was also
reported for the same 5 units increase of pollutants and temperature, and was defined as ARD =
α × (RR − 1)/RR, where RR denotes relative risk and α denotes baseline hospital admission risk
which is the baseline average number of targeted psychiatric admissions we have per year over
the study period of 2000 - 2016.

All the analyses were conducted using R software (version 3·5·1) under Research Computing
Environment (RCE) cluster supported by the Institute for Quantitative Social Science in the
Faculty of Arts and Sciences at Harvard.

Results
There was a total of 458,492 admissions for depression, 165,572 for schizophrenia, and 166,833
for bipolar disorder. Females were the major population for all of three psychiatric diagnosis,
taking up over 65% of the total cases. Since the study utilized the US Medicare participants,
Caucasians were the primary race/ethnicity group. However, the African American proportion
was much higher in schizophrenia population compared with depression and bipolar disorder
15

population (23·4% of all schizophrenia cases, compared to 5·9% and 7·0% for the other two
diagnoses). Among schizophrenia population, people with Medicaid coverage, a marker of low
socioeconomic status, took up higher proportion (65·2%). Further details for individual
characteristics, contextual backgrounds and ambient exposure levels are in Table 1.1.
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Table 1.1 Baseline Characteristics of Study Population (2000-2016).
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Each 5 g/m3 increase in PM2.5 was associated with a 0·62% increase in admission risk (95%
CI: 0·23%-1·02%) and an annual ARD of 167 (62-272) more cases for depression, a 0·77%
(0·11%-1·44%) increase in admission risk and an annual ARD of 74 (10-138) more cases for
schizophrenia admission, as well as a 1·19% increase in admission risk (0·49%-1·90%) and an
annual ARD of 116 (48-183) more cases for bipolar disorder admission. Each 5 ppb increase in
NO2 was linked with a 0·35% increase in admission risk (0·03%-0·66%) and an annual ARD of
93 (9-178) more cases for depression, and a 0·64% (0·20%-1·08%) increase in admission risk
and an annual ARD of 62 (20-105) more cases for schizophrenia. For cold season temperature,
each 5 °C increase was associated with a 3·66% (3·06%-4·26%), 3·03 (2·04%-4·02%) and
3·52% (2·38%-4·68%) increase in admission risk for depression, schizophrenia and bipolar
disorder acute admission, respectively. The respective annual ARDs were 952 (802-1102), 266
(195-376) and 334 (228-438) more cases for a 5 °C increase in cold season temperature. Warm
season temperature was not associated with any of the outcomes. Low-level analyses restricting
to population with short-term exposure to air pollution level under the current US ambient air
pollutants regulation short-term standards showed similar results. More details are presented in
Table 1.2.
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Table 1.2 Percent Increase (95% Confidence Interval, CI) in Admission Rate and Absolute
Risk Difference (ARD, 95% CI) for Targeted Psychiatric Disorders per 5 Units
Increase in PM2.5 (g/m3), NO2(ppb) and Warm/Cold Season Temperature (°C)
Based on Main Multi-Pollutant-Temperature Model and Low-Level Model
Restricting to Observations under US EPA Air Pollutant NAAQS Short-term
Criteria.

a

Percent Increase in admission risk per 5 units increase in pollutants and ambient temperature;
ARD, Absolute Risk Difference (additional admission cases) per 5 units increase in pollutants
and ambient temperature per year at risk;
b
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Regional estimation did not show much disparity in the associations between cold season
temperature increase and targeted psychiatric admissions across the four US regions (Figure 1.1,
Appendix A. eTable 1.1).
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Figure 1.1 National and Regional Percent Increase (95% Confidence Interval, CI) in
Admission Rate for Targeted Psychiatric Disorders per 5 °C Increase in Cold Season
Temperature.
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NO2 and cold season temperature had a significant negative interaction effect with each other
for schizophrenia (Interaction P<0.001, which remained significant after Bonferroni correction).
In addition, PM2.5 and NO2 had a significant negative interaction effect with each other for
depression (Interaction P=0.010). More details were presented in Appendix A. eTable 1.2.
Related discussion is included in Appendix A. Supplement text – Discussion.

Modification analyses showed how the effect estimates differed across populations (Figure
1.2, Appendix A. eTable 1.3). Effect estimates shifted between subpopulations with different
levels of area Hispanic proportion, median household income and education, depending on the
psychiatric outcome and exposure of interest. Detailed descriptions are in Appendix A.
Supplement text – Results.
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Figure 1.2 Forest Plots of Percent Increase (95% Confidence Interval, CI) in Admission
Rate for Targeted Psychiatric Disorders per 5 Units Increase in PM2.5 (g/m3),
NO2(ppb) and Cold Season Temperature (°C) among Total and Subpopulations.
* Interaction P value significance without Bonferroni correction (P<0.05).
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Figure 1.3 showed the dose-response relationships. We also conducted sensitivity analyses by
including all moving averages of lag0-2 and lag3-6 for PM2.5 and NO2 in multi-exposures
models. The results still showed robust and significant estimates for the moving averages of
choice in the main analyses and non-significant results for the other moving averages (Appendix
A. eTable 1.4). Both single-pollutant and multi-pollutant constrained DL plots also supported
our moving averages of choice on short-term exposure to air pollutants (depression: lag0-2 PM2.5
+ lag0-2 NO2; schizophrenia: lag3-6 PM2.5 + lag0-2 NO2; bipolar disorder: lag3-6 PM2.5) and
warm/cold season ambient temperature (lag0-6) (Appendix A. eFigure 1.1, eFigure 1.2,
eFigure 1.3). Correlations among air pollutants and temperature were examined in warm vs. cold
season separately (Appendix eFigure 1.4). We did not find strong evidence for unmeasured
confounding based on e-value estimation (Appendix A. eTable 1.5). Results remained robust
after alternative adjustment of specific humidity and moving average of lag0-3 day temperature
exposure (Appendix A. eTable 1.6). The findings with warm and cold season temperature
remained robust based on temperature only models (Appendix A. eTable 1.7). Pollutants
levels/ratio in cold vs. warm seasons were presented in Appendix A. eTable 1.8.
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Figure 1.3 Dose-Response Curves for Warm and Cold Season Temperature – Relative Risk
of Psychiatric Admission Relationship.
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Discussion
This nationwide study looking at short-term associations between ambient environment and
psychiatric outcomes revealed a link between increased cold season ambient temperature,
atmospheric particle/gas pollution and psychiatric hospitalization in the US elderly population.
The observed associations remained robust when restricting to levels below current EPA shortterm standards. The associations between cold season temperature and psychiatric admissions
were shown to follow a linear positive dose-response relationship. Given the increase in global
ambient temperature occurring due to climate change, this association is concerning.

Possible mechanism supporting a related link between air pollution and acute psychiatric
admission could be that increased inflammatory responses triggered by air pollutants exacerbate
depressive or manic symptoms of people with psychiatric disorders and cause them to be
hospitalized and monitored. In animal models, particulate matter has been shown to be able to
cross the blood-brain barrier into the central nervous system, which led to adverse neuroinflammatory (via modulating the Nrf2/NLRP3 pathway) and autoimmune responses triggering
or worsening psychiatric conditions.(44, 45) Researchers have previously observed acute
inflammation in the brains of people exposed to air pollution in Mexico City.(46) Another
possible pathway is via increasing glucocorticoid activity and stress hormone cortisol levels.(47,
48) There is more uncertainty about how NO2 contributes to non-respiratory adverse effects. One
possibility is that the associations we see with NO2 are from other correlated traffic pollutants
(such as PAHs and ultrafine particles) which have the potential to lead to brain atrophy and
cognitive impairment.(49, 50)
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Climatic variables, including ambient temperature, have also been shown to modulate core
body temperature and certain biological chemicals via changing the bioavailability of plasma
tryptophan, dopaminergic transmission, serotonin production and availability; all of which are
related with the physiology and severity of the symptoms of several psychiatric disorders.(51,
52) The reasons why we did not observe a similar association for warm season temperature
remained unclear, but could be due to modification by different behavioral patterns during warm
seasons, including higher physical activity, less vitamin deficiency, higher exposure to
greenness/sunshine, more outdoor leisure/social connections in warm seasons. In addition, we
believe the underlying mental healthcare seeking as well as other behaviors can be different for
the elderly population. It is possible that while temperature increases in the warm season also
affect mental health problems, this is counteracted because the more comfortable weather, easier
transportation and environment, resulting in the elderly population being more willing to seek
help for their adverse mental issues in the early stages and reducing the chance for a
hospitalization that often results from severer episodes that did not get enough prior medical care
assistance. While we did not find increased psychiatric hospitalization risk with increasing
temperature in the warm season in the elderly, this does not preclude increased emergency room
visits, or increased hospitalization of younger populations. The linear dose-response relationships
we reported for cold season temperature and acute psychiatric hospital admission were consistent
with the results reported by one recent Canadian study looking at acute impacts of ambient
temperature (-20 °C to 30 °C) on emergency room visits of mental and behavioral disorders in
Toronto.(52) However, different exposure - response relationships were also observed in other
cohorts, possibly due to differences in the outcome assessment, study designs, geographical
locations, study population and exposure windows of assessment.
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We observed a unique lag pattern for the effect of daily exposure to PM 2.5 on psychiatric
hospital admission, different from what the current literature has reported for mortality and
cardiovascular outcomes.(30, 31, 53-56) We found a less immediate impact of PM2.5 on acute
hospitalization for schizophrenia and bipolar disorders (but not depression). For example, the
effect of PM2.5 on schizophrenia and bipolar admission was not significant for the days
immediately preceding the admission, but appeared with exposures 3 to six days prior. This
indicates a delayed response, which may be related to the common delay between the onset of
acute symptoms and admissions for schizophrenia and bipolar disorder, but also to the
mechanism of action of PM2.5.

It should be noted that the three psychiatric disorders we focused on in this study may have
different etiology, reasons for hospitalization and clinical presentation in the elderly population.
Therefore, although we found consistently harmful associations between air pollution, cold
season temperature and psychiatric admission for all three, we encourage the readers to be aware
of the different settings when interpreting the results for each.

Although none of the interaction analyses suggested significant modifiers for the associations
after applying multiple testing correction, some contextual factors did show a modification
tendency. For example, one interesting candidate modifier is area Hispanic proportion. Areas
with more Hispanic people tended to be associated with lower and non-significant psychiatric
admission risk when exposed to elevated particle/gas air pollution and cold season temperature
compared to areas with median to low Hispanic people composition. This could be due to

28

stronger social cohesion as well as multi-generational extended home structures among high
Hispanic communities.(57, 58) Evidence has shown that mental health scores were higher among
people living at communities with better social or family cohesion like the Hispanic
communities.(59) What is worth to mention is that the Medicare population are mostly retired
and their mental status is more affected by their interaction with their family and friends or other
close relationships within the communities than personal SES. Other potential modifiers we
identified are area education and income levels. Related additional discussion is provided in the
Appendix (Appendix A. Supplement text - Discussion).

Strengths
This study has several strengths. First, to our knowledge, this is the first and largest analysis
using Medicare data to look at the associations between ambient environment and three major
psychiatric conditions. Second, owing to the application of satellite data-based high-resolution
air pollutant and ambient temperature prediction models, we were able to conduct the analysis
covering 27,458 zip codes across the US continent, including less populated and less investigated
rural areas. We were able to look at different atmospheric pollutants and ambient temperature
simultaneously adjusting for precipitation, which is one important climate risk factor for mental
conditions. In addition, we were able to present the dose-response relationship between ambient
temperature and relative risk of psychiatric hospital admission via non-linear modeling,
providing deeper insight into the effect of temperature. Fourth, we applied interaction analysis
between air pollutants and temperature, which has rarely been examined previously. Finally, the
effect modification analysis looking at various individual and area-level factors uncovered some
potential modifiers of the associations between ambient environment and population psychiatric
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health, which has implications for population psychiatric health interventions and urban planning
in the age of climate change.

Limitations
This study also has its limitations. First, residual confounding from other climatic factors
(cloud cover, sunshine index, etc.), other atmospheric air pollutants (ultrafine particles, PAHs
and gas pollutants, etc.) cannot be ruled out. However, because we applied a bi-directional time
stratified case-crossover analysis, only variables that change in short-term (between case and
control days) can generate bias to estimation. Based on our e-value sensitivity analyses, we did
not find strong evidence for unmeasured confounding. Second, although we observed a strong
link between cold season temperature increase and hospital admission for psychiatric disorders,
there might be certain seasonal and healthcare seeking behavioral patterns underlying that
change accordingly and coincide with the increase of ambient temperature especially in cold
seasons. However, since controls were matched by month, seasonal patterns are controlled by
matching, and only temperatures occurring in the same month of the admission are used as
comparisons, limiting this problem. Third, past residential history change (i.e. from living in low
air pollution areas to high air pollution areas, or from cold temperature zones to warmer regions)
could influence the short-term effect estimates we observed. However, being the same for
case/control days within the same month, the long-term exposure history cannot confound the
observed associations, but rather could modify the strength of the associations.
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Conclusions
In the US Medicare population, over the period of 2000-2016, acute exposure to elevated levels
of PM2.5, NO2 and cold season ambient temperature was significantly associated with an
increased risk of psychiatric hospital admission.
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CHAPTER II
Impact of Long-Term Exposure to Air Pollution and Climate Conditions on
the Risk of Population Psychiatric Hospitalization
Xinye Qiu, Yaguang Wei, Marc Weisskopf, Avron Spiro, Liuhua Shi, Edgar Castro, Brent Coull,
Petros Koutrakis, Joel Schwartz

Abstract
The total ambient environment adversely influences brain health. Population mental health may
be further impacted by those changes. This is the first study to date which investigated long-term
exposure to multiple ambient exposures and their associations with psychiatric admission in the
U.S. general population. We aimed to examine the associations between long-term exposure to
ambient environmental exposures and psychiatric hospital admission risk among the general
population and uncover disparities in those associations. We conducted a large population-based
study to look at psychiatric hospitalizations among residents of eight U.S. states using Health
Cost and Utilization Project (HCUP) State Inpatient Databases (SIDs) over the period of 20022016. We estimated the relative risks of psychiatric hospital admission associated with long-term
exposure (average past three-years) to ambient exposures (fine particulate matter, PM2.5; nitrogen
dioxide, NO2; ambient temperature, cumulative precipitation, and solar shortwave radiation). We
additionally investigated modification by age, sex and area-level poverty status, and calculated
the increase of psychiatric admission cost attributed to PM 2.5 and NO2. Total psychiatric
hospitalizations and disorder-specific hospitalizations with primary diagnosis of bipolar,
depressive, and psychotic disorders. The primary measure is relative risk (RR) of hospitalization.
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We covered 4,322,004 psychiatric hospitalizations. Long-term exposure to interquartile (IQR)
increase in PM2.5 and NO2 were associated with an RR of 1.04 (95% CI, 1.03 - 1.06) and 1.03
(95% CI, 1.01 - 1.04) in total psychiatric hospitalization, respectively. For each 1 ºC increase in
temperature (above 15ºC), there was an RR of 1.04 (95% CI, 1.03 - 1.04). For each IQR increase
in precipitation, there was an RR of 1.01 (1.00, 1.02). The largest positive associations were
found between NO2 and psychotic disorders, and between increased precipitation and bipolar
disorders. Specifically, people living in poor areas were more vulnerable. Covering the included
states, on average, an IQR increase in long-term exposure to PM2.5 and NO2 attributed to an
additional psychiatric admission cost of $442,084,147 (95% CI, $240,631,083- $640,403,626)
per year. Long-term exposure to air pollutants, increases of temperature (above 15 ºC) and
precipitation were associated with increased psychiatric hospitalization risk in a U.S. general
population, especially in economically disadvantaged areas.
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Introduction
The total ambient environment has been adversely influencing human brain, neurological and
psychiatric health as demonstrated in recent studies.(8-17) Numerous biological pathways have
been proposed. First, the 70-kDa heat shock proteins (HSP70s) affected by temperature,
specifically HSPA5 and HSPA1B, have been recently shown to be potentially associated with
occurrence of anxiety, mood disorders, and schizophrenia.(18) Second, serotonergic function is
believed to fluctuate along with light and temperature, and serotonin-related behavioral disorders
similarly vary with climatic exposures with complex mechanism.(19, 20) Ambient air pollutants
have also been shown to influence human brain health and trigger psychiatric episodes through
the regulation of stress hormones(12) and neuro-inflammation from penetration and circulation
of the pollutants in the body.(11) Although the related epidemiological evidence is building up,
many of the current studies primarily focused on air pollution and temperature with limited
follow-up periods and without accounting for other potential mental-related climatic factors,
such as sunlight/solar radiation and precipitation. Climate change also actively interacts with the
levels of hazardous pollutants in the air that we breathe every day. In particular, temperature
influences the rate of chemical reactions that form secondary organic aerosols, the largest single
component of ambient particles. Therefore, it is critical importance to put air pollution and
climatic conditions into the same picture when we investigated the impact of ambient
environment on population health.

In this study, we investigated on the associations between long-term exposure to several key
ambient exposures and psychiatric hospitalization risk in a U.S. general population over the
study period of 2002 - 2016, using the Health Cost and Utilization Project State Inpatient
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Databases. We hypothesized that increased long-term exposure to air pollution and adverse
climatic conditions are associated with increased risk of psychiatric hospitalization among the
U.S, general population. We additionally explored the related health disparities and air pollution
attributed psychiatric inpatient healthcare cost.

Methods
Data Source & Study Population
We utilized the Health Cost and Utilization Project (HCUP) State Inpatient Databases (SIDs)
to conduct this study.(60) In this study, we had access to the SIDs for eight states including
Arizona (AZ), Maryland (MD), Michigan (MI), New York (NY), New Jersey (NJ), North
Carolina (NC), Rhode Island (RI) and Washington (WA). Based on 2020 U.S. Census statistics,
the above states contributed to a total of 72,138,348 total population (22% of the 2020 U.S. total
population of 50 states and District of Columbia).(61) We explored inpatient admissions in the 8
states with a primary diagnosis of psychiatric disorders identified via the major diagnostic
category (MDC) information provided. We further restricted the study sample to admissions
between the years of 2002 – 2016, and with both hospital and residential addresses located in the
same state. To reduce the noise from low population areas and increase the analytical power, we
restricted to ZIP code areas with over 100 residents. Details about the inpatient databases and
data availability could be found in the eMethods in the Appendix B. The ZIP codes we utilized
in this study were 5 digits.

Exposure Assessment
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The ambient exposures investigated in this study were: 1) air pollutants (fine particulate matter
(PM2.5) and nitrogen dioxide (NO2)); 2) climatic conditions (near-surface air temperature,
precipitation and solar shortwave radiation). Ambient daily PM2.5 and NO2 predictions at 1 km 
1 km resolution were obtained via a combination of machine learning algorithms taking as inputs
land use, meteorology, several chemical transport models, and satellite remote sensing data.
Details can be found in previous publications.(33, 34) Annual averages of daily air pollutants
levels were computed at each 1 km grid cell. Ambient near-surface annual mean temperature at
32 km  32 km resolution was obtained from the North American Regional Reanalysis(62) data
(NARR). Annual cumulative precipitation and annual average solar shortwave radiation at 1 km
 1 km resolution were obtained from the Daymet Annual Climate Summaries for the North
America.(63) Using the grid cells predictions, we aggregated the exposures to each ZIP code by
1) averaging the predictions at grid cells whose centroids were inside the polygonal area for
general ZIP codes, or 2) assigning the prediction at the nearest grid cell for other ZIP codes that
do not have polygon representations, for example an apartment building. We assigned the
exposures based on participants’ residential address ZIP code and admission year as well as two
years before the admission year. Precipitation data was total near-surface precipitation summing
all forms of precipitation converted to a water-equivalent depth. The solar shortwave radiation is
the near-surface incident shortwave radiation flux density taken as an average over the daylight
period of the days across each year, serving as a proxy for daylight intensity.

Outcome Measurement
Our primary outcome is total psychiatric hospitalizations identified using SIDs clinically
verified Major Diagnostic Group (MDC) identifier for all psychiatric disorders and illnesses
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(MDC=19). Our secondary outcomes are disorder-group specific hospitalizations with primary
diagnosis of 1) bipolar disorders (I, II), 2) depressive disorders, and 3) psychotic disorders (e.g.,
schizophrenia), referring to the International Classification of Diseases codes (9 and 10) list
provided in the Centers for Medicare and Medicaid Services (CMS) Chronic Conditions Data
Warehouse.(64) The disorder-group specific classification was also verified through the
Diagnostic and Statistical Manual of Mental Disorders (DSM–5). The above three groups of
psychiatric disorders contributed to the majority of the total psychiatric inpatient care (86%) in
our study population.

Covariates
Information on individual age, sex, race/ethnicity, hospital discharge state, length of stay,
admission cost and primary diagnosis codes, etc. was obtained for each psychiatric admission
within the SIDs. We controlled for admission state, admission year, area-level long-term
socioeconomic status (SES) factors (such as poverty, education and ambulatory visit level) as
well as population density (proxy for urbanity) in our analysis. Details about the covariates
information could be found in the eMethods in the Appendix B.

Statistical Analysis
For each state, we aggregated the admissions to counts for each ZIP code and calendar year.
We excluded ZIP code-year combinations with fewer than 100 residents to limit the noise from
low population areas. Annual linear interpolated area-level population counts from the U.S.
Census 2000-2010 and ACS after 2010(65-67) were linked with psychiatric admission counts by
ZIP code and calendar year, and treated as an offset during modeling.
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We used zero-inflated negative binomial regression to model the over-dispersed admission
counts with excess zero counts of psychiatric admissions in certain ZIP code and years for all
exposures concurrently.(68) We looked into the associations over longer past exposure windows
from current admission year (Lag 0) to two years before the current admission year (Lag 2). We
observed significant associations between each of the annual windows and total psychiatric
admission risk (Appendix B. eTable 2.1) and later combined the past three years into a longerterm exposure window of moving average of Lag02 (averaging the current year and past two
years) for the main multi-exposure modeling with concurrent ambient exposures.

Correlations between the ambient exposures were investigated before model building and lowmedium correlation was detected (Appendix B. eFigure 2.1). Exposure-response relationship
was investigated by fitting natural splines with 3 degrees of freedom for each exposure of
interest adjusting for the other exposures and covariates (Appendix B. eFigure 2.2). Kernel
density plots were generated along with the exposure-response curves to indicate the exposure
distribution. In particular, temperature presented a different, and roughly linear effect pattern
below and above 15C. Therefore, we further analyzed temperature using a piecewise linear
model with linear terms for low (≤15C) vs. high (>15C) temperature in our main models.
Related discussion on the exposure-response relationships can be referred to Appendix B.
eDiscussion.

Based on preliminary variable selection and epidemiological confounding structure
(Appendix B. eFigure 2.3), we adjusted for a key set of neighborhood SES and contextual
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factors such as, area-level annual poverty rate, high school or less education rate, ambulatory
visit level, and population density. The zero-probability part of the zero-inflated negative
binomial models was additionally adjusting for area-level population counts to better predict the
probability of having no admissions in that ZIP code and year.

Effect modification was examined via fitting interaction terms between potential effect
modifiers and each of the ambient exposures for males vs. females, different age groups
(children (<= 9 yrs), adolescents (10-19 yrs.), young adults (20 - 29 yrs.), adults (30 – 64 yrs.)
and elderly (≥65 yrs.), and comparing poor areas (with poverty rate above the upper 33%
percentile) with less poor areas (with poverty rate below the upper 33% percentile).

Relative risks (RRs) (of 1) total and 2) psychiatric disorder-group specific hospitalization) and
95% confidence intervals (CIs) were reported per interquartile increase (IQR) in PM2.5, NO2,
cumulative precipitation and solar shortwave radiation, and per 1 C increase in ambient average
temperature. Robust variance for the effect estimates was applied via sandwich estimators.
Bonferroni correction for multiple testing was applied to test the significance of the secondary
estimates by disease group as well as modification by age, sex and poverty areas. We
additionally calculated the increase of total psychiatric admission cost attributed to PM2.5 and
NO2 by multiplying the estimated attributable admissions by the inflation adjusted average
inpatient cost per psychiatric admission in our dataset ($23,180/admission). The cost was further
adjusted to 2016 level using the medical services related annual average consumer price index
(CPI) for all urban consumers. Annual average admission cost increase was calculated. The
incremental admission counts increase related to each air pollutant were computed using the
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attributable risk difference (ARD), which equals to the total psychiatric admissions observed in
our study population multiply by (RR-1)/RR over the study period of 2002-2016. Additional
sensitivity and sub-analyses approaches were described in Appendix B. eMethods. The analysis
was conducted using R 3.6.2. The institutional review board at Harvard University has approved
this study.

Results
Population Characteristics
We studied a total of 4,322,004 psychiatric hospitalizations admitted over the period. We
covered a total of 6,529 unique ZIP codes with population over 100. Details of the psychiatric
admission counts by state and other characteristics were presented in Table 2.1. Among the
included states, we observed a slowly increasing trend of psychiatric admission counts and rate
per 100,000 population from 2002 to 2016 (Figure 2.1). Locations of the included ZIP code
areas were presented in Appendix B. eFigure 2.4.

40

Figure 2.1 Zip Code Average Psychiatric Admission Counts and Rate by Year

Note: The plot shows the temporal trend for psychiatric admission counts (left Y axis, light green
bars) and psychiatric admission rate per 100,000 population (right Y axis, blue lines with black
dots) over the study period of 2002 – 2016.
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Table 2.1 Characteristics of Study Population, Exposure and Covariates Distribution

Note: a Total admissions included in this table are admissions we used for this study after
restriction criteria (described in Methods, Data Source & Study Population); b Other combined
races include Hispanic/Latino, Asians/Pacific Islanders, Native Americans and other races.
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Psychiatric Hospitalization Risk & Cost
Overall, we found significant links between long-term exposure (averaging past three years) to
ambient exposures and risk of psychiatric hospitalization (Table 2.2).

Table 2.2 Relative Risk of Psychiatric Hospitalization from Ambient Exposures in Total
Study Population
Total

Ambient Exposures
PM2.5
NO2
Temperature (<=15ºC)
Temperature (>15ºC)
Precipitation
Solar radiation

(N=4,322,004)
RRa (95% CI
）
1.04 (1.03, 1.06)
1.03 (1.01, 1.04)
1.00 (0.99, 1.00)
1.04 (1.03, 1.04)
1.01 (1.00, 1.02)
0.98 (0.96, 1.00)

Bipolar
Disorders
(N=1,147,982)

Depressive
Disorders
(N=1,353,230)

Psychotic
Disorders
(N=1,211,100)

RR (95% CI）

RR (95% CI）

RR (95% CI）

1.07 (1.05, 1.08)
1.09 (1.07, 1.12)
0.98 (0.97, 0.98)
1.03 (1.02, 1.04)
1.05 (1.04, 1.07)
0.99 (0.97, 1.02)

1.05 (1.04, 1.07)
0.96 (0.94, 0.98)
0.98 (0.97, 0.98)
1.02 (1.01, 1.03)
0.97 (0.96, 0.99)
0.97 (0.95, 0.99)

1.06 (1.04, 1.08)
1.35 (1.32, 1.38)
1.01 (1.00, 1.02)
1.02 (1.01, 1.03)
0.99 (0.97, 1.00)
1.00 (0.97, 1.03)

Note: a Relative risks (RR) of psychiatric hospitalization per interquartile (IQR) increase in PM 2.5
(g/m3), NO2 (ppb), cumulative precipitation (m) and solar shortwave radiation (W/m2) level,
and per 1 ºC increase in ambient temperature. Exposure window for all ambient exposures is
moving average of annual exposure level over the past three years.
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Air Pollution
Per IQR increase in PM2.5 and NO2, we observed a relative risk in total psychiatric
hospitalization of 1.04 (95% CI, 1.03 – 1.06) and 1.03 (95% CI, 1.01 – 1.04), respectively. The
effect estimates differed across different primary psychiatric disorder groups. Positive
associations between PM2.5 and psychiatric admission risk were consistently observed on overall
as well as the psychiatric disorder groups. The associations were stronger between NO 2 and
increased admission risk for psychotic disorders (RR, 1.35; 95% CI, 1.32 - 1.38) and bipolar
disorders (RR, 1.09; 95% CI, 1.07 - 1.12). Over the study period, 4.03% (95% CI, 2.71% 5.34%) of total psychiatric hospitalizations were attributable to an IQR increase in long-term
exposure to PM2.5, and 2.59% (95%, 0.89% - 4.25%) attributable to an IQR increase in long-term
exposure to NO2. This resulted in, on average, an additional psychiatric health-related
hospitalization cost of U.S. dollar $269,301,931 (95% CI: 180,914,535 - $356,487,063) from
exposure to PM2.5 and $172,782,216 (95% CI, $59,716,547 - $283,916,563) from exposure to
NO2 per year covering all included states. Detailed estimates on additional psychiatric admission
counts, attributable risk percentages and admission cost related to increase in air pollutants levels
were presented in Appendix B. eTable 2.2.

Climatic Conditions
Based on piecewise temperature models, we observed non-significant or negative associations
between temperature below 15ºC and total, bipolar and depressive disorder-related psychiatric
admission risk. For temperature increase above 15ºC, consistently, we found significantly
increased admission risk for total as well as depressive, bipolar and psychotic disorder related
hospitalization. For each 1 ºC increase of temperature (above 15ºC), the RR was 1.04 (95% CI,
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1.03 - 1.04) in total psychiatric hospitalization. For total and bipolar disorder related admissions,
we observed an RR of 1.01 (95% CI, 1.00 – 1.02) and an RR of 1.05 (95% CI, 1.04 - 1.07) per
IQR increase of precipitation, respectively. Significantly protective links were found with
increased solar shortwave radiation (daylight intensity) and hospitalization of total psychiatric
and depressive disorders.

Modification by Age, Sex and Area-level Economic Status
In our effect modification analysis, we found heterogeneous associations comparing different
age and sex groups (Figure 2.2A, 2.2B)). In particular, younger people were more likely to be
adversely affected by increased precipitation. We only observed significantly positive (harmful)
associations between PM2.5 and total psychiatric hospitalization among adults and elderly. For
adults, where we have the biggest sample size, we detected significantly harmful effects from
ambient pollutants and high temperature increase (>15 ºC), as well as significantly protective
RRs for precipitation and shortwave radiation. Males were more sensitive to NO 2 while females
were more sensitive to fine particulate matter and high temperature increase (>15 ºC). In
addition, we observed stronger negative association between solar shortwave radiation exposure
and total psychiatric hospitalization risk in females than males. Detailed group-specific relative
risks and interaction P by age and sex were presented in Appendix B. eTable 2.3.

45

Figure 2.2 Associations Between Ambient Exposures and Total Psychiatric Hospitalization
Relative Risk in Sub-Populations by Age and Sex, and in Poor vs. Less Poor Areas
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Figure 2.2 Associations Between Ambient Exposures and Total Psychiatric Hospitalization
Relative Risk in Sub-Populations by Age and Sex, and in Poor vs. Less Poor Areas
(Continued)
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Figure 2.2 Associations Between Ambient Exposures and Total Psychiatric Hospitalization
Relative Risk in Sub-Populations by Age and Sex, and in Poor vs. Less Poor Areas
(Continued)

Note: The plot is composed of three sub-plots, A. By age groups (Children vs. Adolescents vs.
Young Adults vs. Adults vs. Elderly); B. By sex groups (Females vs. Males); C. In poor (poverty
rate above the upper 33% percentile) vs. less poor areas (poverty rate below the upper 33%
percentile). Y axis is the relative risk for total psychiatric hospitalization per interquartile (IQR)
increase in PM2.5 (g/m3), NO2 (ppb), cumulative precipitation (m) and solar shortwave radiation
(W/m2) levels, per 1 ºC increase in ambient temperature levels (High Temperature Range
((>15ºC) + Low Temperature Range (<=15ºC)). Exposure window reported for all ambient
exposures is moving average of annual exposure level in the past three years. In C, for better
comparison, relative risk for air pollutants (PM2.5 (g/m3) and NO2 (ppb)) was reported per 1 unit
increase over the exposure window.
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We also examined modification by residence in poor vs. less poor areas. In Figure 2.2C, we
showed that population living in poor areas were more sensitive to ambient environment changes
compared to less poor areas. We observed significantly higher relative risks of total psychiatric
hospitalization for air pollutants and temperature (>15 ºC) in poor areas (P<0.001) than in less
poor areas. Detailed group-specific estimates were presented in Appendix B. eTable 2.3. The
above results remained robust after applying Bonferroni correction.

Sensitivity & Sub-Analyses
Alternative temperature cut-off analyses supported our choice of 15 ºC for temperature piecewise
modeling (Appendix B. eTable 2.4). Results remained robust when we additionally adjusted for
area-level smoking rate and a proxy for area-level psychosocial stress (Appendix B. eTable 2.5),
as well as under step-by-step multi-exposure modeling (Appendix B. eTable 2.6). The
associations between the gaseous pollutant NO2 and total psychiatric admission risk was
significantly strengthened in low temperature, precipitation and solar radiation climatic
conditions (Appendix B. eTable 2.7). Single-exposure modeling results were presented in
Appendix B. eTable 2.8. Results also remained robust when we tried alternative minimum
population truncation and NO2, Precipitation exposure upper extremes truncation (<99th)
(Appendix B. eTable 2.9).
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Discussion
In this study covering the general population of eight U.S. states, we observed significant
associations between long-term exposure to ambient exposures and risk of psychiatric
hospitalization. It should be noted that although we have a significant but small magnitude effect
size, due to the high-prevalence and universal exposure to the ambient environment, the
attributable risk difference and psychiatric admissions associated with increased exposure to
harmful ambient environment are not negligible. In addition, the observed associations were
further amplified in certain age and sex subpopulations, and especially in people living in
economically disadvantaged areas. Although psychiatric hospital admissions represent the more
severe psychiatric cases, our findings represent the risk of these outcomes in the entire
population of the eight states. Necessarily, they do not indicate the associations for less severe
psychopathologies that do not result in hospitalization, and those outcomes should be
investigated as well.

Evidence supporting a meaningful link between PM2.5 and psychiatric health related outcomes
is growing worldwide, including from North America,(69) East Asia(14, 70) and Europe.(71-73)
In a time-series analysis looking at the association between fine particles and mental healthrelated emergency department visits in California, same-day mean PM2.5 was associated with a
0.42% (95% CI, 0.14% - 0.70%) increase in all mental health visits. The risk was generally
greater for females and minorities.(74) This is consistent with what we found for long-term
exposure in this study. In addition, traffic-related air pollution (such as NO2) has also been linked
to increased risk of psychiatric disorders.(75, 76) A prospective longitudinal survey study
conducted in South East London found robust evidence supporting the adverse effects of traffic-
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related air pollution on psychiatric health, IQR increases in PM2.5, NO2 and NOx were associated
with 18% - 29% increased odds of common psychiatric disorders,(71) while we observed a 32%
- 38% increased risk of psychotic disorder-related hospitalization and a 7% - 12% increased risk
of bipolar disorder-related hospitalization.

Exposure to extreme weather events (such as hurricanes and heavy precipitation) has been
shown to affect the symptoms of PTSD, depression and anxiety in children.(77) This hypothesis
is consistent with our findings that younger individuals were more adversely influenced by
climatic conditions. A study conducted in Taiwan showed that the risk for developing major
depressive disorder incidence was higher among people in areas with an average annual
temperature over 23 °C, with about 7% risk increase per 1 °C increase,(78) while our study
showed harmful temperature effects above long-term average 15 °C. The different thresholds
may represent adaptation to the long-term temperature norms in different geographical locations.
It should be noted that the recent studies looking at related research question is more on the acute
time period and primarily focusing on temperature, long-term impact of broader climate
measures (such as precipitation and solar radiation) on population mental health is still lacking.

Interestingly, we observed population in poor areas were more affected by the harmful
ambient environmental changes. Previously, mental health disparity from air pollution was
observed with the associations stronger among individuals with lower SES.(69) This kind of
susceptibility for people living in poorer areas could stem from multiple risk factors, i.e. higher
levels of stress from economic disadvantages, weaker community response to the environmental
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changes and less social cohesion, all of which could predispose the residents to a higher risk of
developing or worsening of psychiatric problems.

Some unusual findings emerged in some of our sub-analyses, including the findings with
depressive disorder-related hospitalization and by age groups. The most unusual findings are
between exposure to increased NO2 and decreased risk of depressive disorders, between
exposure to increased precipitation and again decreased risk of depressive disorders. The effect
heterogeneity we found with different age groups can be due to different behavioral patterns and
sensitivity to different exposures. Detailed discussion for these findings and a reflection on the
current literature can be found in Appendix B. eDiscussion. Possible explanations are from the
biological mechanisms involved, residual confounding in sub-populations and potential strong
protective modifiers that correlate with the ambient exposure levels. Further discussion on the
piecewise temperature results was also included in Appendix B. eDiscussion. Specific study
setting and context should be taken into consideration when interpreting the results. Further
studies looking deeper into related mechanisms are warranted.

The State Inpatient Databases of HCUP provide information on psychiatric admission cost and
allow us to estimate the exposure-related additional cost. Based on the HCUP Statistical Briefs,
the overall mental health or substance abuse related hospital stays cost $9.7 billion as of 2008 in
the U.S., accounting for about 3% of all inpatient community hospital costs.(79) In this study, we
estimated that IQR increase in long-term exposure to PM2.5 and NO2 together would produce an
additional psychiatric admission cost of $0.44 billion per year (adjusted to 2016 level) as
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compared to a total of $6.7 billion psychiatric admission cost per year observed among our
included states over the study period.

Strengths
This study has several strengths. First, it is the first study that has investigated long-term
exposure to a broad range of ambient environment factors and their associations with psychiatric
admission in the U.S. general population with large population coverage and analytical power.
Second, in particular, we provided strong evidence for the harmful effects of NO 2 on psychotic
disorder-related hospitalizations. Such an association has been observed in a population-based
study in China before.(75) Although the exact mechanisms linking NO2 with psychotic disorders
are not clear, several mechanisms have been postulated and demonstrated.(80, 81) After entering
the brain, NO2 can activate the microglia, which mediates several important processes related
with the onset or relapse of schizophrenia.(82-84) Finally, effect heterogeneity was found across
different age and sex groups. Poor areas were more affected by changes in the ambient
environment than less poor areas.

Limitations
This study also has its limitations. First, exposure misclassification is likely due to the
assignment of area-level ambient exposures based on the participants residential addresses.
However, people tend to conduct most of their activities in or near where they live, and ambient
exposures are usually regional exposures that cover large areas and population. Second, we only
looked into the total psychiatric along with depressive, bipolar and psychotic disorder-related
hospitalization risk in this particular study. The reasons why we did not further run parallel
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analyses for the other disorder groups is that the above three contributed to the majority of the
total psychiatric admissions in our study population (86%) and separate analysis for the other
groups are lack of enough analytical power. This composition of population psychiatric
admissions is probably because, compared with the other orders (such as anxiety and adjustment
disorders), severe episodes of the above three major psychiatric disorders are most likely to
result in hospitalization for treatments.(85) In addition, we also acknowledge that residual
confounding is likely from other co-exposures and community-level behavioral factors,
greenness or noise(86) that we do not have information on. Further studies with more
comprehensive confounding adjustment are warranted. Finally, ecological bias is likely in this
study since we analyzed the aggregated admission counts per population by ZIP codes, which
may not properly reflect the individual-level associations.(87) However, the geographical
coverage of a ZIP code is not large, such as in city level analysis, and has fewer within-area
differences in background rates. In addition, psychiatric hospitalization rates could be spatially
auto-correlated, meaning that the ZIP code near each other are likely to have more similar
admission rates. While the robust confidence intervals we used from sandwich variance
estimators are robust to auto-correlation, residual effects on the precision of the RR estimates is
possible.

Conclusions
In psychiatric epidemiology, little attention has been paid to the possible harmful effects from
the physical environment, even though it has the broadest impact on population health. Our study
is the first study to date which investigated long-term exposure to a broad range of ambient
exposures and their associations with psychiatric admission in the U.S. general population. We
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demonstrate that long-term exposure to air pollutants and certain climatic conditions (i.e. the
increase of ambient temperature and precipitation) could contribute to additional risk of
psychiatric hospitalization in a U.S. general population. The findings also suggest that air
pollution and alterations in the ambient environment should be considered as important
environmental risk factors for developing psychiatric episodes, indicated by the observed
increased risk of inpatient care. More efforts should be devoted to help ease the additional
psychiatric healthcare burden via strict air pollutants regulation and climate change mitigation.
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CHAPTER III
Associations between Air Pollution, Temperature and Psychiatric Symptoms
in The Normative Aging Study
Xinye Qiu, Mahdieh Danesh-Yazdi, Marc Weisskopf, Anna Kosheleva, Avron S. Spiro, Cuicui
Wang, Brent A. Coull, Petros Koutrakis, Joel D. Schwartz

Abstract
Environmental risk factors for brain health are poorly identified. We examined the association
between ambient exposures and psychiatric symptoms, which are often precursors to the
development of psychiatric disorders. This study included 570 participants in the VA Normative
Aging Study and 1,114 visits with information on the Brief Symptom Inventory (BSI) from
2000-2014 to assess their psychiatric symptom levels. Differences in the three BSI global
measures (Global Severity Index – GSI, Positive Symptom Distress Index – PSDI and Positive
Symptom Total - PST) were reported per interquartile (IQR) increase of residential addressspecific ambient exposures (fine particulate matter – PM2.5, ozone - O3, nitrogen dioxide – NO2
and temperature) at averages of 1 week, 4 weeks, 8 weeks and 1 year prior to the visit using
linear mixed effects models. We also evaluated modification by neighborhood factors. On
average, among the NAS sample we analyzed, an IQR increase in 1- and 4- week averages of
NO2 before visit was associated with a PSDI T score (indicator for psychiatric symptom
intensity) increase of 1.60 (95% Confidence Interval (CI): 0.31, 2.89), 1.71 (95% CI: 0.18, 3.23),
respectively. Similarly, for each IQR increase in 1- and 4-week averages of ozone before visit,
PSDI T-score increased by 1.66 (95% CI: 0.68, 2.65), 1.36 (95% CI: 0.23, 2.49), respectively.
Stronger associations were observed for ozone and PSDI in low house value and low household
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income areas. No associations were found for PM2.5 and temperature. Exposure to gaseous air
pollutants was associated with higher intensity of psychiatric symptoms among a cohort of older
men, particularly in communities with lower socio-economic conditions.
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Introduction
An increasing proportion of people are being affected by psychiatric health problems globally. In
the US, about 7.1% adults are living with diagnosed major depressive disorders according to
recent estimates provided by the National Institutes of Mental Health (NIMH).(88) While
studying the risk of the development of psychiatric disorders is complicated by the uncertainty of
disease onset as well as the measurement error induced by the current diagnosis system, studying
psychiatric symptoms in a designated time window can help provide valuable information
concerning the mental state they were in at shorter timeframes. Especially among people with
severe psychiatric disorders who did not receive proper treatment, acute symptoms usually
correlate strongly with longer-term experience.(89) Mood alterations in the elderly population
have been associated with a disruption of their physical, mental and social wellbeing.(90-95) An
increase in the frequency or intensity of any psychiatric symptom could mean a higher risk of
developing clinically relevant psychiatric disorders and often serve as the underlying criteria for
the diagnosis manuals of mental diseases, such as the American Psychiatric Association
Diagnostic and Statistical Manual of Mental Disorders (DSM).(96)

Growing evidence has shown that air pollution may be harmful for psychiatric health-related
outcomes. Toxicological studies based on animal models and human brain neuro-imaging also
support such a link.(49, 50) However, most of the previous studies were focusing on particulate
matter with supporting meta-analysis evidence.(9) In the National Social Life, Health and Aging
Project (NSHAP) study, increased exposure to fine particulate matter (PM 2.5) was related with
depressive and anxiety symptoms in the U.S. older adults.(69) Similar harmful associations were
found for children between acute exposure to PM2.5 and increased risk of psychiatric emergency
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department visits.(25). Unlike particulate matter, the evidence on whether gaseous pollutants
(such as ozone and nitrogen oxides) can affect psychiatric symptoms or the risk of developing
psychiatric disorders is much less, possibly due to the limited geographical fine resolution data.
There is also a lack of epidemiological evidence for temperature’s effect on psychiatric health
outcomes. Previously, we have found that short-term exposure to elevated temperature was
related with reduced cognitive functions.(97) Temperature may affect human brain health via the
modulation of blood serotonin levels, which plays an important role in mood regulation and the
development of major affective disorders, such as depression.(19, 20).

To address the existing research gaps, we investigated the association of exposure to elevated
levels of air pollutants (both particulate matter and gaseous pollutants) and ambient temperature
with levels of psychiatric symptoms using Brief Symptom Inventory measures from the Veterans
Affairs (VA) Normative Aging Study over the period of 2000-2014. We aimed to provide high
quality evidence based on longitudinal cohort setting and fine resolution exposure data. We
hypothesized that exposure to increased levels of ambient exposures including fine particulate
matter (PM2.5), ozone (O3), nitrogen dioxide (NO2) and temperature would be associated with
increased psychiatric symptoms. We also expect the above associations to be dependent on the
exposure window as well as area-level contextual factors. If these effects can be demonstrated,
this study could provide new insights into the role of ambient environment in the development of
psychiatric symptoms. Further, if air pollution or temperature is a risk factor for psychiatric
diseases, then intervention and mitigation can be applied at the population scale to reduce the
related disease burden worldwide.
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Methods
Sample
We studied men enrolled in the VA Normative Aging Study (NAS). In brief, The NAS study is
an ongoing longitudinal and closed cohort study of aging established by the US Department of
Veterans Affairs. The participants were recruited initially between 1961 and 1970, and consisted
of 2,280 community-dwelling men who lived in the greater Boston, Massachusetts area, aged
21–81 years at the time of enrollment.(98) The majority of them were Whites. At enrollment,
men with known chronic medical conditions (i.e. history of cardiovascular diseases,
hypertension, cancer and respiratory diseases) were excluded. Participants underwent
examinations at approximately 3-5 year intervals, including routine physical examination and
laboratory tests, and self-reported information on medical history, drinking or smoking history,
physical activities and other demographic characteristics.

We studied members of the cohort who completed the Brief Symptom Inventory (BSI)
between years 2000-2014, when we had residential air pollution estimates. Details of the
administration of BSI in the study can be found in the Appendix C. Online-only text. We
focused on the study period of 2000 - 2014 when both BSI records and geographical fineresolution ambient exposure predictions were available, leaving us with 764 NAS individuals.
We further excluded 145 people without sufficient response to BSI items (< 41 items answered,
as recommended by the BSI scoring manual (99)) and 49 individuals who were on psychiatric
medication use during the visits (including anti-anxiety or antidepressant drug use), limiting the
bias from the influence of psychiatric medication use on the response of psychiatric symptoms to
exposure. All participants were sent BSI questionnaires, however some failed to complete it. The
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final study sample consisted of 570 men with 1,114 visits collected over the period of 20002014.

Exposure Assessment
We examined four ambient exposures in this study: PM2.5, ozone, NO2 and air temperature.
National fine-resolution ambient air pollution spatiotemporal predictions were estimated by
combined machine learning algorithms using a geographically weighted regression. The
algorithm fused ground monitoring data (from the Air Quality System (AQS) operated by the
U.S. Environmental Protection Agency (EPA) and other monitoring data sources), satellitederived measurements, 32 km  32 km meteorological conditions retrieved from the North
American Regional Reanalysis (NOAA) data set (air temperature, humidity, wind speed, etc.),
chemical transport model (CTM) simulations, and 1 km  1 km land-use data (land-use coverage
types, road intensity, elevation and NDVI, etc.) over 2000-2016.(33, 34, 100) Cross-validation
comparing ambient predictions and held out monitored values indicated good performance of the
prediction models (10-fold cross validation: PM2.5: R2=0.86; O3: R2=0.91; NO2: R2=0.79). The
predictions were spatially available at each 1km1km grid cell covering the contiguous US on a
daily basis from 2000 to 2016.

Meanwhile, daily ambient surface temperature and relative humidity were obtained from the
gridMET project predictions using NASA’s Land Data Assimilation System (NLDAS-2) with
approximately 4 km4 km spatial resolution.(101) The gridMET project blends spatial attributes
of gridded climate data from the PRISM (Parameter-elevation Relationships on Independent
Slopes Model) data with desirable temporal attributes from regional reanalysis (NLDAS-2) to
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provide high-resolution (1/24th degree ~4-km) gridded datasets of surface meteorological
variables in the contiguous US. Validation of the resulting data was conducted against an
extensive network of weather stations and achieved good performance.(102)

We matched predicted ambient air pollutants and temperature based on the exact residential
address at the visit dates as well as different time periods before the visit dates by averaging the
daily predictions for the various time windows of interest. The exposure time windows explored
were averages of 1 week (1 Wk), 4 weeks (4 Wk), 8 weeks (8 Wk) and one year (1 Yr) prior to
the visit. Residential history was used to assign the appropriate address for each of the prior days
before computing the different time averages.

Outcome Measurement
The BSI is a brief self-report psychiatric symptom scale (Derogatis, 1983) applied to both
clinical psychiatric patients and non-patient general population, which consists of 53 items
covering nine symptom dimensions: Somatization, Obsession-Compulsion, Interpersonal
Sensitivity, Depression, Anxiety, Hostility, Phobic anxiety, Paranoid ideation and Psychoticism;
as well as three global indices of distress: Global Severity Index (GSI), Positive Symptom
Distress Index (PSDI), and Positive Symptom Total (PST).(103) Respondents rank each feeling
item out of the total 53 items (e.g., “your feelings being easily hurt”) on a 5-point scale ranging
from 0 (not at all) to 4 (extremely). Rankings characterize the intensity of distress during the past
seven days. Higher scores indicated worse symptoms experienced. The GSI was calculated using
the sums for the nine symptom dimensions plus the four additional items not included in any of
the dimension scores, and dividing by the total number of items to which the individual

62

responded including answers of zero score. It represented the respondent’s global distress level.
The PSDI was the sum of the values of the items receiving non-zero responses divided by the
total number of non-zero response positive symptoms. This index provided information about the
average intensity of distress the respondent experienced for the positive symptoms he had. The
PST was the total number of non-zero responses. Computation of the scores were conducted
following the BSI scoring manual.(99) Standardized T scores for GSI and PSDI were
additionally computed based on their raw scores following the scoring manual. The BSI was
previously proved to work as a general indicator of psychopathology with good validity and
reliability.(104).

In this study, the outcomes of interest are the three BSI global indices. Research with the
global indices has confirmed that the three scales reflect distinct aspects of a psychiatric disorder.
They measure level of symptomatology (GSI), intensity of symptoms (PSDI), and number of
reported symptoms (PST), respectively.(105)

Covariates Information
For each study visit, we obtained basic demographic information (age, race, ethnicity, education,
marital status, etc.), physical health indicators (BMI, any major illness, cardiovascular disease,
respiratory disease, hypertension, diabetes, total and high-density cholesterol levels, etc.),
physical activity (via information on total metabolic task equivalent level), smoking, drinking,
etc. Area-level contextual characteristics, such as census tract-level population density, median
value of house and median household income, were extracted from the US census (US census
decennial data 2000/2010, American Community Survey for years after 2010) and further linked
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with the participants address over the study period. Continuous variables include age (yrs), bmi
(kg/m2), census tract median household income (USD/household, year), census tract median
value of house (USD/unit), census tract population density (persons/mile2) and physical activity
as measured by total metabolic equivalent of task (hours/week). Categorical variables include
calendar year of visit, season of visit (Spring=March-May, Summer =June-August, Autumn
=September-November, Winter=December-February), race (white race or not), education (none,
grade school, some high school/college, graduate, professional), marital status (married, single,
separated, divorced, widowed, other), smoking (never, current or former cigarette smoker) and
drinking (usually have more than 2 drinks per day or not).

Statistical Analysis
We applied generalized additive mixed effects regression with subject-specific random intercepts
to examine the associations between ambient exposures and the levels of psychiatric symptoms.
The purpose of using mixed effects model is to take into account the correlation between
repeated measures collected for the same individual at different study visits. BSI GSI T scores,
PSDI T scores as well as PST were analyzed as the outcome variables in separate models. Timevarying ambient exposures of interest were fitted as predictors in the mixed effects models using
averages of 1 week, 4 weeks, 8 weeks and 1 yr prior to the visit date to explore the associations
at different time windows. For each time window, we included all four ambient exposures in
each model.

We used substantive knowledge (expert knowledge, literature evidence and Directed Acyclic
Graph (Appendix C. eFigure 3.1)) to identify the confounding structure, and hence the
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covariates to adjust for in the models. Details of the discussion on the confounding structure
were provided in Appendix C. Online-Only Text in the Supplement. Two parallel sets of
models were conducted as the main analyses I) adjusting for a key set of covariates that we
determined via the variable selection procedure II) adjusting for the same key set of covariates
and three behavioral factors (smoking, drinking and physical activity status). The additional
adjustment of behavioral factors was discussed in Appendix C. Online-Only Text. Nonlinearity of the exposure-outcome or covariate-outcome relationships were examined by fitting
penalized splines of the continuous variables in the mixed effects model. For covariates and
exposures that follow an approximately linear relationship with the mean outcome, we modelled
these associations as linear continuous terms in the final models. Otherwise, we modelled them
as a penalized spline term in the final models. We did not further analyze the effect of extreme
temperatures in this study because temperature followed a close-to-linear relationship with the
outcome (Appendix C. eFigure 3.2).

The key effect estimates reported were difference in each of the three global BSI scores (as
well as 95% confidence interval (CI)) per interquartile (IQR) increase in each of the ambient
exposures over different time windows prior to visit. In addition, we conducted effect
modification analyses looking at the modification of effect by area-level contextual factors via
fitting multiplicative interaction terms between dichotomized contextual factors and the
exposures in the main models. Specifically, census tract median household income was used to
create a binary area-level income variable (high-income vs. low-income areas) using the 75th
income percentile (85,457 USD/household, year) cutoff. Census tract median value of house was
used to create a binary house value area-level variable (high house value vs. low house value
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areas) using the 25th (~ 213,070 USD/unit) cutoff. Census tract population density was used to
create the high vs. low population density area indicator using the 75th percentile distribution
cutoff of 1,917 persons/mile2. Sensitivity analyses were conducted for 1) single-pollutant
models; 2) using a different community reference sample to create the T scores; 3) further
including people on psychiatric medication. All the analyses were conducted in R (version
3.6.1).

Results
Sample Characteristics
A total of 570 participants with at least one BSI psychiatric symptom assessment over the study
period entered into our final analyses (with a total of 1,114 visits). The minimum number of
study visits with BSI assessment for the 570 participants is 1 and the maximum number of visits
with BSI assessment is 5. In detail, 301 of the 570 participants provided a second assessment
following the first visit, 176 of them provided a third, 66 of them provided a fourth and 1
provided a fifth visit. The median time interval between visits with BSI assessment is 3.96 yrs.
(IQR: 3.03 - 6.64 yrs.) Table 3.1 presented the overall characteristics for our study sample
(Included) as well as the characteristics for those who were still active during the study period
but were excluded based on the restriction criteria (Excluded). Our sample has an average age of
72.4 yr. Most of them were married (74.4%) with education level equivalent to some college at
baseline. About 65% were former cigarette smokers. Since these are relatively older men, some
of them had physical health morbidities, such as coronary heart diseases (CHD), hypertension
(HT), stroke, etc. There is no strong evidence of substantial differences between the study
sample and those who did not enter our study. However, men selected in our study sample had a
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lower prevalence of hypertension and coronary heart disease, compared with those who did not
enter.
Table 3.1 The Normative Aging Study Population Characteristics
Group
Number of Participants
Age (yr.), mean (SD)
Body Mass Index (BMI, kg/m2), mean (SD)
Marital Status, N (%)
Married
Single
Separated
Divorced
Widowed
Divorced or widowed and remarried
Missing
Level of Education Completed, N (%)
None
Grade School
some High School/College
Graduate
Professional
Total Metabolic Equivalent of Task (hours/week), mean
(SD)
Cigarette smoking status, N (%)
Never
Current
Former
More Than 2 Drinks per Day, N (%)
Percent predicted FEV (NAS-1993), mean (SD)
With Stroke, N (%)
With Hypertension, N (%)
With Coronary Heart Diseases, N (%)
Total Cholesterol (mg/dL), mean (SD)
High Density Cholesterol (mg/dL), mean (SD)
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Active During Study Period
Included
Excluded
570
194
72.4 (6.7)
75.2 (6.8)
28.1 (3.9)
28.3 (4.4)
424 (74.4)
14 (2.5)
5 (0.8)
32 (5.6)
48 (8.4)
36 (6.3)
11 (1.9)

133 (68.6)
8 (4.1)
0 (0.0)
11 (5.7)
23 (11.9)
13 (6.7)
6 (3.1)

26 (4.6)
5 (0.9)
466 (81.8)
35 (6.1)
38 (6.7)
15.4 (20.5)

14 (7.2)
1 (0.5)
157 (80.9)
10 (5.2)
12 (6.2)
13.5 (20.1)

179 (31.5)
20 (3.5)
370 (65.0)
106 (18.6)
93.4 (18.8)
43 (7.5)
389 (68.2)
153 (26.8)
200.0 (38.6)
49.4 (13.1)

52 (28.4)
15 (8.2)
116 (63.4)
33 (17.0)
88.2 (18.6)
12 (6.2)
158 (81.4)
71 (36.6)
185.0 (37.5)
47.1 (11.7)

Exposure Distribution & Correlation Structure
The distributional characteristics of the ambient exposures are shown in Table 3.2. Our study
participants had an overall average annual residential exposure level of about 9.0 µg/m3, 34.8
ppb and 22.3 ppb to PM2.5, O3, and NO2 respectively. They experienced an average annual
ambient temperature of 10.1°C (SD: 2.9°C). We also examined the correlation between the
ambient exposures in this study and observed low to medium correlation among them
(Appendix C. eFigure 3.3).
Table 3.2 Levels of the Ambient Exposures
Exposure
PM2.5 (µg/m3)

O3 (ppb)

NO2 (ppb)

Temperature (°C)

Window a
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr

SD b
3.9
3.2
2.8
2.0
11.2
10.3
9.7
3.8
10.6
10.1
9.8
8.1
9.3
8.8
8.7
2.9

Mean
8.8
8.9
8.9
9.0
35.5
35.7
36.0
34.8
21.6
21.4
21.4
22.3
12.2
12.2
12.1
10.1

a 1Wk,

25th c
6.2
6.6
6.9
7.5
28.4
29.7
30.1
32.2
12.7
12.9
13.3
16.3
5.7
5.6
5.4
8.9

75th d
10.5
10.5
10.6
10.5
43.2
43.5
43.4
37.7
28.9
29.2
29.1
27.8
19.8
19.4
19.3
12.1

IQR e
4.3
4.0
3.7
3.0
14.7
13.8
13.3
5.5
16.2
16.3
15.9
11.6
14.1
13.9
14.0
3.2

4Wk, 8Wk and 1Yr means for the windows of 1 week, 4 weeks, 8 weeks and one year
prior to the visit date; b SD is the standard deviation; c 25th is the 25th percentile; d 75th is the 75th
percentile; e IQR is the interquartile range.
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BSI Global Scores
Table 3.3 presents the estimates for the associations between ambient exposures at different time
windows and PSDI T Score based on two sets of model (Model I, Model II). Based on Model I,
for each IQR increase in the exposure to the prior 1Wk or 4Wk average of NO 2, PSDI T score
increased by 1.60 (95% CI: 0.31, 2.89) and 1.71 (95% CI: 0.18, 3.23) respectively, controlling
for co-exposures, relative humidity, calendar year, age, bmi, race, education, marital status,
season, census tract median household income, census tract median value of house, and census
tract population density. Similarly, for each IQR increase in the exposure to prior 1Wk or 4Wk
average of ozone, PSDI T score increased by 1.66 (95% CI: 0.68, 2.65) and 1.36 (95% CI: 0.23,
2.49) respectively, adjusting for the same key set of covariates. The estimates remained robust
when additionally controlling for smoking, drinking and physical activity (Model II). We did not
see associations between the ambient exposures and GSI or PST (Table 3.4, Table 3.5). Results
remained robust in single-pollutant models (Appendix C. eTable 3.1). Results also remained
robust when we proposed to use different community reference samples to compute the T scores.
(Appendix C. Online-only text, eTable 3.2). Further including people on psychiatric
medication use did not substantially change the findings, but overall tended to attenuate the
effect estimates downward (Appendix C. eTable 3.3).
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Table 3.3 Brief Symptom Inventory Positive Symptom Distress Index (PSDI) T Score
Difference (with 95% Confidence Interval, CI) per Interquartile Increase of
Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb, Temperature - C) In
Normative Aging Study, 2000-2014.
Exposure

Window a

NO2

1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr

O3

PM2.5

Temperature

Estimate b (95% CI)
Model I c
1.60 (0.31, 2.89)
1.71 (0.18, 3.23)
1.51 (-0.09, 3.11)
1.37 (-0.29, 3.03)
1.66 (0.68, 2.65)
1.36 (0.23, 2.49)
0.91 (-0.27, 2.09)
1.04 (-0.31, 2.39)
-0.54 (-1.29, 0.21)
-0.16 (-1.14, 0.83)
0.34 (-0.67, 1.35)
-0.98 (-2.72, 0.75)
-0.01 (-1.43, 1.42)
-0.15 (-1.85, 1.54)
-0.16 (-1.96, 1.65)
0.35 (-0.67, 1.38)

a 1Wk,

Estimate (95% CI)
Model II d
1.46 (0.12, 2.80)
1.53 (-0.04, 3.10)
1.31 (-0.34, 2.95)
1.06 (-0.65, 2.77)
1.62 (0.60, 2.64)
1.33 (0.18, 2.49)
0.93 (-0.29, 2.15)
1.06 (-0.31, 2.43)
-0.48 (-1.25, 0.30)
-0.11 (-1.12, 0.90)
0.34 (-0.71, 1.39)
-0.90 (-2.71, 0.91)
0.05 (-1.43, 1.52)
-0.14 (-1.90, 1.62)
-0.24 (-2.10, 1.63)
0.26 (-0.79, 1.32)

4Wk, 8Wk and 1Yr means for the exposure windows of average 1 week, 4 weeks, 8
weeks and one year prior to the visit date; b Difference in the scores per Interquartile Increase of
Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C; c Model I was
adjusted for co-exposures, relative humidity, calendar year, age, bmi, race (white or not),
education, marital status, season, census tract median household income, census tract median
value of house, census tract population density; d Model II was adjusted for the covariates
adjusted in Model I plus physical activity (using total metabolic equivalent of task (hours/week)),
smoking and drinking.
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Table 3.4 Brief Symptom Inventory Global Severity Index (GSI) T Score Difference (with
95% Confidence Interval, CI) per Interquartile Increase of Exposures of Interest
(PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C) In Normative Aging
Study, 2000-2014.
Exposure

NO2

O3

PM2.5

Temperature

Window a

Estimate b (95% CI)

Estimate (95% CI)

1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr

Model I c
0.41 (-0.75, 1.56)
0.48 (-0.89, 1.85)
0.34 (-1.08, 1.76)
-0.45 (-1.91, 1.01)
0.25 (-0.67, 1.17)
-0.09 (-1.14, 0.96)
-0.14 (-1.24, 0.96)
0.34 (-0.83, 1.52)
-0.24 (-0.94, 0.45)
0.07 (-0.82, 0.95)
0.28 (-0.61, 1.17)
-0.10 (-1.68, 1.47)
0.62 (-0.67, 1.90)
0.54 (-1.00, 2.09)
0.02 (-1.63, 1.66)
0.37 (-0.55, 1.29)

Model II d
0.38 (-0.83, 1.58)
0.48 (-0.93, 1.89)
0.33 (-1.13, 1.79)
-0.53 (-2.04, 0.97)
0.30 (-0.66, 1.25)
-0.02 (-1.11, 1.06)
-0.09 (-1.23, 1.05)
0.40 (-0.81, 1.62)
-0.22 (-0.94, 0.50)
0.06 (-0.85, 0.97)
0.22 (-0.70, 1.15)
-0.11 (-1.75, 1.54)
0.72 (-0.61, 2.05)
0.60 (-1.01, 2.20)
0.06 (-1.63, 1.75)
0.38 (-0.56, 1.33)

a 1Wk,

4Wk, 8Wk and 1Yr means for the exposure windows of average 1 week, 4 weeks, 8
weeks and one year prior to the visit date; b Difference in the scores per Interquartile Increase of
Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C; c Model I was
adjusted for co-exposures, relative humidity, calendar year, age, bmi, race (white or not),
education, marital status, season, census tract median household income, census tract median
value of house, census tract population density; d Model II was adjusted for the covariates
adjusted in Model I plus physical activity (using total metabolic equivalent of task (hours/week)),
smoking and drinking.
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Table 3.5 Brief Symptom Inventory Positive Symptom Total (PST) Difference (with 95%
Confidence Interval, CI) per Interquartile Increase of Exposures of Interest
(PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C) In Normative Aging
Study, 2000-2014.
Exposure

NO2

O3

PM2.5

Temperature

Window a
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr

Estimate b (95% CI)
Model I c
0.10 (-0.93, 1.13)
0.19 (-1.04, 1.42)
0.14 (-1.14, 1.42)
-0.20 (-1.52, 1.13)
-0.21 (-1.01, 0.59)
-0.43 (-1.35, 0.48)
-0.35 (-1.31, 0.61)
-0.12 (-1.17, 0.93)
-0.29 (-0.91, 0.32)
-0.08 (-0.87, 0.70)
0.08 (-0.71, 0.86)
-0.27 (-1.67, 1.14)
0.60 (-0.53, 1.73)
0.68 (-0.68, 2.05)
0.34 (-1.12, 1.80)
-0.04 (-0.91, 0.84)

a 1Wk,

Estimate (95% CI)
Model II d
0.16 (-0.90, 1.22)
0.29 (-0.96, 1.54)
0.22 (-1.09, 1.52)
-0.26 (-1.61, 1.08)
-0.21 (-1.03, 0.61)
-0.36 (-1.28, 0.57)
-0.29 (-1.27, 0.69)
0.02 (-1.04, 1.09)
-0.30 (-0.92, 0.33)
-0.12 (-0.92, 0.68)
0.00 (-0.80, 0.81)
-0.29 (-1.75, 1.17)
0.84 (-0.32, 1.99)
0.81 (-0.59, 2.21)
0.45 (-1.03, 1.93)
-0.07 (-0.96, 0.82)

4Wk, 8Wk and 1Yr means for the exposure windows of average 1 week, 4 weeks, 8
weeks and one year prior to the visit date; b Difference in the scores per Interquartile Increase of
Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C; c Model I was
adjusted for co-exposures, relative humidity, calendar year, age, bmi, race (white or not),
education, marital status, season, census tract median household income, census tract median
value of house, census tract population density; d Model II was adjusted for the covariates
adjusted in Model I plus physical activity (using total metabolic equivalent of task (hours/week)),
smoking and drinking.
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Effect Measure Modification Analysis
In the modification analyses by community contextual factors on PSDI T score (Table 3.6), we
found that for the exposure windows of ozone at average 1 Wk and 4 Wk prior to the visit, arealevel household income and house value modified the associations between ozone and PSDI T
score reported. However, we did not observe the same modification effect on NO 2 – PSDI
relationships. For each IQR increase in average 1 Wk ozone prior to the visit date, on average,
PSDI T score increased by 1.79 (95% CI: 0.8, 2.78) in low-income areas vs. -0.49 (95% CI: 2.48, 1.49) in high income areas (interaction P-value: 0.010). Additionally, for each IQR
increase in average 1 Wk ozone prior to the visit date, on average, PSDI T score increased by
3.12 (95% CI: 1.26, 4.98) in low house value areas vs. 1.02 (95% CI: -0.06, 2.1) in high house
value areas (interaction P-value: 0.007). Similar differential associations were found for average
4 Wk exposures of ozone.
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Table 3.6 Comparison of Positive Symptom Distress Index (PSDI) T Score Difference per
Interquartile (IQR) Increase in Average Prior 1-Wk, 4-Wk Ozone (ppb) and NO2
(ppb) Exposure among Areas of Different Contextual Backgrounds
Exposures
Ozone

NO2

Groups
High-Income Area
Low-Income Area
High House Value Area
Low House Value Area
High Population Density Area
Low Population Density Area
High-Income Area
Low-Income Area
High House Value Area
Low House Value Area
High Population Density Area
Low Population Density Area

Average 1-Wk
Estimate a (95% CI)
-0.49 (-2.48, 1.49)
1.79 (0.80, 2.78)
1.02 (-0.06, 2.10)
3.12 (1.26, 4.98)
2.10 (0.35, 3.86)
1.55 (0.51, 2.59)
2.33 (-0.10, 4.76)
1.46 (0.13, 2.79)
1.64 (0.24, 3.03)
1.68 (-0.81, 4.18)
0.50 (-2.13, 3.12)
1.77 (0.38, 3.17)

Pb
0.010
0.007
0.443
0.403
0.965
0.262

Average 4-Wk
Estimate (95% CI)
-0.40 (-2.63, 1.83)
1.87 (0.70, 3.04)
1.18 (-0.07, 2.44)
3.02 (0.95, 5.10)
2.22 (0.23, 4.22)
1.52 (0.28, 2.76)
3.00 (0.14, 5.86)
1.62 (0.08, 3.17)
1.97 (0.33, 3.62)
1.63 (-1.19, 4.45)
0.57 (-2.48, 3.62)
1.85 (0.23, 3.47)

P
0.020
0.030
0.381
0.262
0.769
0.330

in the scores per Interquartile Increase of Exposures of Interest (Ozone - ppb, NO2 –
ppb), adjusted for co-exposures, relative humidity, calendar year, age, bmi, race (white or not),
education, marital status, season, census tract median household income, census tract median
value of house, census tract population density; b interaction P value.
a Difference
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Discussion
In this longitudinal cohort study of NAS participants over the study period of 2000-2014, we
observed positive associations between short-medium term ambient exposure to gaseous
pollutants (including ozone and NO2) and elevated psychiatric symptom intensity. No
associations were found for PM2.5 or temperature, as well as on reported frequency of symptoms.
Area-level household income and house value modified the associations between short-medium
term ozone exposure and psychiatric symptoms captured by PSDI score, with residents of lower
income or house value neighborhoods having increased response to ozone.

Previous literature looking at psychiatric health-related outcomes and air pollution has not
shown consistent results and direct comparison is very difficult as methods of exposure and
outcome measurement vary widely between studies. A previous study looking into the same
NAS cohort found that increasing levels of air pollutants such as PM 2.5 and NO2 measured from
local stationary monitoring sites were associated with an increase in perceived stress score
(PSS).(106) However, a time-series study conducted in California looking at emergency
department visits and psychiatric hospital admissions, found per 10 ppb increase in 7-day
average daily 8-hour ozone from EPA’s Air Quality System monitoring data to increase the
number of overall psychiatric admissions by 0.64% (95% CI: 0.21%-1.07%), depression
admissions by 1.87% (95% CI: 0.62%, 3.15%), and bipolar admissions by 2.83% (95% CI:
1.53%, 4.15%)).(74) Researchers looking at admissions to psychiatric emergency services at two
hospitals in Italy found same-day air monitored ozone levels to be associated with an increase in
admissions in the multipollutant model while there were no effects observed with particulate
matter, NO2, and CO.(107) In the Italy study, the exposure data was averaged across up to 16
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monitor stations dispersed in the Umbria region of Italy. More evidence is needed looking at
psychiatric symptoms and ambient exposures at finer geographical matching resolution in a
longitudinal setting to help establish more solid temporal links between them.

The main biological mechanism hypothesized by which air pollution leads to adverse
psychiatric health outcomes is through increased inflammation and oxidative stress in the central
nervous system (CNS).(108) Animal models have shown that exposure to ozone can increase
inflammatory biomarkers not only in the lungs but also in the cerebral cortex.(109) Pollutant
may move across biological membranes in the lungs to enter the systemic circulation and spread
throughout the body, including the nervous system.(11) Our results showed elevated levels of
symptoms reported only on the PSDI and not the GSI or PST under increased ozone and NO 2
levels. One reason could be due to the specific sample that we studied. Our cohort consists of
elderly, mostly white veterans. Their specific psychiatric health status may differ from those
whose health profile was used to develop the BSI. It might be that the GSI or PST is less
sensitive in this sample as compared to the PSDI. Another reason could be that air pollution only
affected the intensity of the reported symptoms, but not the overall symptomatology or number
of symptoms.

Previously, in the Women’s Health Initiative Observational Study looking at long-term PM2.5
and risk of CVD, higher risk estimates were observed among participant living in low-SES
neighborhoods, indicating people with lower neighborhood socio-economic status (nSES) may
be more susceptible to air pollution-related health effects.(110) The susceptibility could stem
from higher levels of stress experienced, weaker community support and higher rates of
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unemployment when living in a poorer neighborhood, all of which could also predispose the
residents to a higher risk of developing psychiatric symptoms when exposed to community
ambient air pollution.(69) In this particular study, we found nSES (such as area-level household
income and house value) modified the associations between ozone and a global symptoms
severity measure for psychiatric symptoms, which indicated that living in a low nSES area may
enhance the effect of ozone on the intensity of psychiatric symptoms. This finding implied a
possible intervention for protecting population mental health conditions under the current levels
of ozone pollution via investment in these at-risk communities, or by lowering ozone exposure.
Besides the contributing factors for higher susceptibility in low SES communities mentioned
above, it may also be due to those neighborhoods having more open windows and less air
filtration/conditioning, and hence more outdoor air penetration. Therefore, people living in
poorer communities may also be more exposed to ozone compared to richer communities.”

In the Derogatis 1983 US community sample looking at predominantly white non-psychiatricpatient adults of both sexes with a mean age of 46 yr. (SD: 14.7) the population had an average
GSI raw score of 0.30 (SD: 0.31) and 1.29 (SD: 0.41) for PSDI raw scores.(103) The average
BSI scores for male populations are expected to be lower than females. This was confirmed in
both Israel and British community samples.(111, 112) In the British community norms sample
(mean age: 44 yrs), among male adults, the average GSI raw score was 0.36 (SD: 0.40) and the
average PSDI raw score was 1.32 (SD: 0.51) compared with 0.50 (SD: 0.50) and 1.42 (SD: 0.58)
in females.(111) In our analytical sample, we had an average GSI raw score of 0.24 (SD: 0.32)
and an average PSDI raw score of 1.22 (SD: 0.34). This was lower than British male adults
sample, slightly lower but still close to the US non-patient adult sample mixing males and
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females. This indicates that we studied a group of older men with, on average, less distress
compared with the general adults. However, harmful effects of ambient exposures on psychiatric
symptoms were still observed among them.

Limitations
We acknowledge that this study has some limitations: first, our sample is a subset of NAS
participants, who are mostly older white men with mean BSI scores lower than the general adults
in community samples. This may limit the generalizability of our findings to other race-ethnicity,
age and sex populations as well as to other countries. Future studies could add more relevant
evidence looking at minority, female and young-age groups. Second, although the participants
were followed up at each scheduled visit for routine physical exams and the collection of many
covariates, the BSI questionnaire was mailed to the participants about a month before his
scheduled visit and the participants were asked to fill in the survey and bring it to the visit. Thus,
there is some uncertainty in identifying the outcome assessment date which affects the
temporality of the assignment of prior exposure windows. However, we believe the date
difference would be relatively small for most of the assessments, since people most likely fill out
the questionnaire shortly before the visit. Exposure misclassification will be larger for the
average prior one week window, but less important for the average exposure in the previous four
weeks or longer windows. Further, this kind of exposure measurement error ought to be nondifferential, so the significant findings with average one week before should still be valid but
should be interpreted with extra caution. Third, residual confounding is still possible. We did not
have information on individuals’ stress, sleep or trauma, which could be high risk factors for
psychiatric symptom change, particularly over the short-term. However, for those to be
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confounders they would need to be associated with air pollution. We were able to control for a
relatively comprehensive list of covariates, including basic demographic, physical activity
(metabolic levels), behavioral factors and neighborhood SES (nSES). In fact, research has shown
that controlling for area-level factors will remove most of confounding bias for ambient
environment based studies since ambient environment relates with area-level factors.(113, 114)
We were cautious about controlling for additional physical health variables, such as CVD,
respiratory diseases, stroke or hypertension status, etc., because they could be instead on the
causal mediation pathway from ambient exposure to psychiatric health conditions. Our area-level
ambient exposure level itself would not be affected by any individual behaviors, thus the chance
for smoking, drinking and physical activity to behave as confounders is low. We presented
results under both adjustment types in this paper, but would give preference to the results
generated from Model I. Lastly, the ambient exposures were matched to each individual based on
his residential addresses history. We did not have information on the other geographical
locations of the participants. Exposure measurement error in the predictions themselves is likely
as well, however, this type of error tends to be non-differential and bias the effect estimates
towards the null. Similarly, recall bias is also more likely to be non-differential for the covariates
and outcome information collection in NAS questionnaire administration. Selection bias is likely
if we had non-random missing/selection from the inclusion of people with sufficient BSI
response and without psychiatric medication use. To test whether this induced selection bias
(which requires selection being associated with exposure), we additionally fit logistic regressions
predicting inclusion (being selected) in the study by each of the exposures. We found no
evidence of selection being associated with the exposures, indicating no evidence of related
selection bias due to the inclusion criteria. (Appendix C. eTable 3.4)
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Strengths
Our study is of particular interest because it examined associations between ambient exposures
and psychiatric symptoms. We applied longitudinal study design to facilitate the establishment of
potential temporal associations. Associations were observed for positive symptom distress index
(a measure for psychiatric symptom intensity) and exposure to gaseous pollutants. Effect
estimates were reported after adjusting for a series of covariates, from personal factors, coexposures to community SES variables. Strong modification by area-level contextual factors,
such as household income and house value, on ozone and psychiatric symptom associations was
uncovered.

Conclusions
In this longitudinal study looking at men in the VA Normative Aging Study, we found evidence
linking ambient gaseous pollutant exposure, such as ozone and NO 2, to increased psychiatric
symptom intensity. The associations were for short-medium term exposure windows. Area-level
SES characteristics modified the associations.
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CONCLUSION

This dissertation evaluated the links between ambient exposures (air pollution and climate
conditions) and adverse psychiatric health outcomes in a large population study setting, aiming
to identify meaningful ambient environmental risk factors for population psychiatric and mental
health.

In a case-crossover study design, the Medicare short-term study (Chapter I) discovered that
short-term exposure to elevated levels of PM2.5, NO2 and cold season ambient temperature was
significantly associated with increased risk of psychiatric hospitalization in the U.S. elderly. It
additionally uncovered that unlike mortality and other major physical health illnesses, the effect
of air pollution and cold season temperature on psychiatric hospitalization is less immediate with
longer effect lag periods. Cold season temperature increases and psychiatric admission risk
followed a close-to-linear exposure-response relationship in the Medicare cohort. Several
potential effect modifiers were uncovered including area level education, Hispanic proportion
and median household income. The observed adverse associations were persistent and robust for
all three major psychiatric disorders (depression, schizophrenia and bipolar disorders).

Second, in the general population study covering psychiatric admissions in multiple states of
U.S., we found that long-term exposure to increased air pollution, ambient temperature increase
(above 15ºC) and added precipitation was also associated with increased risk of total psychiatric
hospitalization in a U.S. general population. Solar radiation (proxy for sunlight) was protective.
The most remarkable evidence is for long-term exposure to elevated levels of NO2 and risk of
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getting psychotic disorder-related hospital admission. In addition, the above observed
associations were especially strong in economically disadvantaged areas.

Third, in the Normative Aging Study (NAS) looking at repeated measures of the Brief
Symptom Inventory (BSI), we observed that, exposure to gaseous air pollutants (such as ozone
and NO2) was associated with higher intensity of psychiatric symptoms (as captured by the
Positive Symptom Distress Index, PSDI) among a cohort of older men, particularly in the more
acute time windows and again, in communities with lower socio-economic conditions. It
remained unclear why we did not observe a similar association for particle exposure and ambient
temperature. Besides a comprehensive adjustment of possible confounders from personal
behavioral factors to ambient co-exposures and community SES, the longitudinal setting further
facilitates the establishment of possible temporal and causal effects of air pollution on increasing
psychiatric symptoms. It is worth mentioning that the participants of the NAS were a group of
older men (many of them were U.S. veterans) who reported, on average, less distress compared
with the general adults. However, harmful effects of ambient exposures on their experienced
psychiatric symptoms were still observed.

These results add to the current limited evidence looking at the links between ambient
environment and population psychiatric health. Consistent associations were found across
different populations, supporting the harmful associations between both short-term and longterm exposure to air pollution and temperature increase with adverse psychiatric outcomes, such
as hospitalization and experience of psychiatric symptoms. Low SES communities were found to
be most affected by the examined ambient exposures in population mental health. This work
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highlights that more attention should be paid to added risk from ambient environmental
exposures in psychiatric epidemiology studies as well as environmental health risk assessment to
inform better policy. Since the US Clean Air Act mandates that national air standards take into
account of the underlying vulnerable populations. Individuals with psychiatric disorders are one
of them.

In view of the fact that mental health crisis is rising in recent decades among the U.S.
population, if such associations were true, population-based intervention or prevention approach
could be applied from the aspect of air pollution regulation, climate change mitigation and
investment in susceptible as well as economically disadvantaged sub-populations. While there is
limited and semi-effective behavioral and clinical interventions to treat patients suffering from
mental/psychiatric disorders, if environmental exposures are proved to be a risk factor, they are
modifiable on a population basis.
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APPENDIX A
Methods
In a case-crossover setting described in the study design section, only covariates that changed
from day to day in the short-term can be confounders. Individual-level covariates and zip code–
level covariates that did not vary day to day (i.e., age, sex, race/ ethnicity, population density,
socioeconomic status and behavioral risk factors) were not considered to be confounders as they
remained constant when comparing case days vs control days.

A natural cubic spline splits the range of exposure into several pieces and fits a separate
polynomial for each piece, so e.g. the shape of the low exposure relationship does not influence
the shape of the high exposure relationship. The polynomials are constrained to meet up at the
split points, and to be linear at the extremes of exposure, where data is sparse.(38)

Based on the preliminary results using DL models, in the final models, we used moving
averages of lag02 for PM2.5 and NO2 in the models for depression, moving averages of lag36 for
PM2.5 and moving averages of lag02 for NO2 in the models for schizophrenia, and moving
averages of lag36 for PM2.5 in the models for bipolar disorder. Temperature was fitted with a
moving average of lag 0 to lag6 days for all outcomes. Ozone as not associated with any
outcome in preliminary models and was not included in the multi-pollutant models.

Results
Cold temperature had a close to linear dose-response relationship with acute hospital admission
relative risk of depression and schizophrenia across the range of values and a close to linear
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dose-response relationship with the risk of bipolar disorder when temperature was lower than
10 °C.

For example, areas with a higher Hispanic population (>=75th of the total area Hispanic
proportion) and with low education level (>=75th people with <= high school education) were
associated with a lower but non-significant risk of hospitalization for bipolar disorder when
exposed to the same increased levels of PM2.5 (medium to low Hispanic population: 1.66%
(0.84%, 2.48%) vs. high Hispanic population: -0.26% (-2.05%, 1.56%); high education: 1.73%
(0.87%, 2.59%) vs. lower education: 0.04% (-1.68%, 1.78%); interaction: P=0.021; P=0.029;
respectively). NO2 exposure was also associated with a lower and non-significant admission
relative risk increase for schizophrenia in areas with a high Hispanic population (medium to low
Hispanic population: 1.02% (0.46%, 1.58%) vs. high Hispanic population: 0.04% (-1.01%,
1.11%); interaction: P=0.035). Increased levels of cold season ambient temperature were
significant associated with an increased risk of all of the investigated psychiatric health outcomes
in this study. The observed associations remained significant in different subgroups of people.
Specifically, areas with low education amplified the association between cold season temperature
increase and hospital admission for depression while areas with high population density
weakened the link between cold season temperature increase and admission of bipolar disorder.
However, after applying a Bonferroni correction, none of the interactions remained significant
(Bonferroni corrected p value threshold was set at 0.05/8=0.00625).

Discussion
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We also found a significant negative interaction between NO2 and cold season temperature on
the acute admission risk for schizophrenia. We reported a lower distribution range of cold season
temperature in the schizophrenia population compared with the depression and bipolar disorder
populations, indicating the schizophrenia population experienced a colder climate in cold seasons
in general (Table 1). The interaction effect we identified here could be due to that when people
were exposed to lower ambient temperature, they were also exposed to a lowered atmospheric
mixing height. The lowered mixing height further compressed the concentrations of surface air
pollutants (especially for traffic emissions that are in high correlation with NO 2, such as PAHs
and ultrafine particles). As a possible consequence, the admission risk for schizophrenia got
more elevated because people were also exposed to elevated levels of companion traffic source
pollutants. This increase in the NO2 effect with colder temperatures would appear as a negative
interaction with temperature increases. Another possible reason is that due to the heavier use of
combustion power plants for wintertime residential heating, we actually observed higher levels
of NO2 in the cold season with colder temperature leading to excess emission of heating related
NO2. The negative interaction between PM2.5 and NO2 on depression admission is also
interesting. However, it remains unclear why we additionally observed this negative gas-particle
interaction. It could be that the effect interaction between PM 2.5 and NO2 is antagonistic in
triggering the depressive episode. Another proposed hypothesis is that when NO 2 level is high
(usually in the cold season), the particulate matter in the air tends to be primary particles that are
emitted directly from the sources, such as power plants or heating or traffic (what happens in the
winter when mixing heights and photochemistry are low). When NO 2 level is low (usually in the
warm season), temperature tends to be higher and results in more photochemical reactions of the
air. Therefore, secondary particles are at a higher proportion of particles in the warm seasons. It
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could be that secondary particles, in comparison with primary particles, are more harmful for the
brain and related psychiatric outcomes. However, related evidence on the different toxicities of
primary and secondary particles is still lacking. Further studies are needed to test this gas-particle
interaction on mental health outcomes.

Area education level is another potential modifier. We have shown that areas with higher
proportions of people <=high school education (less sufficiently educated areas) experienced a
much higher risk of depression admission when exposed to same levels of cold season
temperature increase. However, on the contrary, it appeared to weaken the positive association
between PM2.5 and hospitalization for bipolar disorder. Besides, community income levels as
well as population density also shifted the effect estimates between different subgroups.

The fact that psychiatric hospitalization risk (we focused on hospitalization) appeared to be
stronger in high education and low poverty communities than in low education and high poverty
communities could be related to the differences in the underlying healthcare seeking awareness
in high SES vs. low SES areas. For example, psychiatric patients who lived in a poor
neighborhood or less educated area may also have less chance of being hospitalized to take care
of their psychiatric outbreak even if they actually need one because their neighbors or family,
community members are less likely to recognize the severity of the mental conditions and take
them to the hospital for inpatient care due to limited mental healthcare seeking awareness. More
studies are needed to validate and explain these effect modification findings.
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eTable 1.1 National and Regional Percent Increase and 95% Confidence Intervals (CI) of
Psychiatric Admission Rate per 5 °C Increase in Cold Season Temperature.
Outcome
Depression

Schizophrenia

Bipolar Disorder

Region
Nation
West
South
Northeast
Midwest
Nation
West
South
Northeast
Midwest
Nation
West
South
Northeast
Midwest
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Percent Increase, % (95% CI)
3.66 (3.06, 4.26)
2.37 (0.57, 4.20)
3.97 (2.97, 4.98)
4.69 (3.50, 5.89)
2.70 (1.59, 3.83)
3.03 (2.04, 4.02)
5.13 (2.41, 7.92)
2.81 (1.03, 4.61)
2.18 (0.42, 3.96)
3.33 (1.39, 5.30)
3.52 (2.38, 4.68)
1.25 (-1.80, 4.40)
3.43 (1.33, 5.58)
4.61 (2.47, 6.80)
3.48 (1.36, 5.65)

eTable 1.2 Model Interaction Results between Pollutant and Temperature.
.
Outcome

Depressionb

Schizophreniac

Bipolar Disorderd

Exposure Interaction
PM2.5 × Temperature (Warm)
PM2.5 × Temperature (Cold)
NO2 × Temperature (Warm)
NO2 × Temperature (Cold)
PM2.5 × NO2
PM2.5 × Temperature (Warm)
PM2.5 × Temperature (Cold)
NO2 × Temperature (Warm)
NO2 × Temperature (Cold)
PM2.5 × NO2
PM2.5 × Temperature (Warm)
PM2.5 × Temperature (Cold)
PM2.5 × NO2

Beta Coefficient
-4.02E-05
7.74E-06
-1.78E-05
-3.65E-05
-4.74E-05
-4.78E-06
6.15E-05
4.45E-05
-1.80E-04
3.45E-05
-1.34E-06
1.62E-04
-2.53E-05

a

Standard Error
3.55E-05
5.05E-05
3.02E-05
3.29E-05
1.81E-05
6.40E-05
8.26E-05
4.42E-05
4.67E-05
3.78E-05
6.98E-05
1.18E-04
3.56E-05

P valuea
0.258
0.878
0.557
0.268
0.009
0.941
0.457
0.313
<0.001
0.361
0.985
0.171
0.477

P value is model p value for interaction terms;
for depression, based on significant lag period, moving average of lag0 to lag2 day PM2.5 and
NO2 exposure was applied;
c for schizophrenia, based on significant lag period, moving average of lag3 to lag6 day PM
2.5
and of lag0 to lag2 day NO2 exposure was applied;
d for bipolar disorder, based on significant lag period, moving average of lag3 to lag6 day PM
2.5
was applied, and in the examination of pollutant interaction, same lag period of lag3 to lag6 day
NO2 exposure was applied.
b
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eTable 1.3 Percent Increase and 95% Confidence Intervals (CI) of Psychiatric Admission
Rate per 5 Units Increase in PM2.5, NO2 and Cold Season Temperature (Subgroup Results).
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eTable 1.3 Percent Increase and 95% Confidence Intervals (CI) of Psychiatric Admission
Rate per 5 Units Increase in PM2.5, NO2 and Cold Season Temperature (Subgroup Results).
(Continued)

a

Percent Increase % and its 95% Confidence Interval (CI);
Reference group.
P value marked with * indicated a significant difference between estimates in the contrasting
subgroups (P<0.05, without Bonferroni correction).
b
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eTable 1.4 Model Coefficient, Significance and Percent Increase (95% Confidence Interval,
CI) in Targeted Psychiatric Admission Rate per 5 Units Increase in PM2.5 (g/m3),
NO2(ppb) and Warm/Cold Season Temperature (°C) (Fully Adjusted Model Results).
Outcome

Exposure

Coefficient

SEa

Pb

Depression

pm25lag02d
pm25lag36e
no2lag02f
no2lag36g
warmtemph
coldtempi
pm25lag02
pm25lag36
no2lag02
no2lag36
warmtemp
coldtemp
pm25lag02
pm25lag36
no2lag02
no2lag36
warmtemp
coldtemp

0.001300
0.000083
0.000738
-0.000445
0.000593
0.007219
0.000025
0.001460
0.001260
0.000122
-0.001452
0.005960
-0.000846
0.002908
0.000910
-0.000657
-0.000760
0.006894

0.000406
0.000445
0.000326
0.000362
0.000765
0.000590
0.000690
0.000758
0.000502
0.000559
0.001265
0.000977
0.000737
0.000797
0.000567
0.000629
0.001279
0.001134

0.001
0.852
0.024
0.219
0.438
<0.001
0.972
0.054
0.012
0.827
0.251
<0.001
0.251
<0.001
0.109
0.296
0.552
<0.001

Schizophrenia

Bipolar Disorder

a

Percent Increasec, %
(95% CI)
0.65 (0.25, 1.05)
0.04 (-0.39, 0.48)
0.37 (0.05, 0.69)
-0.22 (-0.58, 0.13)
0.30 (-0.45, 1.05)
3.68 (3.08, 4.28)
0.01 (-0.66, 0.69)
0.73 (-0.01, 1.48)
0.63 (0.14, 1.13)
0.06 (-0.49, 0.61)
-0.72 (-1.95, 0.51)
3.03 (2.04, 4.02)
-0.42 (-1.14, 0.30)
1.46 (0.68, 2.26)
0.46 (-0.10, 1.02)
-0.33 (-0.94, 0.29)
-0.38 (-1.62, 0.88)
3.51 (2.36, 4.66)

Standard error (SE) of model coefficient for each exposure;
coefficient significance p value generated for each exposure;
c Percent Increase % and its 95% Confidence Interval (CI);
d Moving average of lag0 to lag2 day PM
2.5 exposure;
e Moving average of lag3 to lag6 day PM
2.5 exposure;
f Moving average of lag0 to lag2 day NO exposure;
2
g Moving average of lag3 to lag6 day NO exposure;
2
h
Moving average of lag0 to lag6 day temperature exposure in warm season (Month: 4-9);
i Moving average of lag0 to lag6 day temperature exposure in cold season (Month: 1-3, 10-12).
b Model
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eTable 1.5 E-values (95% Confidence Interval) at Risk Ratio Scale for Estimation of
Associations in Main Analyses.
Outcome

Exposure

Depression

PM2.5
NO2
Temperature (warm)
Temperature (cold)
PM2.5
NO2
Temperature (warm)
Temperature (cold)
PM2.5
Temperature (warm)
Temperature (cold)

Schizophrenia

Bipolar
Disorder

Relative Risk
(95% CI)
1.0062 (1.0023, 1.0102)
1.0035 (1.0003, 1.0066)
1.003 (0.9956, 1.0106)
1.0366 (1.0306, 1.0426)
1.0077 (1.0011, 1.0144)
1.0064 (1.0020, 1.0108)
0.9928 (0.9807, 1.0051)
1.0303 (1.0204, 1.0402)
1.0119 (1.0049, 1.019)
0.9957 (0.9834, 1.0081)
1.0352 (1.0238, 1.0468)

a E-value

Main Analyses
Percent Increase,
% (95% CI)
0.62 (0.23, 1.02)
0.35 (0.03, 0.66)
0.30 (-0.44, 1.06)
3.66 (3.06, 4.26)
0.77 (0.11, 1.44)
0.64 (0.20, 1.08)
-0.72 (-1.93, 0.51)
3.03 (2.04, 4.02)
1.19 (0.49, 1.90)
-0.43 (-1.66, 0.81)
3.52 (2.38, 4.68)

E-valuea
(95% CIb, Risk Ratio)
1.0852 (1.0503, -)
1.0628 (1.0176, -)
1.0579 (1.0000, -)
1.2314 (1.2082, -)
1.0958 (1.0343, -)
1.0867 (1.0468, -)
1.0927 (-, 1.0000)
1.2070 (1.1648, -)
1.1216 (1.0751, -)
1.0702 (-, 1.0000)
1.2261 (1.1799, -)

defined as the minimum strength of association on the risk ratio scale that an
unmeasured confounder would need to have with both the treatment and the outcome to fully
explain away a specific exposure-outcome association, conditional on the measured covariates.
(https://cran.r-project.org/web/packages/EValue/index.html; VanderWeele, T. J., & Ding, P.
(2017). Sensitivity analysis in observational research: introducing the E-value. Annals of internal
medicine, 167(4), 268-274.)
b 95% confidence interval of E values, some missing upper bound and some missing lower
bound, depending on the direction of associations.
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eTable 1.6 Percent Increase (95% Confidence Interval, CI) in Admission Rate for Targeted
Psychiatric Disorders per 5 Units Increase in PM2.5 (g/m3), NO2(ppb) and Warm/Cold
Season Temperature (°C) Based on Multi-Pollutant-Temperature Model (Main
Adjustment, Alternative Adjustment for Specific Humidity, Moving Average of Lag0 to
Lag3 Day Temperature)
Main
Outcome

Exposure

Depression

PM2.5
NO2
Temperature (warm)
Temperature (cold)
PM2.5
NO2
Temperature (warm)
Temperature (cold)
PM2.5
Temperature (warm)
Temperature (cold)

Schizophrenia

Bipolar
Disorder

Percent Increase a,
% (95% CI)
0·62 (0·23, 1·02)
0·35 (0·03, 0·66)
0·30 (-0·44, 1·06)
3·66 (3·06, 4·26)
0·77 (0·11, 1·44)
0·64 (0·20, 1·08)
-0·72 (-1·93,0·51)
3·03 (2·04, 4·02)
1·19 (0·49, 1·90)
-0·43 (-1·66,0·81)
3·52 (2·38, 4·68)

a Percent

Adjusted for
Specific Humidity
Percent Increase b,
% (95% CI)
0.63 (0.24, 1.03)
0.37 (0.05, 0.69)
0.26 (-0.81, 1.34)
3.97 (2.79, 5.16)
0.77 (0.10, 1.44)
0.67 (0.23, 1.11)
-0.03 (-1.78, 1.76)
4.39 (2.36, 6.46)
1.17 (0.50, 1.85)
-0.62 (-2.36, 1.15)
2.65 (0.71, 4.62)

Adjusted for
Temperature Lag0-3
Percent Increase c,
% (95% CI)
0.58 (0.19, 0.97)
0.32 (0.00, 0.63)
-0.10 (-0.75, 0.56)
2.83 (2.31, 3.36)
0.80 (0.14, 1.47)
0.61 (0.17, 1.06)
-0.45 (-1.52, 0.63)
2.47 (1.60, 3.34)
1.23 (0.57, 1.91)
-0.23 (-1.30, 0.85)
2.12 (1.25, 3.00)

Increase per 5 units increase in pollutants and ambient temperature, adjusted for
concurrent exposures of air pollutants (PM2.5, NO2, Warm/Cold Season Temperature and
Precipitation for moving average of lags of choice – see Methods);
b Percent Increase per 5 units increase in pollutants and ambient temperature, adjusted for
concurrent exposures of air pollutants (PM2.5, NO2, for moving average of lags of choice, and
moving average of lag0 – lag6 day warm/cold season temperature and specific humidity);
c Percent Increase per 5 units increase in pollutants and ambient temperature, adjusted for
concurrent exposures of air pollutants (PM2.5, NO2, Warm/Cold Season Temperature and
Precipitation for moving average of lags of choice, in particular in this case, moving average of
lag0 to lag3 day temperature was adjusted instead of lag0 – lag6).
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eTable 1.7 Percent Increase (, 95% Confidence Interval, CI) in Admission Rate for
Targeted Psychiatric Disorders per 5 Units Increase in Warm/Cold Season Temperature
(°C) Based on Temperature-Only Model Adjusted for Precipitation
Outcome
Depression
Schizophrenia
Bipolar Disorder

Exposure
Temperature (warm)
Temperature (cold)
Temperature (warm)
Temperature (cold)
Temperature (warm)
Temperature (cold)

a Percent

Percent Increase a, % (95% CI)
0.50 (-0.24, 1.24)
3.71 (3.11, 4.31)
-0.58 (-1.80, 0.65)
3.14 (2.16, 4.13)
-0.24 (-1.47, 1.00)
3.00 (2.01, 4.01)

Increase per 5 units increase in warm and cold season ambient temperature (based on
model with moving average of lag0 – lag6 day warm/cold season temperature and precipitation).
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eTable 1.8 Pollutants Levels in Warm vs. Cold Season and Cold/Warm Ratio.
Exposures
PM2.5
NO2
Ozone
a

Cold season
Mean (SD a)
10.6 (6.9)
23.7 (14.0)
32.0 (10.2)

Warm season
Mean (SD)
11.5 (7.0)
19.4 (13.5)
45.0 (13.2)

Standard deviation (SD).
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Cold/warm mean ratio
0.92
1.22
0.71

eFigure 1.1 Distributed Lag of Model Coefficients and 95% Confidence Interval (CI) of
PM2.5, Ozone and NO2 on Psychiatric Disorder Admission Risk (Single Pollutant
Constrained Distributed Lag Model Results).

beta represented model coefficient generated for each pollutant; L0-L6 indicated lag0 day to lag6
day; cum represented cumulative lag0-6.
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eFigure 1.2 Distributed Lag of Model Coefficients and 95% Confidence Interval (CI) of
PM2.5 and NO2 on Psychiatric Disorder Admission Risk (Mutually Adjusted Constrained
Distributed Lag Model Results).

beta represented model coefficient generated for each pollutant; L0-L6 indicated lag0 day to lag6
day; cum represented cumulative lag0-6.
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eFigure 1.3 Distributed Lag of Model Coefficients and 95% Confidence Interval (CI) of
Warm/Cold Season Temperature on Psychiatric Disorder Admission Risk (Single
Temperature Constrained Distributed Lag Model Results).

beta represented model coefficient generated for temperature; L0-L6 indicated lag0 day to lag6
day; cum represented cumulative lag0-6.
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eFigure 1.4 Correlations Among Ambient Exposures in Warm vs. Cold Seasons

The correlation plot showed the spearman correlation coefficients for each pair of same day
ambient exposures including fine particulate matter (PM 2.5), ozone (O3), nitrogen dioxide (NO2)
and temperature (Temp). Blue circles/numbers represent positive correlation coefficients while
red ones indicate negative correlation coefficients. The darker the color is, the higher the
corresponding correlation coefficient is.
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APPENDIX B
eMethods
HCUP is a federal-state-industry partnership in health data sponsored by the Agency for
Healthcare Research and Quality in the US. The SIDs are high-coverage statewide inpatient
databases which include hospital inpatient data from participating states regardless of the
expected payer, including but not limited to Medicare, Medicaid, private insurance, self-pay, or
those billed as ‘no charge’. Together, the SIDs encompass about 97 percent of all U.S.
community hospital discharges among the 49 participating states

In the included states of this study, for MD, residential address ZIP code information is only
available after 2008 and admission year information is only available after 2009. For NJ,
admission year information is only available after 2008.

Area-level annual socioeconomic status(SES) factors at the ZIP Code Tabulation Areas
(ZCTAs) were obtained and linked with the admission file based on residential ZIP code (crosswalked to ZCTAs) and calendar year, including ZIP code level poverty rate, rate of population
with high school education or less, and ambulatory visit level as an indicator for healthcare
access. For poverty rate and rate of population with high school education or less, linear
interpolation was applied between US Census 2000 and 2010.(65, 66) After 2010, data was
obtained from the American Community Survey (ACS).(67) Annual area-level ambulatory visit
level was obtained from the Dartmouth Health Atlas.(115) As a proxy for urbanity, we
additionally control for ZIP code level population density processed from 30 seconds (~1km)
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gridded population density data, which were derived from the NASA Socioeconomic Data and
Applications Center (SEDAC) Gridded Population of the World (GPWv4).(116)

Sensitivity and sub-analyses were conducted by: 1) trying alternative cut-off levels of 14C,
16C, 17C, 18C for piecewise temperature fitting; 2) additionally adjusting for area-level
smoking rate and Index of Concentration at the Extremes (117, 118) (high income white
households versus low income black households, proxy for within community psychosocial
stress); 3) conducting step-by-step multi-exposure modeling; 4) presenting relative risks of total
psychiatric hospitalization from air pollutants in different climatic conditions (High vs. Low
climatic conditions were defined using the median percentile cutoff of each climatic measure,
High: >=50%, Low: <50%); 5) conducting single-exposure modeling adjusted for same
covariates; 6) trying alternative minimum population truncation by 250 and 500 residents; 7)
trying NO2/Precipitation exposure upper extremes truncation (<99th).
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eDiscussion
We have conducted a series of sensitivity analyses using 14 C, 16 C,17 C,18 C as alternative
cutoff points to 15 C and ran the temperature piecewise models again. Results showed that after
15 C, starting from 16 ºC, low range temperature started to show positive signal with admission
risk as well, indicating that the choice of 15 C was reasonable and levels above that could
induce harmful associations with the outcome. In another way, this means that close to null
associations were found for low temperature range before 15 ºC, but additional temperature
increases above 15 ºC started to add more harmful effect to it.

Our exposure-response curves (eFigure 2.2) showed some non-linear patterns between the
ambient exposure levels and relative risk of total psychiatric admission across the full exposure
distributions. However, for exposure range with the majority of data, we found that levels of
long-term average PM2.5 and solar radiation intensity followed a close to linear relationship with
the total psychiatric admission risk while temperature showed a piecewise linear relationship
with a cutoff around 15 C. Similarly, for the majority of the data, precipitation followed a linear
relationship with outcome risk although the response shape flattened at the upper extremes. The
response pattern for NO2 also showed nonlinearity at extreme values. When we excluded the
upper 99th percentile for NO2, the curve became U shaped. This U shaped exposure-response
curve is somewhat consistent with the findings Gu et al, although they were looking into shortterm associations.(119) It should be noted that the lack of data in the lower and/or upper ranges
of a continuous exposure often result in poorly constrained exposure-response curves. In this
study, the effect estimates we reported for the linear term fitted main models were presenting
overall associations in the total population. Sensitivity analysis showed that results remained
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robust after excluding upper extremes of right skewed NO2 and precipitation data (including
<99th)

In our investigation of possible interaction between air pollution and climate conditions on
psychiatric admission risk, we found that the associations between gaseous pollutant NO2 and
total psychiatric admission risk were significantly strengthened in areas with lower temperature,
precipitation and less sunlight exposure. This finding suggests that climate does interact with
NO2, on mental health risk.

Unlike depression, bipolar and psychotic individuals can both have manic, more aggressive
episodes that are more easily identified as requiring hospitalization. It is possible that NO 2 has
the potential to trigger manic episodes in bipolar and psychotic patients but not depressive
episodes. The associations between NO2 and depressive episodes may not be that apparent and
can be further modified by some strong protective factors (such as less social isolation, more
leisure and social activities, etc.) for depression in the areas with high NO 2 levels (usually large
urban areas). As for precipitation, evidence has shown that increased rainfall/cloudiness/lack of
sunlight could contribute to increased risk of depressive feelings.(120, 121) It could be that
increased precipitation adds to the risk of having depressive episodes in depression patients, yet
being heavily depressed and less active from exposure to precipitation disables them to seek
related hospitalization as they would when they have the energy to do that. However, this does
not explain why we still see a significant and harmful association between precipitation and
bipolar hospitalization. Increase precipitation is also a contributor to fewer health seeking
behaviors and more time indoors, which can affect people’s psychiatric hospitalization behaviors
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as well.

Residual confounding is possible from area-level greenness coverage, especially on

risk of depressive disorders. Potential bias from collinearity among multiple ambient exposures
is also possible. However, NO2 remains significantly negatively associated with depressive
hospitalization in our sensitivity analyses of single-exposure modeling.

Although we showed a close to null association between temperature increase below 15 C
and total psychiatric admission risk, it is still likely to have protective or harmful effects of
temperature increase in the lower temperature range on different disorder-specific hospitalization
if the effect of temperature follows different dose-response relationships. The protective effects
of temperature increase (below 15 C) and then harmful (above 15 C) on bipolar and depressive
disorder-related hospitalization could indicate a possible optimal temperature level at around 15
C for these two sub-outcomes while there may not be such an optimal level for psychotic
hospitalization. Similarly, the opposite associations between different temperature strata (below
15 C vs. above 15 C) and total psychiatric hospitalization risk in adults and elderly can also
indicate a possible U shape temperature-response relationship in these two groups.

Children and elderly were observed to be more sensitive to increase in NO 2, temperature
increase and solar radiation in terms of total psychiatric admission risk. Similar patterns have
been examined in previous studies looking at other health outcomes due to their physiological
vulnerabilities.(122) Our findings also support their higher psychiatric health vulnerability to the
ambient environment. The fact that we observed harmful associations with PM 2.5 only in the
adults and elderly, and harmful associations with precipitation increase only in the younger ages
could indicate higher sensitivity of adults to fine particulate matter and higher sensitivity of
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younger ages to precipitation. Further studies are needed to test these findings. In addition, the
confounding structure could be different for the younger population in terms of the associations
between ambient exposures and risk of psychiatric admission as compared to adults and elderly.
Residual confounding is possible. There could also be strong unknown protective modifiers that
correlated with PM2.5 and were more prevalent among the younger age groups.

Although related epidemiological studies are increasing in recent years, we found it difficult to
have a directly comparable study to ours in terms of the exposure windows, outcome, study
population/locations as well as co-exposure and confounding adjustment. First, the current
evidence on exposure to fine particulate matter or other exposures (including NO 2) with mental
hospital admissions is more commonly investigated in short-term periods using a time series or
case-crossover study design to see if there are acute effects of air pollution on psychiatric
episodes or symptom changes. Second, many of the existing air pollution focused studies have
not considered the role of long-term exposure to changes in precipitation and sunlight and did
not control for them in their modeling. Most of the psychiatric hospital admission based studies
were conducted primarily in adults and elderly, but not younger population.

117

eTable 2.1 Associations Between Ambient Exposures in Different Lag Windows (Lag0Lag2) and Relative Risks of Total Psychiatric Hospitalization in Total Population
Lag Window a

Lag0

Lag1

Lag2

Ambient Exposure
PM2.5
NO2
Temperature
Precipitation
Shortwave radiation
PM2.5
NO2
Temperature
Precipitation
Shortwave radiation
PM2.5
NO2
Temperature
Precipitation
Shortwave radiation

Estimate b
0.0119
0.0001
0.0596
0.0145
-0.0504
0.0098
0.0016
0.0447
0.0144
-0.0439
0.0109
0.0018
0.0408
0.0072
-0.0244

S.E. c
0.0018
0.0006
0.0082
0.0051
0.011
0.0018
0.0006
0.0083
0.0051
0.0108
0.0018
0.0005
0.0081
0.0052
0.0114

IQR d
3.5
14.2
361.9
23.8
3.6
14.8
361.9
23.8
3.9
15.4
361.9
23.8

RR (95% CI) e
1.04 (1.03, 1.05)
1.00 (0.99, 1.02)
1.06 (1.04, 1.08)
1.01 (1.00, 1.02)
0.96 (0.95, 0.98)
1.04 (1.02, 1.05)
1.02 (1.01, 1.04)
1.05 (1.03, 1.06)
1.01 (1.00, 1.02)
0.97 (0.95, 0.98)
1.04 (1.03, 1.06)
1.03 (1.01, 1.04)
1.04 (1.03, 1.06)
1.01 (1.00, 1.02)
0.98 (0.96, 1.00)

Pf
<0.001
0.898
<0.001
0.004
<0.001
<0.001
0.005
<0.001
0.005
<0.001
<0.001
0.001
<0.001
0.165
0.032

Note, a Lag Window is exposure lag window from lag0 (the current admission year) to lag2 (two
years before the admission year); b Estimate is coefficient estimate of each ambient exposure
from multi-exposure model for the lag window period; c S.E. is the standard error of the
coefficient estimate of each ambient exposure from multi-exposure model for the lag window
period; d IQR is the interquartile range of the exposures; e RR (95% CI) is the relative risk of
total psychiatric hospitalization reported per IQR increase in PM2.5 (g/m3) and NO2 levels (ppb),
per 1 standard deviation (SD) increase from the mean of annual average temperature (ºC), annual
cumulative precipitation (m) and annual average daily solar shortwave radiation (W/m2) over the
specific exposure lag window; f P is the t test p value for the significance of the estimated
coefficients.
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eTable 2.2 Additional Psychiatric Admission Counts, Attributable Risk Percentages and
Admission Cost Related to Increase in Air Pollution Levels a (PM2.5 and NO2)
Characteristics

Estimate

Lower

Upper

related additional admissions b - PM2.5

174,268

117,072

230,686

related additional admissions - NO2

111,809

38,643

183,725

attributable risk % - PM2.5

4.03%

2.71%

5.34%

attributable risk % - NO2

2.59%

0.89%

4.25%

related additional cost - PM2.5

4,039,528,961

2,713,718,032

5,347,305,945

related additional cost - NO2

2,591,733,241

895,748,208

4,258,748,445

related additional cost - PM2.5 + NO2
related additional cost - PM2.5 per year c

6,631,262,202
269,301,931

3,609,466,240
180,914,535

9,606,054,390
356,487,063

related additional cost - NO2 per year

172,782,216

59,716,547

283,916,563

related additional cost - PM2.5 + NO2 per year

442,084,147

240,631,083

640,403,626

Note: a Related estimates were calculated per interquartile increase in moving averages of past
three year annual air pollution levels of PM2.5 (3.6 g/m3) and NO2 (14.6 ppb) across 200022016 over included ZIP code areas of the 8 states (AZ, MD, MI, NC, NJ, NY, RI, WA); b
additional admission counts increase related to each air pollutant were computed using the
attributable risk difference (ARD), which equals to the total psychiatric admissions observed in
our study population multiply by (RR-1)/RR over the study period of 2002-2016; c annual
average estimates averaged per year over 2002-2016.
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eTable 2.3 Relative Risks of Total Psychiatric Hospitalization from Ambient Pollutants and
Climatic Conditions in Sub-Populations by Age, Sex Groups and Area Poverty Status
Characteristics

RR a (95% CI)

Pb

RR (95% CI）

P

RR (95% CI）

PM2.5

NO2

Temperature
(<=15ºC)

Children (<=9 yrs.)

0.87 (0.85, 0.90)

1.24 (1.20, 1.28)

1.05 (1.04, 1.06)

Adolescents (10-19 yrs.)

0.86 (0.85, 0.87)

1.09 (1.07, 1.12)

1.00 (0.99, 1.01)

Young Adults (20-29 yrs.)

0.96 (0.94, 0.97)

Adults (30-64 yrs.)

1.12 (1.10, 1.13)

1.06 (1.04, 1.07)

0.97 (0.97, 0.97)

Elderly (>=65 yrs.)

1.19 (1.18, 1.21)

1.22 (1.20, 1.24)

0.96 (0.96, 0.97)

Exposure

P

Age

0.97 (0.95, 0.98)

<0.001

<0.001

0.96 (0.95, 0.96)

<0.001

Sex
Males

1.02 (1.00, 1.03)

1.14 (1.12, 1.16)
<0.001

Females

0.99 (0.99, 1.00)
<0.001

1.07 (1.05, 1.08)

0.99 (0.97, 1.00)

0.085
0.99 (0.98, 0.99)

Area Poverty c
Less Poor Areas

1.03 (0.98, 1.09)

1.12 (0.86, 1.45)
<0.001

1.00 (0.99, 1.00)
<0.001

0.332

Poor Areas

1.34 (1.26, 1.43)

2.97 (2.15, 4.09)

1.00 (0.99, 1.01)

Exposure

Precipitation

Solar Radiation

Temperature
(>15ºC)

Children (<=9 yrs.)

1.15 (1.13, 1.18)

0.94 (0.91, 0.96)

1.05 (1.03, 1.07)

Adolescents (10-19 yrs.)

1.06 (1.05, 1.08)

0.98 (0.96, 0.99)

1.03 (1.02, 1.04)

Young Adults (20-29 yrs.)

1.04 (1.02, 1.05)

Adults (30-64 yrs.)

0.98 (0.97, 0.99)

0.96 (0.94, 0.98)

1.01 (1.01, 1.02)

Elderly (>=65 yrs.)

0.90 (0.89, 0.91)

0.88 (0.86, 0.90)

1.04 (1.03, 1.05)

Age

1.02 (1.00, 1.04)

<0.001

<0.001

1.00 (0.99, 1.01)

<0.001

Sex
Males

1.01 (1.00, 1.02)

0.98 (0.97, 1.00)
0.060

Females

1.02 (1.01, 1.02)
<0.001

1.00 (0.99, 1.01)

0.96 (0.94, 0.98)

<0.001
1.05 (1.04, 1.05)

Area Poverty
Less Poor Areas

1.02 (1.01, 1.03)

1.02 (0.99, 1.04)
<0.001

Poor Areas

1.02 (1.01, 1.03)
<0.001

0.98 (0.97, 1.00)

0.90 (0.88, 0.92)

<0.001
1.06 (1.05, 1.07)

Note, a Relative risks (RR) with 95% confidence interval of total psychiatric hospitalization per
interquartile (IQR) increase in PM2.5 (g/m3), NO2 (ppb), cumulative precipitation (m) and solar
shortwave radiation (W/m2) level, and per 1 ºC increase in ambient temperature over the past
three years; b P is the p value based on testing overall interaction significance for the modifier 
exposure term via likelihood ratio test; c less poor areas are areas with poverty rate below the
upper 33% percentile, poor areas are areas with poverty rate above the upper 33% percentile.
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eTable 2.4 Relative Risks of Total Psychiatric Hospitalization from Temperature Increase
in Total Study Population (Alternative Temperature Cutoff Levels)
RR a (95% CI)

Temperature Range
14 ºC
<=14 ºC
>14 ºC

0.99 (0.99, 1.00)
1.04 (1.03, 1.05)
15 ºC (main)

<=15 ºC
>15 ºC

1.00 (0.99, 1.00)
1.04 (1.03, 1.04)
16 ºC

<=16 ºC
>16 ºC

1.00 (1.00, 1.01)
1.04 (1.02, 1.05)
17 ºC

<=17 ºC
>17ºC

1.00 (1.00, 1.01)
1.04 (1.02, 1.05)
18 ºC

<=18 ºC
>18 ºC

1.01 (1.00, 1.01)
1.03 (1.02, 1.05)

Note, a Relative risks (RR) are reported per 1 ºC increase of annual average ambient temperature.
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eTable 2.5 Relative Risks of Total Psychiatric Hospitalization from Ambient Exposures in
Total Study Population (Additionally Adjustment of Area-Level Smoking Rate and Index
of Concentration at the Extremes (high income white households versus low income black
households)
Exposures

PM2.5
NO2
Temperature (<=15ºC)
Temperature (>15ºC)
Precipitation
Solar radiation

Adjusted for
smoking rate a
RR c (95% CI)
1.06 (1.04, 1.07)
1.04 (1.02, 1.06)
1.00 (0.99, 1.00)
1.03 (1.02, 1.04)
1.01 (1.00, 1.02)
0.98 (0.96, 1.00)

Adjusted for
ICEwbinc b
RR (95% CI)
1.05 (1.04, 1.06)
1.02 (1.01, 1.04)
1.01 (1.00, 1.01)
1.04 (1.03, 1.05)
1.02 (1.01, 1.03)
0.98 (0.97, 1.00)

Adjusted for
smoking rate + ICEwbinc
RR (95% CI)
1.06 (1.05, 1.07)
1.03 (1.01, 1.05)
1.01 (1.00, 1.01)
1.03 (1.02, 1.05)
1.02 (1.01, 1.03)
0.98 (0.97, 1.00)

Note, a ZIP code annual smoking rate, data source: CDC The Behavioral Risk Factor
Surveillance System (BRFSS). b Index of Concentration at the Extremes (high income white
households versus low income black households*), data source: Krieger N, Chen JT, Waterman
PD. Using the methods of the Public Health Disparities Geocoding Project to monitor COVID19 inequities and guide action for social justice. Available as of May 15, 2020
at: https://www.hsph.harvard.edu/thegeocodingproject/covid-19-resources/; c Relative risks
(RR) with 95% confidence interval of total psychiatric hospitalization per interquartile (IQR)
increase in PM2.5 (g/m3), NO2 (ppb), cumulative precipitation (m) and solar shortwave radiation
(W/m2) level, and per 1 ºC increase in ambient temperature; Exposure window for all ambient
exposures is moving average of annual exposure level over the past three years.
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eTable 2.6 Relative Risks of Total Psychiatric Hospitalization from Ambient Exposures in
Total Study Population (Step-by-Step Multi-Exposure Modeling Results)
Exposure of Interest
PM2.5

Model Setting
PM2.5
PM2.5 + NO2
PM2.5 + NO2 + Temp b
PM2.5 + NO2 + Temp + Prcp c
PM2.5 + NO2 + Temp + Prcp + Srad

RR a (95% CI)
1.06 (1.05, 1.07)
1.05 (1.04, 1.06)
1.04 (1.02, 1.05)
1.04 (1.03, 1.05)
1.04 (1.03, 1.06)

d

NO2

Temperature (<=15ºC)

Temperature (>15ºC)

NO2
NO2 + PM2.5
NO2 + PM2.5 + Temp
NO2 + PM2.5 + Temp + Prcp
NO2 + PM2.5 + Temp + Prcp + Srad
Temp
Temp + Prcp
Temp + Prcp + Srad
Temp + Prcp + Srad + PM2.5 + NO2
Temp
Temp + Prcp
Temp + Prcp + Srad
Temp + Prcp + Srad + PM2.5 + NO2

1.06 (1.05, 1.07)
1.05 (1.03, 1.06)
1.03 (1.01, 1.05)
1.03 (1.01, 1.05)
1.03 (1.01, 1.04)
1.00 (1.00, 1.01)
1.01 (1.00, 1.01)
1.00 (1.00, 1.01)
1.00 (0.99, 1.00)
1.04 (1.03, 1.05)
1.04 (1.03, 1.05)
1.04 (1.03, 1.05)
1.04 (1.03, 1.04)

Note, a Relative risks (RR) of total psychiatric hospitalization per interquartile (IQR) increase in
PM2.5 (g/m3) and NO2 (ppb) levels, per 1 C increase in ambient temperature levels. Exposure
window for all ambient exposures is moving average of annual exposure level over the past three
years. b Temp, annual average temperature; c Prcp, annual cumulative precipitation; d Srad,
annual average solar radiation intensity.
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eTable 2.7 Relative Risks of Total Psychiatric Hospitalization from Air Pollutants in
Different Climatic Conditions among Total Study Population
Interaction of
Interest
Temperature *
Pollutant

Precipitation *
Pollutant

Solar Radiation *
Pollutant

Pollutant in High vs. Low Climatic
Conditions a
PM2.5 (Low Temperature)
PM2.5 (High Temperature)
NO2 (Low Temperature)
NO2 (High Temperature)
PM2.5 (Low Precipitation)
PM2.5 (High Precipitation)
NO2 (Low Precipitation)
NO2 (High Precipitation)
PM2.5 (Low Solar Radiation)
PM2.5 (High Solar Radiation)
NO2 (Low Solar Radiation)
NO2 (High Solar Radiation)

RR b (95% CI)
1.03 (1.01, 1.05)
1.05 (1.02, 1.08)
1.13 (1.11, 1.16)
0.97 (0.93, 1.01)
1.02 (1.00, 1.04)
1.03 (1.00, 1.06)
1.08 (1.06, 1.11)
0.96 (0.93, 0.99)
1.02 (1.00, 1.04)
1.02 (0.99, 1.05)
1.15 (1.13, 1.18)
0.89 (0.86, 0.92)

Interaction
P
0.105
<0.001
0.313
<0.001
0.956
<0.001

Note, a High vs. Low climatic conditions were defined using the median percentile cutoff of each
climatic measure. (High: >=50%, Low: <50%); b Relative risks (RR) of total psychiatric
hospitalization per interquartile (IQR) increase in PM2.5 (g/m3) and NO2 (ppb) levels (moving
average of annual exposure level over the past three years).
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eTable 2.8 Relative Risks of Psychiatric Hospitalization from Ambient Exposures in Total
Study Population (Single Exposure Modeling Results)
Outcomes

Total

Exposures
PM2.5
NO2
Temperature (<=15ºC)
Temperature (>15ºC)
Precipitation
Solar radiation

RR a (95% CI)
1.06 (1.05, 1.07)
1.06 (1.05, 1.07)
1.00 (1.00, 1.01)
1.04 (1.03, 1.05)
1.03 (1.02, 1.04)
0.91 (0.90, 0.93)

Bipolar
Disorders
RR (95% CI)
1.11 (1.09, 1.12)
1.11 (1.10, 1.13)
1.00 (0.99, 1.00)
1.05 (1.04, 1.06)
1.04 (1.03, 1.05)
0.94 (0.92, 0.96)

Depressive
Disorders
RR (95% CI)
1.01 (0.99, 1.02)
0.97 (0.95, 0.98)
0.98 (0.97, 0.98)
1.02 (1.01, 1.03)
1.01 (1.00, 1.02)
0.93 (0.92, 0.95)

Psychotic
Disorders
RR (95% CI)
1.29 (1.27, 1.31)
1.40 (1.38, 1.43)
1.06 (1.06, 1.07)
1.06 (1.04, 1.07)
0.99 (0.98, 1.01)
0.86 (0.84, 0.88)

Note, a Relative risks (RR) with 95% confidence interval of total psychiatric hospitalization per
interquartile (IQR) increase in PM2.5 (g/m3), NO2 (ppb), cumulative precipitation (m) and solar
shortwave radiation (W/m2) level, and per 1 ºC increase in ambient temperature. Exposure
window for all ambient exposures is moving average of annual exposure level over the past three
years.
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eTable 2.9 Relative Risks of Total Psychiatric Hospitalization from Ambient Exposures in
Total Study Population (Alternative ZIP Code-Year Minimum Population Truncation,
NO2/Precipitation Extremes Truncation)
Exposures

PM2.5
NO2
Temperature (<=15ºC)
Temperature (>15ºC)
Precipitation
Solar radiation

ZIP Code-Year
>250 Residents
RR a (95% CI)
1.04 (1.03, 1.06)
1.03 (1.01, 1.04)
1.00 (0.99, 1.00)
1.04 (1.03, 1.05)
1.01 (1.00, 1.02)
0.97 (0.96, 0.99)

ZIP Code-Year
>500 Residents
RR (95% CI)
1.04 (1.02, 1.05)
1.01 (1.00, 1.03)
1.00 (1.00, 1.01)
1.04 (1.03, 1.05)
1.01 (1.00, 1.02)
0.96 (0.95, 0.98)

NO2, Precipitation
<99th Percentile
RR (95% CI)
1.04 (1.03, 1.05)
1.03 (1.02, 1.05)
1.00 (0.99, 1.00)
1.04 (1.03, 1.05)
1.02 (1.01, 1.03)
0.98 (0.96, 1.00)

Note, a Relative risks (RR) with 95% confidence interval of total psychiatric hospitalization per
interquartile (IQR) increase in PM2.5 (g/m3), NO2 (ppb), cumulative precipitation (m) and solar
shortwave radiation (W/m2) level, and per 1 ºC increase in ambient temperature. Exposure
window for all ambient exposures is moving average of annual exposure level over the past three
years.
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eFigure 2.1 Spearman Correlations Among Ambient Exposures of Interest

Note, PM2.5, fine particulate matter; NO2, nitrogen dioxide; Temp, ambient temperature; Prcp,
precipitation; Srad, solar radiation.
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eFigure 2.2 Ambient Exposures and Total Psychiatric Hospitalization Relative Risk
Exposure - Response Curves with Kernel Density Distribution
A. PM2.5

D. Temperature

B. NO2

C. NO2 (<99th)

E. Precipitation

F. Solar radiation

Note, black line represents the point estimate trend and grey shades represent the 95%
confidence interval trend.
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eFigure 2.3 Proposed Directed Acyclic Graph (DAG) on Studying Epidemiological
Confounding Structure of Ambient Exposures and Mental/Psychiatric Hospitalization

129

eFigure 2.4 Location Map of Included ZIP Code Areas in Study States
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APPENDIX C
Methods – Sample
In the Normative Aging Study, after a participant scheduled his visit, about a month before the
visit, he was mailed the BSI assessment survey along with the many others. Most of the
participants did the assessment in advance of the visit (generally only a few days before) and
brought them with them and some of them did the surveys at the visit. However, there were some
who did not put a date on the survey and the VA staff instead assigned the date of the visit for
the assessment. Other covariates information, such as blood measures, medication use, physical
exams and other demographical variables were still collected at the study visits. In this specific
analysis, we utilized those study visits that successfully collected information on BSI assessment
over the study period of 2000-2014.

Methods –Statistical Analysis (discussion on the confounding structure as provided in
eFigure 3.1)
Based on the DAG shown in eFigure 3.1, in detail, when deciding the list of covariates to adjust
for to study the associations between ambient air pollution, temperature and individual level
psychiatric symptoms, we need to think from the following covariates sets.
1) Area level neighborhood characteristics (such as census tract population density,
median household income and median house value), calendar year, season, ambient coexposures are the key confounders that relate with all of the exposures (single air
pollution measure, temperature) and the outcomes (psychiatric symptom measurements)
since we are studying area-level ambient exposures instead of personal exposure levels in
this study.
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2) We still adjust for the conventional demographical factors (such as age, race,
education, marital status) and BMI in that they could be risk factors for the psychiatric
health status only and do not sit in the middle of the causal pathway from our exposure to
outcome. Therefore, by controlling for them, we have more stabilized and precise effect
estimation.
3) We removed all the physical health conditions that are possibly mediators in the causal
pathway from our ambient exposures to the symptoms scores. Controlling for them
would result in a direct effect of ambient exposures on the outcomes instead of a total
effect.
4) We still kept the key area-level contextual variables because evidence has shown that
they are the biggest confounders in air pollution epidemiology.(123) And this is one
improvement of our paper compared with previous papers.
5) Psychiatric medication use could be a potential mediator from ambient exposures to the
psychiatric symptoms, or it could be a downstream collider if it instead is a downstream
consequence of having abnormal psychiatric symptoms and affected by harmful ambient
exposures. Therefore, to address this, we removed people on medication use in the study
population and were careful about the adjustment for this variable in the analysis.
6) Another interesting covariate set to think about is the role of some behavioral factors
that correlate with psychiatric health conditions. First, we have information on smoking,
drinking and physical activity level at each visit. However, if they are covariates that
happen before the occurrence of symptoms and influence the symptoms, they are similar
to the adjustment of demographical factors, such as age, race, etc. to make the estimation
more stable. Thus, we can additionally adjust for them in the models. But if they instead
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are downstream consequences of having psychiatric problems as indicated by elevated
levels psychiatric symptoms, i.e. people with poor mental health conditions tend to be
less active, stay at home, or self-medicate with alcohol or tobacco (124), controlling for
them would lead to selection bias if they are also correlated with our exposures (such as
air pollution and temperature). Therefore, in the formal analysis, although we presented
the results based on two sets of adjustment (one includes behavioral factors, one not), we
wanted to ask for caution when interpreting the related results when adjusting for the
behavioral factors.

Results – Global Scores
It was not quite straight forward to find a good community reference sample we could use to
compute the T scores for the particular Normative Aging Study (NAS) participants we have. The
NAS sample we have is a group of American older men with >95% being whites and most of
them veterans. What we used was instead all the participants we have in the NAS dataset with
sufficient information on BSI records (>=41 items answered) at their baseline visit (n=1177). We
also tested the likely bias we can have for effect estimates reported on T scores if we used
different community reference samples, such as the Derogatis non-patient reference sample,
which consists of 719 non-psychiatric patient persons with approximately 1:1 male: female ratio
and a median age of 46.0 yrs. It is the community normal sample presented along with the
introduction of BSI measure in 1983 by Dr. Derogatis and coauthors. However, we think it
would not be that ideal to use this in the main analysis since the reference sample here is mixing
male and female and has an average age much younger than our sample. We also tried to test the
possible bias if we instead used the remaining NAS individuals (n=607) with sufficient
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information on BSI but did not enter our study eventually as the NAS 607 reference sample. We
applied their baseline visit scores to inform a NAS study community reference sample. However,
this group of people includes individuals on psychiatric medication use who very much likely
could be psychiatric patients that differed from our study sample (relatively healthy (veteran)
men with no psych medication use). To allow comparison, we repeated the main analysis looking
at different time windows of exposures and GSI/PSDI T scores and observed similar T score
effect estimates using Derogatis non-patient reference sample and the NAS 607 reference
sample to what we reported in the main text (eTable 3.2).

134

eTable 3.1 Brief Symptom Inventory Positive Symptom Distress Index (PSDI) T Score,
Global Severity Index (GSI) T Score and Positive Symptom Total (PST) Difference (with
95% Confidence Interval, CI) per Interquartile Increase of Exposures of Interest (PM2.5 g/m3, O3 - ppb, NO2 - ppb, temperature - C) In Normative Aging Study, 2000-2014.
(Single-Pollutant Model)
Exposure

NO2

O3

PM2.5

Temperature

Estimate a (95% CI)

Estimate a (95% CI)

Estimate a (95% CI)

PSDI T Score b

GSI T Score b

PST b

1Wk

1.26 (0.06, 2.47)

0.20 (-0.88, 1.28)

-0.12 (-1.08, 0.84)

4Wk

1.24 (-0.13, 2.62)

0.37 (-0.87, 1.60)

0.08 (-1.02, 1.18)

8Wk

1.24 (-0.20, 2.67)

0.47 (-0.80, 1.73)

0.18 (-0.95, 1.32)

1Yr

0.56 (-0.89, 2.01)

-0.58 (-1.87, 0.71)

-0.19 (-1.37, 0.99)

1Wk

1.33 (0.46, 2.20)

0.28 (-0.54, 1.09)

-0.19 (-0.90, 0.52)

4Wk

0.97 (0.02, 1.93)

0.03 (-0.86, 0.93)

-0.25 (-1.04, 0.53)

8Wk

0.54 (-0.46, 1.53)

-0.16 (-1.08, 0.76)

-0.23 (-1.03, 0.58)

1Yr

0.63 (-0.57, 1.84)

0.47 (-0.61, 1.55)

-0.09 (-1.06, 0.87)

1Wk

0.13 (-0.54, 0.80)

-0.07 (-0.69, 0.55)

-0.28 (-0.83, 0.27)

4Wk

0.39 (-0.52, 1.29)

0.17 (-0.66, 0.99)

-0.09 (-0.82, 0.64)

8Wk

0.66 (-0.31, 1.62)

0.30 (-0.55, 1.15)

0.05 (-0.70, 0.80)

1Yr

-0.71 (-2.33, 0.91)

-0.21 (-1.71, 1.28)

-0.27 (-1.61, 1.08)

1Wk

0.23 (-1.07, 1.54)

0.55 (-0.62, 1.73)

0.42 (-0.62, 1.45)

4Wk

0.20 (-1.22, 1.62)

0.28 (-1.01, 1.57)

0.25 (-0.88, 1.38)

8Wk

-0.14 (-1.63, 1.34)

-0.21 (-1.56, 1.13)

0.04 (-1.15, 1.23)

1Yr

0.31 (-0.64, 1.27)

0.26 (-0.59, 1.11)

-0.07 (-0.89, 0.74)

Window

Annotation: a Difference in the scores per Interquartile Increase of Exposures of Interest (PM 2.5 g/m3, O3 - ppb, NO2 - ppb, temperature - C);
b Adjusted for calendar year, age, bmi, race, education, marital status, season, census tract
median household income, census tract median value of house, census tract population density.
1Wk, 4Wk, 8Wk and 1Yr means for the exposure windows of average 1 week, 4 weeks, 8 weeks
and one year prior to the visit date.
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eTable 3.2 Brief Symptom Inventory Positive Symptom Distress Index (PSDI) and Global
Severity Index (GSI) T Score Difference (with 95% Confidence Interval, CI) per
Interquartile Increase of Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb,
temperature - C) In Normative Aging Study, 2000-2014. (Multi-Pollutant Model, Using
Different Community Reference Sample to Create T Score)
Exposure

Window

NO2

1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr

O3

PM2.5

Temperature

Derogatis Non-patient Reference
Estimate a
Estimate a
(95% CI)
(95% CI)
GSI T Score b
PSDI T Score b
0.43 (-0.79, 1.66)
1.36 (0.26, 2.46)
0.51 (-0.94, 1.95)
1.45 (0.16, 2.75)
0.36 (-1.14, 1.86)
1.29 (-0.07, 2.65)
-0.48 (-2.02, 1.06)
1.16 (-0.25, 2.57)
0.26 (-0.71, 1.24)
1.41 (0.57, 2.25)
-0.09 (-1.20, 1.02)
1.15 (0.19, 2.11)
-0.14 (-1.31, 1.02)
0.77 (-0.23, 1.78)
0.36 (-0.88, 1.61)
0.88 (-0.27, 2.03)
-0.26 (-1.00, 0.48)
-0.46 (-1.10, 0.18)
0.07 (-0.86, 1.01)
-0.13 (-0.97, 0.70)
0.30 (-0.64, 1.24)
0.29 (-0.57, 1.15)
-0.11 (-1.78, 1.56)
-0.84 (-2.31, 0.64)
0.65 (-0.71, 2.01)
-0.01 (-1.22, 1.21)
0.58 (-1.06, 2.21)
-0.13 (-1.57, 1.31)
0.02 (-1.72, 1.75)
-0.13 (-1.67, 1.40)
0.39 (-0.59, 1.37)
0.30 (-0.57, 1.18)

NAS 607 Reference (Baseline)
Estimate a
Estimate a
(95% CI)
(95% CI)
GSI T Score b
PSDI T Score b
0.40 (-0.72, 1.51)
1.70 (0.33, 3.07)
0.46 (-0.85, 1.78)
1.82 (0.20, 3.44)
0.33 (-1.04, 1.70)
1.61 (-0.09, 3.31)
-0.44 (-1.84, 0.97)
1.50 (-0.31, 3.22)
0.24 (-0.65, 1.13)
1.77 (0.72, 2.81)
-0.08 (-1.10, 0.93)
1.44 (0.24, 2.64)
-0.13 (-1.19, 0.93)
0.97 (-0.29, 2.23)
0.33 (-0.80, 1.47)
1.10 (-0.33, 2.54)
-0.24 (-0.91, 0.44)
-0.57 (-1.37, 0.23)
0.07 (-0.79, 0.92)
-0.17 (-1.21, 0.88)
0.27 (-0.59, 1.13)
0.36 (-0.72, 1.43)
-0.10 (-1.62, 1.42)
-1.05 (-2.89, 0.80)
0.59 (-0.65, 1.83)
-0.01 (-1.52, 1.51)
0.52 (-0.97, 2.02)
-0.16 (-1.96, 1.64)
0.01 (-1.57, 1.60)
-0.17 (-2.08, 1.75)
0.36 (-0.53, 1.25)
0.38 (-0.72, 1.47)

Annotation: a Difference in the T scores per Interquartile Increase of Exposures of Interest
(PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C);
b Adjusted for co-exposures, relative humidity, calendar year, age, bmi, race, education, marital
status, season, census tract median household income, census tract median value of house,
census tract population density. 1Wk, 4Wk, 8Wk and 1Yr means for the exposure windows of
average 1 week, 4 weeks, 8 weeks and one year prior to the visit date. Derogatis non-patient
reference sample consists of 719 non-psychiatric patient persons with approximately 1:1 male :
female ratio and a median age of 46.0 yrs, it is the community normal sample presented along
with the introduction of BSI measure in 1983 by Dr. Derogatis and coauthors. NAS 607
reference sample consists of the 607 BSI participants among our Normative Aging Study sample
excluding the 570 individuals who entered this study. We applied their baseline visit scores to
inform a NAS study community reference sample.
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eTable 3.3 Brief Symptom Inventory Positive Symptom Distress Index (PSDI) T Score,
Global Severity Index (GSI) T Score and Positive Symptom Total (PST) Difference (with
95% Confidence Interval, CI) per Interquartile Increase of Exposures of Interest (PM 2.5 g/m3, O3 - ppb, NO2 - ppb, temperature - C) In Normative Aging Study, 2000-2014.
(Multi-pollutant Model, Including People on Psychiatric Medication)
Psychiatric Medication Use Adjusted
Exposure

NO2

O3

PM2.5

Temperatur
e

a

Estimate (95% CI)

Estimate a (95% CI)

Estimate a (95% CI)

PSDI T Score b

GSI T Score b

PST b

1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk
1Yr
1Wk
4Wk
8Wk

1.14 (0.00, 2.28)
1.51 (0.13, 2.89)
1.24 (-0.21, 2.69)
1.04 (-0.46, 2.54)
1.73 (0.82, 2.64)
1.31 (0.27, 2.35)
0.91 (-0.19, 2.01)
1.33 (0.11, 2.55)
-0.53 (-1.21, 0.16)
-0.12 (-1.00, 0.77)
0.22 (-0.69, 1.13)
-1.25 (-2.81, 0.31)
-0.16 (-1.41, 1.10)
-0.16 (-1.67, 1.36)
-0.37 (-1.97, 1.23)

0.12 (-0.90, 1.15)
0.16 (-1.08, 1.41)
-0.06 (-1.36, 1.23)
-0.80 (-2.14, 0.54)
0.36 (-0.49, 1.20)
-0.07 (-1.05, 0.90)
-0.20 (-1.22, 0.83)
0.23 (-0.88, 1.33)
-0.23 (-0.88, 0.41)
0.09 (-0.72, 0.90)
0.21 (-0.60, 1.02)
0.00 (-1.46, 1.45)
0.24 (-0.90, 1.39)
0.31 (-1.09, 1.71)
-0.15 (-1.63, 1.33)

-0.20 (-1.12, 0.73)
-0.22 (-1.36, 0.91)
-0.43 (-1.62, 0.75)
-0.76 (-1.99, 0.46)
-0.08 (-0.83, 0.68)
-0.42 (-1.29, 0.44)
-0.41 (-1.32, 0.50)
-0.26 (-1.25, 0.74)
-0.28 (-0.85, 0.30)
-0.02 (-0.75, 0.71)
0.06 (-0.66, 0.79)
-0.13 (-1.45, 1.19)
0.19 (-0.83, 1.21)
0.38 (-0.87, 1.63)
0.01 (-1.32, 1.34)

1Yr

0.30 (-0.63, 1.23)

0.28 (-0.58, 1.15)

-0.07 (-0.90, 0.75)

Window

Annotation: a Difference in the global scores per Interquartile Increase of Exposures of Interest
(PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C); b Adjusted for co-exposures, relative
humidity, calendar year, age, bmi, race, education, marital status, season, census tract median
household income, census tract median value of house, census tract population density and
psychiatric medication use (yes or no). 1Wk, 4Wk, 8Wk and 1Yr means for the exposure
windows of average 1 week, 4 weeks, 8 weeks and one year prior to the visit date. Psychiatric
medication use includes the use of antidepressants and anti-anxiety drugs.
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eTable 3.4 Associations Between Being Selected into The Study and Increased Exposure to
Each of the Ambient Exposures
OR (95% CI) a on the chance of being selected
0.97 (0.91, 1.03)
1.01 (0.99, 1.03)
0.98 (0.96, 1.00)
0.99 (0.97, 1.02)

Exposures (average 4 weeks before as an example)
PM2.5
O3
NO2
Temperature

Annotation: a Odds ratio and 95% confidence intervals (CI) of being selected per 1 unit Increase
of Exposures of Interest (PM2.5 - g/m3, O3 - ppb, NO2 - ppb, temperature - C)
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eFigure 3.1 Proposed Directed Acyclic Graph (DAG) on Studying Epidemiological
Confounding Structure of Ambient Exposures and Psychiatric Symptom in Normative
Aging Study
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Annotation: The plot showed the directed acyclic graph on study the associations between
studying the ambient exposures (air pollution and temperature) and psychiatric symptoms
measured in the Normative Aging Study. Ambient Co-exposures include the other air pollutants
and meteorological variables (i.e. co-exposures and relative humidity) besides the one of focus
reported each time in the analysis (PM2.5, ozone or NO2); Psych Symptoms is psychiatric
symptoms; Psych Med Use is the psychiatric related medication use; Physical Health includes a
list of physical health measurements such as total cholesterol, HDL cholesterol, serum
triglyceride, fasting glucose, coronary heart disease, stroke, percent predicted FEV and
hypertension at the visit; Neighborhood Characteristics include census tract level median
household income, median value of house and population density; BMI is the body mass index
(kg/m2); Demographical Factors adjusted in this study include age, race, education and marital
status; Behavioral Factors adjusted in this study include smoking, drinking and physical activity
level as measured by total metabolic equivalent of task (hours/week).
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eFigure 3.2 Exposure - Response Curves for Temperature Over Average 1 Week, 4 Weeks,
8 Weeks and 1 Year Windows Prior to Visit - Using Positive Symptom Distress Index
(PSDI) T Score as Example, Model I Adjustment)
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eFigure 3.3 Correlation of Ambient Exposures for Average 1 Week Window Prior to Visit

Annotation: The plot showed the spearman correlation coefficient for each pair of ambient
exposures including fine particulate matter (PM2.5), ozone (O3), nitrogen dioxide (NO2),
temperature (Temp) and relative humidity (RH) at average 1 week prior to visit date. Blue
circles/numbers represent negative correlation coefficients while red ones indicate positive
correlation coefficients. The darker the color is, the higher the corresponding correlation
coefficient is.
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