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ABSTRACT OF THE DISSERTATION

Toward Precise Statistical Inference in Spatial Environmental
Epidemiology

by

Kristen Antonia Hansen

Doctor of Philosophy in Biostatistics
University of California San Diego, 2022

Professor Tarik Benmarhnia, Co-Chair
Professor Armin Schwartzman, Co-Chair

Climate change has been identified as one the main public health challenges of this
century and quantifying how different communities are affected is crucial to inform local
adaptation strategies. While the number of empirical studies reporting the harmful health
effects of climate-sensitive exposures has drastically increased in the past few years,

methodological discussions and developments have mostly focused on time trends as a source

X1V



of bias. However, other methodological challenges remain. One particular source of bias that
received little attention in this area of research is related to spatial confounding. Furthermore,
while most communities are exposed to climate-sensitive exposures such as extreme heat or
ozone peaks, an important spatial heterogeneity regarding such exposures and related effect
estimates may exist but approaches to handle such challenges remain underused or
underdeveloped in this field. In the past decade, there has been growing interest in developing
causal inference methods to answer various etiological questions such as mediation analyses
to understand the mechanisms which through a given exposure may lead to a health outcome.
Yet, little effort has been dedicated to incorporating spatial techniques when implementing
such causal inference methods. Finally, an important mismatch can exist in regards to the
scale at which environmental exposures and health data may be available which prevents an
optimal identification of environmental-health patterns at a fine scale. Downscaling methods
are quite common in many fields including climate sciences but have not been adapted yet to
environmental health issues so empirical evidence can be available at the finest spatial
resolution.

In this dissertation we work toward precise analysis in this setting to advance spatial
statistics in the context of climate and health research questions. First, we employ the
combination of within-community matched design and Bayesian Spatial Hierarchical models
to estimate at the zip code level the hospitalization burden of extreme heat events of varying
definitions. Then we take a step into spatial causal inference to develop a procedure to
estimate spatially varying estimates of mediation effects. And finally, we work toward a more

ideal data setting through downscaling approaches coupled with machine learning algorithms,

XV



making the use of and adapting methods from Remote Sensing research to perform these

tasks.
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INTRODUCTION

Climate is one of the biggest public health issues facing the world in this century
(Romanello et al 2021). Still, not enough is understood about the effect of climate and human
health especially in regard to how such impacts may vary over space. Although climate-sensitive
exposures and health are interrelated in diverse ways, the public is mostly familiar with only the
health effects of extreme weather and heat due to climate change. Air pollutants, temperature and
humidity are examples of environmental exposures that are changing rapidly and in divergent
ways in different areas of the world. It is important to not only understand impacts of the
extremes of climate but to estimate the synergistic and compounded impacts on our communities
at a local scale. These effects are spatially heterogeneous across different communities and thus

need to be studied spatially.

First, and perhaps foremost there is a need for effect estimates of extreme weather events
and compounded impacts at as low a spatial scale as possible. To get these spatial estimates
spatial confounding must be accounted for within the modeling procedure. Spatial confounding
has different definitions depending on the field of study. In this field, spatial confounding is a
type of unmeasured confounding that can bias effect estimates. It arises due to spatial variability
in the covariates, both measured and unmeasured, that are not adequately accounted for in the
modeling paradigm for a particular research question. In particular, the spatial nature of a
covariate cannot be ignored within any predictive or inferential model as the spatial covariance

of those variables will introduce bias to the effect estimates. Thus, for any model in



environmental epidemiology the spatial covariance of the dependent and independent variables
must be included. This means that the models that are used cannot be the same models that are
used for individual level data but must be spatial statistical models if we want accurate effect

estimates at a small scale.

In addition to the need for small scale effect estimates there is an increased interest in
causal inference for these data. The emergence of spatial causal inference as a subfield is
ongoing, but in causal inference for epidemiology, mediation is especially popular. Mediation
analysis is the study of effect decomposition of an exposure into two effects. A direct effect of an
exposure on an outcome of interest and an indirect effect of an exposure on that outcome through
a mediator. This is an important causal graph to estimate in climate change and health studies
because we expect effects of environmental exposures to be mediated by spatially varying
variables. For instance, the effect of extreme heat on hospitalizations can reasonably be expected
to be mediated by ozone. Simplistically, ozone (O3) is created when heat and NO> mix.
Furthermore, NO> is spatially varying because it is a common pollutant of gasoline powered cars.
Thus, spatial confounding could be a problem when using mediation analysis methods that do
not account for spatial covariance. To date, this spatial problem has not been addressed.
Mediation analysis must be extended to the use of spatial statistical models such that spatial

confounding does not bias the effect estimates.

Beyond the need for small-scale effect estimates and spatial causal inference in
environmental epidemiology, there is a spatial data problem. Using spatial statistical models for

public health data is not as simple as implementing these models and current literature does not



address this. Spatial data for public health problems is at a scale that is far from ideal. Though
most public health studies are conducted on an individual level, observational environmental
health studies must be conducted in an aggregate. Health data for spatial environmental
epidemiology is provided from government agencies that must adhere to privacy constraints set
forth by HIPAA (Health Insurance Portability & Accountability Act). This means the data is not
truly even spatial when provided. Zip codes are the only georeferencing in the data. This is a
complication for two reasons. Not only is zip code data not truly spatial because zip codes are
merely road maps and have only been assigned geographic meaning because of post processing
from Tigris, but also, zip codes are not regular in any sense. Zip code population numbers vary
widely, they are not continuous over space and are incredibly variable in size. Although, there
are a plethora of problems with spatial health data, it does not change the fact that this data is
what researchers have access to without millions of dollars to study a small subset of people in a
single place, which would disadvantage those communities that do not have universities or
agencies funding research therein. This means that methods like downscaling prove to be
important techniques to consider. Downscaling is the process of taking non-ideal spatial scale
data and decreasing the scale by fitting predictive models. Downscaling as a method exists in a
variety of fields but has not been adequately explored with data of this type in epidemiology and

public health as it relates to climate-sensitive exposures.

The combination of these spatial data problems showcases that methods development in
spatial environmental epidemiology is incredibly important and not addressed adequately. This
perfectly highlights the disconnect that exists between the relevant fields to these problems.

Particularly between public health researchers and statisticians. Statisticians have been



developing spatial statistical methods for decades but not with this type of data. Statisticians
have made great strides in Random Field theory, Image Processing, and climate modeling among
other fields, but these subfields all rely on gridded and regular datasets or point processes like
disease case locations, which just isn’t possible in Public Health observational studies. Data
scientists, as well, decree that zip code data should never be used for a geostatistical study. But

the spatial nature of the environmental epidemiology data cannot be ignored either.

Therein lies the big question: if these public health researchers are to not utilize the
spatial information in the data they have because it is not good enough for a spatial statistical
study, but also not treat it as if it were independent samples, as that will bias the results of any

model, what are they to do?

In this dissertation, I step into this maelstrom. I adapt and extend existing methodology
from other fields as well as produce novel approaches to deal with some of these issues because
these research problems need to be solved if we are to produce high quality estimates of effects
of climate-sensitive exposures on the health of those individuals in our communities locally,
across regions, and the world. This dissertation serves as a start and continuation of a long
research process. This work is important to explore even if the research at this stage lacks
elegance or provability, the way mathematicians and theoretical statisticians prefer. To get to that

stage, research must start with messy problems and deficient data.

In Chapter 1, we will discuss a novel extension of the Bayesian hierarchical model

framework to the spatial domain to get estimates of heat effects on hospitalizations. This method



extends within-community matched designs for observational studies combined with Bayesian
modeling as well as classification through rank and meta-regression to understand the effects of
this environmental exposure on the people in California communities on a fine scale. Chapter 2
shows an application of this combined method for the estimation of joint ozone and heat effects
in California. Chapter 3 extends the causal inference mediation literature to a spatial domain for
the first time using the combination of existing methods and a simulation study to determine the
effectiveness of said approach on current data. Chapter 4 takes on the challenge of downscaling
public health data. Downscaling has its origins in climate science. Downscaling in public health
is more complex because we do not have historical data or any health data on a desired scale.
Therefore, in Chapter 4, we descriptively downscale data using decision tree-based ensemble

methods borrowed from Remote Sensing.



CHAPTER 1: The spatial distribution of heat related hospitalizations
and a local classification of the most dangerous heat events in California

Introduction

Extreme heat has a substantial public health burden (NOAA 2018; Whitman et al 1997)
(Robine et al 2008; Nitschke et al 2011). Many epidemiological studies have found that extreme
heat events (EHE) increased risk of hospitalizations for many diagnoses including
hospitalizations from cardiovascular, respiratory, diabetes, fluid and electrolyte disorders, and
renal failure (Bunker et al 2016; Li et al 2015). However, EHEs do not affect populations
equally, and some individuals and communities are more vulnerable to their effects (Janicke et al
2018; Uejio et al 2011; Smargiassi et al 2009). Health risks associated with heat can vary across
space (Hondula et al 2014; Hondula et al 2012; Vaneckova et al 2010), including within cities or
counties (McElroy et al 2020). Identifying such spatial heterogeneity on the impacts of EHEs can
be particularly useful to target vulnerable areas and communities as well as to guide warning
systems that can, in turn, greatly reduce the health impacts of heat waves. However, there are
important methodological considerations to the study of spatial heterogeneity of the effects of
extreme heat, including the handling of spatial information, the classification of extreme heat

events and the scale of estimated effects.

There are many ways to classify heat events such as considering different temperature
metrics, for example minimum, maximum or diurnal (representing the nighttime-daytime
difference). In addition to the several temperature metrics, various lengths of heat exposure
(single day versus multi-day heat events) must be considered. Finally, different thresholds (e.g.

95t 99™ etc.) must be used to define extreme heat events. While it is expected that higher



thresholds be associated with higher risks (on a relative scale), examining the occurrence of such
events is critical when estimating the total burden (e.g. total number of attributable

hospitalizations) associated with different heat events (McElroy et al. 2020).

Moreover, while it is important to quantify spatial variation as to the risks associated with
heat on a relative scale (expressed through risk ratios, or standardized mortality ratios for
instance as typically done in previous spatial studies), it is also critical to quantify such risk on an
absolute scale to identify the spatial variability of heat-related number of cases. In this context,
the absolute scale is represented by the number of increased cases attributable to heat for each
region with no regard to population size. An additional challenge when assessing the spatial
variability of heat impacts is related to the precision of estimates. In previous studies, uncertainty
in risk estimates has been either ignored or obtained through the assessment of significance of a

statistical test alone.

The relative scale allows us to see where people are more (or less) vulnerable to heat,
whereas the absolute scale determines where the greatest number of people affected reside.
These two scales can be used in combination to be complementary in the process of designing
adaptation strategies. The absolute scale allows governments to design policy to proportionately
target those areas with highest burden to reduce the total number of hospitalizations due to heat.
The relative scale allows policymakers to identify areas composed of vulnerable populations (for
positive residuals) that are not typically found when focusing on the state or county levels or

when using traditional spatiotemporal methods.

Spatial heterogeneity in the type of heat events that drive the health burden can be

notably explained by differences in population composition (Hondula et al. 2014; Benmarhnia et



al. 2017), local meteorological conditions (Guirguis et al. 2018), or landscape characteristics
(Schinasi et al 2018). California constitutes an ideal region to study the spatial variation of the
impact of heat on hospital admissions due to the high burden, high variation in population
distribution and high variance in climate throughout the state (Mann and Gleick 2015). Heat-
related health impacts are well studied in California (Guirguis et al 2014; Sherbakov et al 2018;
Green et al 2009); however, to the best of our knowledge, there is no small region spatial
estimation or statewide estimate of spatial variability of heat-related health impact across

California.

We applied a comprehensive spatio-temporal approach, an extension of a within-
community matched design, to study the spatial variability in the health impacts of heat events in
California for unplanned hospitalizations for cardiovascular disease (CVD), respiratory disease,
acute renal failure, dehydration, and heat illness. We extended this methodology by using
Bayesian models to account for spatial autocorrelation, improve precision and explore the drivers
of small-scale vulnerability to extreme heat including the heat metric, heat event length and
extremity (Aguilera et al 2020, Schwarz et al 2021). Identifying what heat event characteristics
drive the greatest health burden on the relative and absolute scale can be used to prioritize
specific areas and neighborhoods in policy planning to best protect populations from the effects

of extreme heat.

Methods

Hospitalization Data
We obtained all unscheduled hospitalization data in California for the years 2004 — 2013

from the Office of Statewide Health Planning and Development (OSHPD). The following

primary diagnoses were evaluated, as listed in the International Classification of Disease codes,



9th Revision, Clinical Modification (ICD-9): acute myocardial infarction (MI) (410), acute renal
failure (584), cardiac dysrhythmias (427), cardiovascular disease (CVD) (390-459),
dehydration/volume depletion (276.5), essential hypertension (401), heat illness (992), ischemic
heart disease (410—414), ischemic stroke (433—436), and all respiratory diseases (460-519).
These diseases were chosen because they have previously been linked to extreme temperatures
(Bunker et al, 2016; Li et al., 2015, Sherbakov et al 2018). For this analysis, all cardiovascular
hospitalizations were grouped, leaving five hospitalization outcomes of interest. Data were
aggregated into daily counts for each zip code, with data provided by the Census Bureau 2010
Census. Mapping of these data was reduced to the use of Zip Code Tabulation Areas (ZCTAs).

Where ZCTAs are the geographic representation of zip codes provided by tigris.

Meteorological Data and Heat Wave definition

Daily minimum and maximum temperature data were downloaded from a publicly
available data set that collects data from approximately 20,000 National Ocean and Atmosphere
Administration Cooperative Observer (NOAA COOP) stations across the US (Cal-Adapt 2015).
Daily maximum and minimum temperatures (°C) were derived from 1/16° (~6 km) gridded
observed data from this data set for all of California (Livneh et al. 2015). Population-weighted
centroids for each Zip Code Tabulation Area (ZCTA) were linked to the nearest temperature
measurements using the geonear function in Statal5 SE.

There are many possible definitions for a heat event as evidenced by warning systems
across the world. In this study, we considered 27 EHE (extreme heat event) definitions. These
include different metrics: maximum and minimum temperatures, and the difference between the

maximum and minimum temperature for each day. We considered duration with 1, 2 and 3 days



of heat exposure as well as considering extremity with percentiles 95%, 97.5%, 99% for
minimum and maximum temperatures and 1%, 2.5%, and 5% for difference in temperature. As
an example, consider a 95% maximum temperature, 1-day event. An EHE day is defined as an as
one in which the daily maximum temperature is greater than or equal to the 95" percentile of the
distribution of maximum temperatures during the warm season (May-September) for each zip
code. The observed temperature threshold for a heat wave (HW) is displayed in Figure 1 in
degrees Celsius. Figure 1 displays temperatures for the four main geographic regions in
California, showing that the Central Valley and southeastern desert are warmer, and the coast
and eastern mountain ranges are generally cooler. The same procedure is applied to all 27

different definitions of EHE.

95% Quantile of max temperature for each zip code

42°N- 95 quantile temp

bk 2 45

40

38°N-

b 25

' ' ' ' ' '
124°W 122°W 120°W 118°W 116°W 114°W

Figure 1 Display of the heat wave threshold in Celsius used in our analysis for each zip code in California. The
mean threshold of 35 Celsius is shown in white.

10



Data Analysis

The Spatial Within-Community Matched Design

We used a spatio-temporal approach, which can be seen as a spatial within-community
temporally matched design (Goin et al 2019) that we applied to other environmental exposures in
previous work (Aguilera et al 2020, Schwarz et al 2021). This approach allows us to control, for
any time-fixed, measured or unmeasured, confounders at the zip code level. Our approach
includes four sequential steps to quantify the heat impacts on both relative and absolute scales, a
schematic can be found in Figure 2. First, we adopted a procedure to match EHE days in each zip
code to similar non-EHE days, and we produce a contrast from a weighted average based on
distance in time from the EHE day, given that the control non-EHE days fall within the same
calendar year. This is a temporal version of an Inverse Distance Weighting (IDW) procedure,
where our bandwidth is a single calendar year. Second, we calculated the absolute difference
between EHE and the weighted average of non-EHE days for each zip code. Third, we modeled
the relationship between excess counts of hospitalizations and the population size of each zip
code using a linear model, where the residuals represent the heat impacts relative to the

population size.

Y=XB+ €

In this equation, Y is the excess count of hospitalizations (henceforth referred to as
absolute scale estimates), X includes only an intercept and the population value for each zip code

in the 2010 census, € is the error term and f3 is the estimate of the population effect. We will not
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consider the effect estimate, but rather the difference between the predicted Y and the observed

Y.

Absolute Outcome Computation

The hospitalizations attributable to
heat are taken directly from the
matched design and used as an
outcome for each BHM to follow

Bayesian Hierarchical Models

- BHM are run for each heat
Matched Design

Classification and Rank Analysis

event definiton for both Now we have 27 estimates on both relative
We take days that fit relative and absolute and absolute scale for each zip code in CA.
whichever extreme heat definition we are using outcomes. The spatial We can use their classifications: metric,

and compare to weight mean of hospitalization weights that quantify the duration, and extremity to rank the danger of
counts and on non-EHE days using Inverse spatial relationship in the each for each zip code. The most dangerous
Distance Weighting in time, with a range of the data taken from the model as classifications and specific defintions are
calendar year. estimates of attributable then mappable and comparable.

hospitalizations due to heat.
Relative Outcome Computation

The hospitalization attributable
to heat are taken from the matched
design for each extreme heat

definiton and used as an outcome in a BHM output both
simple linear model of those values an estimate and
on zip code population in 2010. The standard error thus
residuals are used as outcomes in the allowing for
BHM for relative outcome. computation of
Signal-to-noise
ratio

Figure 2 Schematic of the methods procedure for within community matched design and Bayesian extension.

Bayesian Hierarchical Models

To consider spatial autocorrelation and improve precision in our estimates for our fourth
step, we used a spatial Bayesian Hierarchical model (BHM). Spatial modeling leverages
information from surrounding areas to improve the precision of the estimate at any point in
space. We used the within-community matched design absolute scale estimates for each zip code
as the response value in linear BHMs and for relative scale estimates we used the residuals from
the linear models described above, using the spBayes package in R. Population weighted
centroids provided by the US Census Bureau are used as the spatial unit for this analysis as this
type of modeling requires a SpatialPointsDataFrame. We fit an empirical semi-variogram to

estimate the starting prior for the parameters: sill ( 62), nugget (72), and range(¢). Due to the
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shape of the empirical semi-variogram, we chose a Spherical correlation structure. The model
was formulated as a two-stage model:

Ist: Y|6, W ~ N(XB + W, 72I)

2nd: W|o?2,¢ ~ N(0,02H)

Where W is the vector of spatial weights, and 0 is the vector of estimated spatial
parameters. The Y; are our outcome values, which are independent but conditional on W. H
represents the structure of the spatial covariance and X represent just an intercept. The second
stage model captures the spatial process of the data. We completed model specification by

adding prior values and distributions to § and 72, and the hyper parameters ¢ and o2.

Prior distributions of parameters to reduce sensitivity to the priors during the sampling
process were used. We apply 1000 Markov chain Monte Carlo (MCMC) samples, with the final
250 kept after the burn-in period. The final recovered spatial weights were utilized as the
estimates for excess hospitalizations in each zip code. We interpolated across space using multi-
level B-splines to create a surface of estimates. Though the above methodology assumes
isotropy, we acknowledge that the spatial correlation may not be stationary. Isotropy is the
assumption that the spatial correlation has the same range in all directions at all points in a data
set. Lastly, to represent the precision of the BHM estimates, we estimated the signal-to-noise
ratio (SNR) using the resulting model output (weights for each ZIP code and standard
deviations). An SNR is the estimated spatial prediction from the BHM divided by the standard
error estimated from that BHM. The SNR was mapped for each ZCTA as an indication of areas

where estimates are more (or less) precise. We accept that these SNR values are artificially large
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because of the violation of the isotropy assumption and thus the traditional cutoff for significance
(which is 2.0) would be too small.
We also included randomly generated data and R syntax for reproducibility purposes

[https://github.com/KristenHansen/SpatialHeatWaves].

Heat wave definition classification and rank

For the above analysis each heat event definition is considered in isolation. But we want
to understand whether the definitions of EHE are correlated with each other or whether the
locations where a definition is most affective are located closely together. For both the relative
and absolute scales we can form a dataset with our BHM estimates of excess hospitalizations.
Thus, we have 27 columns and rows correspond to our zip codes. Thus, we can rank the
extremity of the EHE for each zip code relative to those other events in the same zip code. This
will allow the exploration of patterns for all our heat event classifications: metric, duration,
extremity. We explore the spatial heterogeneity of metric as a contributing factor to

hospitalization due to heat.
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Results
We observed 131,461 total hospitalizations during EHE days for the five disease

subgroups, and 98,562 matched non-EHE day hospitalizations. Cardiovascular disease (CVD)
hospitalizations accounted for most of the total hospitalizations on both day types (EHE and non-

EHE days) with 58% and 66% on EHE and non-EHE days, respectively (see Table 1).

Table 1 Descriptive statistics describing the hospitalizations on HW days and matched non-HW days in California, 2004-2013.

Type of Total observed Mean observed | Standard
Day per day deviation

All-Cause HW 131,461 0.95 1.446

Hospitalizations
Matched 98,562 0.72 1.148
non-HW

Respiratory Disease | HW 40,900 0.2968 0.647
Matched 29,551 0.216 0.498
non-HW

Cardiovascular HW 76,644 0.559 0.967

Disease
Matched 65,394 0.477 0.803
non-HW

Acute Renal Failure HW 7,918 0.057 0.251
Matched 2,421 0.0176 0.135
non-HW

Dehydration HW 5,215 0.038 0.200
Matched 1,171 0.0085 0.093
non-HW

Heat Illness HW 784 0.0057 0.077
Matched 25 0.00018 0.0135
non-HW
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Spatial Bayesian Model Results

Figure 3(a) displays the results from the Bayesian Hierarchical model on all-cause
hospitalization count differences computed via a within community matched design (results for
each ICD (International Classification of Diseases) code separately are presented in Figure A4).
Figure 3(a) only displays the results for the example EHE definition (95% percentile in maximum
temperature for one day). In the image we see areas of high effect specifically in the Central
Valley and the southeastern desert highlighted as having the highest associations with extreme
heat. Extending to the relative framework, accounting for population, we used population in a
linear model of the absolute hospitalizations, took the residuals from that model and used those
as the outcome in the Bayesian model, the spatial effects of which are displayed in Figure 3(b).
Similar patterns are found on both risk scales; however, the relative model does display more
detail and positive estimates for less populated regions, although the estimates are close to zero,
as would be expected for a model where population is included. SNR plots are shown for the
same EHE definition on both relative and absolute scales in Figure 4. We have higher precision
in the absolute case as opposed to the relative. This is to be expected because relative case
estimates are lower in magnitude. For the other EHE definitions a shiny application can be
viewed by running runGitHub(“benmarhnia-lab/SpatialHeat”, “KristenHansen”) in your R

console.
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Mean spatial effects
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Figure 3 Spatial distribution of effects of one heat event definition (>95th Tmax percentile for one day) on total hospitalization

on the absolute (left) and the relative (right) scales.
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Figure 4 SNR values on both the relative (right) and absolute (left) scale effects of one heat event definition (>95th Tmax

percentile for one day).
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Heat wave definition rank results

In Table 2, the highest ranked heat event definitions are shown by type for both the
absolute and relative risks scaled to the population. We observed that the most hospitalizations
occurred in EHEs of the diurnal type where the temperature difference between day and night is
very small, especially for ranks 1 and 2 on both the absolute and relative scales. However, in the
third and fourth ranks, on the absolute scale, diurnal and maximum temperature EHEs are most
common. In the relative case, minimum temperature EHEs are most commonly found in the
fourth rank. This is because the low population desert regions of the state are highly affected by
minimum temperature extreme heat events. We can see the spatial pattern of the top rank in
Figure 5 (a), the metric is displayed for the entire state. Figure 5 (b) shows a more detailed map
with all 27 definitions for the greater Los Angeles area. One can see that minimum temperature
EHESs are the most dangerous in the desert regions, diurnal EHEs are the most dangerous in the
Central Valley and the maximum temperature EHEs are often the most dangerous in urban
regions and the mountains. However, there is considerable variability in urban regions, as can be
seen in the Los Angeles plot. Although there is mixing in all these regions the general pattern
holds for both relative and absolute scales. We saw that the less extreme HE definitions have
higher frequency in the absolute case, suggesting longer duration less extreme heat events may

cause a higher number of hospitalizations overall.
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Table 2 The number of ZCTAs, for which the four most dangerous heat waves definitions fall within the maximum temperatures,
minimum temperatures, and low difference in temperatures definitions of heat waves.

Scale Rank Maximum Minimum Difference
Relative First 603 409 732
Relative Second 570 538 636
Relative Third 591 569 584
Relative Fourth 585 645 566
Absolute First 575 474 695
Absolute Second 531 535 678
Absolute Third 578 539 627
Absolute Fourth 598 567 579
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Figure 5 The most impactful metrics for each ZCTA for both absolute and relative-to-population risk scales. Green for diurnal,
Red for maximum temperature and purple for minimum temperature heat events. Zoomed in portion on the right for Los Angeles.
Darker colors represent the more extreme heat wave definitions and longer in length in days.

Table 3 presents the distribution of the four heat event definitions that are commonly

ranked as most dangerous on both relative and absolute scales. For the relative scale all four of
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the toperanks are from the most extreme definitions (99%-ile) included in the analysis, whereas

for the absolute scale ranks 3 and 4 represent the less extreme long duration HE definitions.

Table 3 also shows that the metrics that are causing the most hospitalizations, namely diurnal

HE's, are not necessarily the most consequential with finer stratification, adding duration and

extremity. Furthermore, we found the 99™ percentile maximum temperature, 1% percentile

difference between maximum and minimum temperature and 99" percentile minimum

temperature long duration heat events caused the most hospitalizations overall. Thus, as we

would expect, the most extreme long duration heat events lead to the most hospitalization.

Table 3 Distribution of the four heat wave definitions most commonly ranked as most dangerous on relative and absolute scales.

Scale Rank 1 Rank 2 Rank 3 Rank 4

Definition Relative | 99" percentile | 99" percentile | 99 percentile | 99™ percentile
of Maximum | of Maximum | of Maximum | of Minimum
temperature temperature temperature temperature
for 3 days for 2 days for 2 days for 2 days

Number of Relative | 282 143 112 115

ZCTAs with

this rank

Definition Absolute | 99" percentile | 99' percentile | Difference in | Difference in
of Maximum | of Minimum | Max/min Max/min
temperature temperature temperature temperature
for 3 days for 3 days 2.5 percentile | 5th percentile

for 3 days for 3 days

Number of Absolute | 228 191 179 131

ZCTAs with

this rank
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Discussion

From the study results, we wished to determine where the areas of health burden
associated with extreme heat and which extreme heat definitions have the greatest impact for
different regions in California to understand the spatial variation of this heat burden on both the
relative and absolute scales. Areas including the Central Valley region experience higher burden
throughout the studied outcomes. Highest spatial variability can be seen within urban areas: Los
Angeles, San Diego, and San Francisco, as some of the highest and lowest estimates of heat
effects are found there.

Similarly, the heat event definitions that led to the most hospitalizations are highly
varying across zip codes in California. In general, of the three EHE types, the diurnal heat events
have the greatest effect in the Central Valley, the minimum temperature heat events are most
detrimental in the desert and the maximum temperature heat events are the most common in
coastal and mountainous regions with considerable variability in urban areas. This pattern holds
true on both the relative and absolute scales. Using rankings, we estimated the small-scale
variability in the drivers of the heat-related hospitalizations regardless of the metric, extremity or
duration of heat events. We do find that the more extreme and longer heat events are especially
prevalent in high rankings on the relative scale with duration being the driver on the absolute

scale.

Previous studies have considered or accounted for spatial variation in impacts of extreme
heat by adjusting for spatial location, conducting geographic weighted regressions, or applying
cluster analysis methods (Song et al 2021). Adjusting for spatial information in models by using

a Gaussian smoother to account for spatial autocorrelation is also common (Chen et al 2015;
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Chien et al 2016). Other studies have stratified by spatial units without considering spatial
autocorrelation or spatial structure (Ingole et al 2020; Murage et al 2020). One of the most
common methods for estimating spatial variation in heat related impacts is based on cluster
analysis methods, the most readily used being Kulldorf (Benmarhnia et al 2017; Hondula et al
2012; Vaneckova et al 2010). Kulldorff analysis identifies a significant excess of cases within a
moving circular window, providing a measure of how unlikely it would be to encounter the
observed excess of cases in a comparison region across space. However, such an approach,
which is based on significance testing, dichotomizes the spatial units and identifies “significant”
clusters where most of the cases occur. Thus, a significant cluster can be driven by the cluster-
specific susceptibility to heat or the population size or density. It becomes difficult to get a

contrasted and comprehensive assessment of the spatial variability regarding heat-related health

impacts for this reason.

Other spatial approaches have been used, such as spatial point pattern analysis, or to
estimate relative risks across the study region at a fine scale (e.g. Chen et al. 2015). Bayesian
hierarchical models can also be particularly useful to account for spatial variation in heat
vulnerability in data rich regions like large cities (Hondula et al 2014). For large geographic
areas, such as countries or states, existing studies generally consider only large spatial units like
US metropolitan areas (Anderson et al 2013; Bobb et al 2014) or UK districts (Bennett et al
2014). Yet, our approach is the only currently available approach that ranks heat events
according to their impacts on a fine spatial scale. Obtaining a classification of the types of heat
events that are associated with the highest health burden by zip code are particularly useful in
informing tailored interventions to optimize benefits associated with heat action plans and early

warning systems.
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There are some limitations in our study that should be highlighted. We are restricted to
the zip code level, which have high variability in population size, geographic area and are not
regularly shaped. Additionally, plotting is restricted to ZCTAs rather than zip codes themselves.
ZCTAs do not change when new zip codes are added, thus the visually represented zip codes
may not be appropriate in some locations. There are also low rates of hospitalizations on each
day for all zip codes, leading to low precision because some of our regions have a very low
population. We used Bayesian Hierarchical modeling which has high precision in estimation
because it utilizes spatial autocorrelation. The Bayesian hierarchical modeling improves
precision over other types of modeling, but has a restrictive isotropic assumption, which under
scrutiny may not hold. In order to account for this, we used priors that were not terribly
restrictive and ended with acceptance rates around 15%, which, although small, are not
worrisome. Spatial correlation structure will be affected by topography and climate. For this
reason, we also took a relatively small distance as our range parameter. In future work, it would
be important to further explore the use of Bayesian Hierarchical models with covariates for
topography, elevation, and climate as well as to explore anisotropic models for spatial data. Here,
we consider spatial dependency in the hierarchical models; however, with the isotropy
assumption, we are enforcing unfulfilled assumptions into the modeling paradigm, thereby
increasing bias of the estimation. Further analysis will strive for higher precision in estimation
without using incorrect assumptions, perhaps a Bayesian framework that allows for anisotropy.
Future studies may also focus on why we observe this spatial variation, namely whether it’s due
to population characteristics, environmental factors, or the existence of implemented heat action

plans.
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Conclusion
In this study, we used a novel spatio-temporal method of analysis to detect areas with

highest heat-related burden and to determine the heat wave definitions that drive heat related
hospitalizations in different regions of California. We observed high heterogeneity and by
elucidating those areas with the worst effects, we can improve current warning systems and
guide policy toward those locations and vulnerable subgroups that are most adversely affected by

specific types of extreme heat events.
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CHAPTER 2: Spatial variation in the joint effect of extreme heat events
and ozone on respiratory hospitalizations in California

Introduction

Early warning systems for air pollution (Kelly et al 2012; Wang et al 2017) and heat (Toloo
et al 2013; Lowe et al 2011) have been implemented in various areas to limit the health impact of
these increasingly prevalent environmental stressors (Gershunov and Guirguis 2012; Mahmud et
al 2008). Extreme heat events and some air pollutants such as tropospheric ozone have similar
meteorological drivers, as they result from chemical reactions between volatile organic
compounds (VOCs), nitrogen oxides (NOx) and sunlight leading them to regularly coincide
(Schnell and Prather 2017). However, no joint early warning systems have been implemented to
combat the dual-burden of these environmental health risks. An improved understanding of these
risks and the interaction between these hazards is important to inform the development and use
of early warning systems that consider these joint exposures.

The adverse health effects of heat are well documented. For example, exposure to high
ambient temperature has been shown to increase the risk of mortality and morbidity for a range
of diseases (Phung et al 2016; Xu et al 2016). High ambient temperature causes heat stress and
decreases ability to thermoregulate efficiently, which can produce heat-related inflammation and
cardiac stress (Bouchama et al 2017). Several studies have found impacts of heat on respiratory
hospital admissions, such as chronic obstructive pulmonary disease and an increase in respiratory
infections leading to increased hospitalizations (Michelozzi et al 2009; Green et al 2010;
Anderson et al 2013; Gronold et al 2014).

Ozone is a reactive, oxidative gas that is absorbed by the upper respiratory tract;

epidemiological studies show a robust relationship between acute exposure to ambient ozone and
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morbidity (Nuvolone et al 2018). Ozone pollution is associated with a range of adverse health
effects induced by oxidative stress and increased risk of respiratory disease, such as acute
respiratory illnesses and asthma (Magzamen et al 2017; Malig et al 2015; Liu et al 2018). In
2015, it was reported that globally, 4.1 million disability-adjusted life years (DALYs) were
attributable to ozone exposure alone (Forouzanafar et al 2016).

Ambient ozone increases under high ambient temperature and blazing sunlight,
characteristics of extreme heat events (Nuvulone et al 2018). Due to the comparable
meteorological patterns, heat and ozone are co-occurring risk factors, and a number of studies
have considered the potential concurrent risks and interaction of these exposures in driving the
health burden (Filluel et al 2006; Atkinson et al 2016; Madrigano et al 2015). Studies in
Brisbane, Australia and in the Netherlands suggested that both ozone and heat play a role in
increasing excess deaths during a heat wave (Fischer et al 2004; Tong et al 2010). Interaction
between both exposures suggests that the effect of both ozone and heat drive an increased burden
compared to each exposure individually. Findings differ between these studies, some revealing a
strong relative interaction (Filluel et al 2006; Ren et al 2008; Shi et al 2020) while others
demonstrating a weaker signal (Pattenden et al 2010; Scortichini et al 2018) or no joint effect
(Jhun et al 2014). For example, high temperature enhanced the effects of ozone on all-cause
mortality in France (Filluel et al 2006) and cardiovascular and respiratory deaths in China
(Madrigano et al 2015). In contrast, no relative interaction between ozone and heat was observed
in all but one city in England (Fischer et al 2004).

Although several studies have considered joint effects of temperature and ozone (Filluel et al
2006; Shi et al 2020; Pattendon et al 2010), few have considered the fine spatial variation in

these effects (Wilson et al 2014). Consideration of fine spatial variation is important because it
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can provide location-specific thresholds that are most effective in revealing this health burden.
Studying spatial variation across diverse regions is vital because it can reveal the heterogeneity
of this interaction that can be used to inform warning systems. One study applied a spatial semi-
parametric model to estimate joint effects of 0zone and temperature risk in urban areas in the
United States (Wilson et al 2014). Although that paper finds evidence of ozone-temperature
interaction at high temperature thresholds and ozone concentrations, the study focused on urban
areas and the relationship varied by city studied. Therefore, we were motivated to consider this
interaction at the zip code level in various geographical and socio-demographic contexts.

Some vulnerable groups are known to be especially susceptible to the effects of ozone and
heat. For example, the ozone-related excess attributable risk was found to be almost two times
higher for black compared to white residents in California for air pollution exposure above
federal standards (Hackbarth et al 2011). Racial discrimination plays a role, as decreased access
to primary care, private insurance and preventive medication of black residents when compared
to their white counterparts likely drive this health disparity (Hackbarth et al 2011). Furthermore,
racial minorities and communities of a low socio-economic status are also more susceptible to
heat-related health effects; this is associated with poorer physical health, lower access to air
conditioning and greater neighborhood level exposure that may increase risk (Gronold 2014).
Green space, for example, has been shown to be a modifier of heat-related health effects
(Gronold et al 2014). Although these contextual variables are known to play a role in the effect
of these exposures, no study to our knowledge has considered the role of socio-demographics

and neighborhood level factors in driving the interactive effect between ozone and heat.
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We examined the potential heterogeneity in joint effects between heat and ozone resolving
fine geographical scales. The majority of studies considering joint effects have not used heat
waves or extreme heat events as a binary variable to study temperature effects. We argue that
studying the effects of temperature exceeding thresholds is a policy-relevant measure that can be
used to activate early warning systems (Xu et al 2016). Moreover, most studies focus on
mortality and very few have considered the burden on hospitalizations, a more moderate signal
that could reveal broader health impacts. Lastly, the majority of studies investigated heat-ozone
interactions based on the relative scale by including a product term in multiplicative models
(Analitis et al 2014; Li et al 2017). In this study, we investigate interaction on the additive scale
that constitutes a more relevant public health measure (Rothman et al 1980; Vanderweele and
Knol 2014) since it directly quantifies the absolute number of hospital admission cases that could
be prevented by a joint intervention on both heat and ozone exposures as compared to
independent interventions. Focusing on the highly diverse state of California, we explore the role
of socio-demographics and environment characteristics at the zip code level in predicting these

joint effects to identify factors that can be used to prioritize areas for joint warning systems.
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Materials and Methods

Data sources
Environmental data

Temperature data from the National Oceanic and Atmospheric Administration’s vast
Cooperative Observer and First Order stations were used for this study (Cal-Adapt 2015). The
minimum and maximum daily temperature (°C) observations at these stations spanning 1950
through 2013 had been interpolated onto a 1/16° (~6 km) grid (Livneh et al 2018). Population-
weighted centroids for each Zip Code Tabulation Area (ZCTA) were linked with the nearest
temperature measurements using the geonear function in Statal5 SE. The distance from each
centroid to a temperature grid cell center thus did not exceed 6 km. Unpopulated areas such as

national parks are excluded from the ZCTA delineations, so no data are provided for these areas.

Various extreme heat events were defined when the daily maximum or minimum
temperature exceeded the 99, 97.5%, or 95" percentile of the temperature distribution for each
ZCTA for one day and two consecutive days during the warm season of May to September. We
considered a total of six extreme heat event definitions during the warm period (Table 1). Each
of these definitions were examined using maximum and minimum temperature to consider
daytime and nighttime- accentuated extreme heat events, as nighttime accentuated heat typically
occurs in anomalously humid conditions (Gershunov et al 2009), which hold special health risks.

Ozone data were estimated at the daily level using 8-hour maximums sampled and
analyzed by the US EPA Air Quality System (EPA). Measured concentrations from fixed-site
monitoring stations within a 20km radius of each population-weighted zip code centroid were
used for interpolation (see figure S9 for the spatial distribution of ozone estimates missingness).

To capture acute exposure to high ozone levels, five definitions of 0zone peaks were estimated at
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various percentiles of the ozone distribution for each ZCTA. The 99%, 95%, 90 and 75%
percentiles of the May through September period were considered, as well as a standard
threshold of 70ppb, which corresponds to the EPA National Ambient Air Quality Standard for
ozone (EPA 2018).
Hospitalization data

Unscheduled hospitalizations in California from 2004 through 2013 were obtained from
the Office of Statewide Health Planning and Development Patient Discharge Data. This included
all hospital visits that were not prearranged, including emergency department visits and hospital
admissions; these together will be referred to as hospital visits in the remainder of this
manuscript. Variables of interest included ZCTA of the patient’s residence, day of the week, and
hospitalization outcome, which was aggregated into daily counts for each ZCTA in California.
Respiratory disease (ICD-9 code: 460-519) hospital visits were considered as the outcome of
interest due to the well-documented association with both ozone and extreme heat.
Statistical analysis
Case-crossover methodology for the California overall effect

A time-stratified case-crossover design was used to study the association between each
extreme heat event definition, ozone peak and hospital visits for respiratory disease (Basu and
Ostro 2008; Basu et al 2008; Tong et al 2012) to understand average joint effects in California as
a whole. Controls were identified for each case in the study population and selected based on the
same day of the week of the hospital visit within the same month and year that the case occurred.
Only time-varying variables were considered as covariates in models. A relative excess risk due

to interaction (RERI) was then calculated to consider the overall joint effect of ozone and
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extreme heat events for California as whole (Vanderweele and Knol 2014). We first assessed the
average joint effect of ozone and extreme heat across the entire state.
Within-community matched design analysis

A within-community matched design was then used to study the association between
extreme heat events and ozone exposure and hospital visits for respiratory disease at the zip code
level to further understand whether spatial variation played a role in average overall effect. This
novel approach offers benefits over previous approaches by allowing the investigation of
interactive effects at the zip code level. For each exposed day, we identified all possible controls
based on two criteria: 1) matches must be in the same zip code and 2) matches must be in the
same year. We used an inverse time weighting scheme to calculate comparison averages of
hospitalizations on those control days for the contrast. For example, control days closer in time
to the exposed day were given a stronger weight than those that were further in time. An RERI
was calculated for each ZCTA to consider the joint effects of ozone and extreme heat events at
the zip code level (Richardson and Kaufman 2009; Hosmer and Lemeshow 1992). Three relative
risks (RRs) were computed for each zip code using the control day weighted averages mentioned
above where we compared rates in joint extreme heat events (HW)/O3 days RRi1 (RRjoint), HW
only RR10(RRnw) and O3 only RRo1(RRozone) days to days without any HW nor O3 event RRo
(RRueither), where HW is extreme heat event and Os is ozone. For each independent occurrence of
ozone peak and extreme heat event, we calculated RR by taking the total number of respiratory
hospitalizations in a zip code on a case day versus the weighted average on all control days for
that particular case day (extreme heat event, ozone peak), then similarly RRs for the joint heat

and ozone days were calculated. When all RRs were calculated for a zip code, we used the
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average to produce zip code level RR estimates. Thus, RERI was calculated by the following
equation:
RERI = (RRjoine — 1) = (RRuwozone — 1) = (RRozonerw — 1)

This quantifies the joint-effects at this fine spatial domain on the additive scale
(Richardson and Kaufman 2009). The within-community matched design focused on extreme
heat events using 95" percentile of maximum temperature and ozone peaks at the 75" percentile
to capture sufficient joint-effect days for analysis.

With an outcome of interest such as hospital visits, we expect there to be many days in
low population zip codes where there are zero hospital visits. For this reason, some of the RRs
are very small for small population zip codes on case days. Due to the weighted average being
used as a denominator for our RRs, we do not encounter many zeros in the denominator. The few
case days where there was a zero-value denominator, the numerator was also zero. Thus, scarcity
of data did not pose a significant problem for our analysis however for the smallest population
zip codes, we do not observe precise estimates. Incorporating information from surrounding zip
codes can improve precision, thus a spatial analysis is beneficial.

Analyses were conducted on Stata 15/SE and R. For reproducibility purposes, a co-author
that was not involved in the analysis reviewed the code for the study. Additionally, the code and
a sample dataset for reproducibility purposes is provided at the following link:

https://github.com/KristenHansen/JointOzoneHeatWaves.

Bayesian Hierarchical Model Extension
We expect there to be spatial autocorrelation in our RERI estimates. Due to data scarcity,
leveraging this spatial information can increase precision in our estimates. Similarly to Aguilera

et al., (2020), we used a spatial Bayesian Hierarchical model (BHM) for this purpose (Aguilera
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et al 2020). BHMs provide a decrease in variance of estimates by using information spatially
near any point. The RERI estimates for each zip code obtained from the within-community
matched design analysis were used as the response variable in a spatial linear model. The
Bayesian model was fit using the spBayes package in R (Finley et al 2007). This package
requires the use of point-referenced data rather than areal regions, for this we used population-
weighted centroids from the US Census Bureau (Census Bureau). We fit an empirical semi-
variogram to estimate the starting values for the spatial parameters, sill (¢%), nugget (%), and
range (¢). Based on the shape of the semi-variogram, a Spherical covariance structure fit the
most closely to the data. The Spherical covariance function is commonly used in spatial analyses
and has the following form:

sy 3L LIAP
S rerl
0, |hl>¢

0< |h| <
Csph(h): IR ¢

The covariance structure is specified in the model implementation, which forces the
covariance matrix to hold this form. All covariance structures for this type of model are
isotropic.

The model forms a hierarchical model with two stages:

First stage: Y|0, Z~N(XB + Z,72I)

Second stage: Z|o2, p~N(0,0%H)

Where 0 is the vector of parameters including B, sill, nugget, and range and Z is the vector of spatial
random effects. Conditionally, Y;|Z are independent. H represents the spatial correlation structure, which

we set as Spherical in this case. The second stage model, called the process model, is introduced to

capture spatial dependence in the outcome variable. Model specification finally includes adding starting,

tuning, and distribution values for our priors of parameters TZ, and the hyper parameters ¢ and o2. The
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model captures the spatial process underlying the distribution of RERI in California from 2004 through
2013. This model generally can be considered a spatial Bayesian extension to a general linear model
(GLM).

The prior distributions and tuning parameters we used allowed for minimal impact on the final
values. Monte-Carlo Markov chain (MCMC) samples are used to estimate parameters. We used 10,000
samples, 75% for burn-in. An 800x800 raster grid was produced by interpolating the recovered sample
weights using multi-level B-splines. This methodology assumes isotropy although that may not hold in
the case of environmental variables.

To represent the precision of the point estimates, we computed the signal-to-noise ratio (SNR)
from the model output, which includes weight and standard errors. The SNR was mapped for each ZCTA
to represent significance. This gives a visual representation of areas where estimates of RERI from the
BHM are precise. We use the traditional cutoff when |[SNR| > 2 to represent precision. Additionally, as
acclimation and adaptation can modify the effects of heat (Marmor 1975) and ozone (Gong et al 1997),
respectively, a sensitivity analysis was conducted considering stratified estimates for each month of study,

to consider the potential differing effect of these exposures throughout the summer.

Meta-regression

Once spatial estimates from the BHM were output, we used them in a meta-regression to
understand the factors influencing these joint effects of ozone and heat over space. Demographic
and environmental variables were retrieved from the U.S. Census American Community Survey
(Census Bureau), and the Healthy Places Index (Delaney 2018). The variables we considered for
this analysis were neighborhood and demographic variables that have been shown to be related
to ozone and heat effects. These include population density, the percentage of residents that are
non-white, black, over 65 years of age, female, unemployed, without health insurance, foreign

born, race and environmental variables such as the percentage of the zip code with tree canopy,
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access to parks, and concentrations of other pollutants (PM2.s, PMio, NO2). We additionally
included variables about lifestyle, including accessibility of parks, percentage of commuters who
walk or ride a bike, and automobile ownership. Finally, we create a composite score from the
eigenvectors of the first principle component derived from PCA, we use this composite score as
another variable. Each variable was considered in a univariate linear model, with the spatial
estimates output from the BHM as the outcome. Effect estimates and confidence intervals were
taken from each model to represent the significance of each variable in the spatial distribution of

joint ozone and heat effects.

Results

Study population and summary of exposures

A total of 817,354 unscheduled respiratory hospitalizations occurred from 2004 to 2013
in 543 hospitals (map shown in Figure S8) in California (Table 1). Temperature and ozone
thresholds for various extreme heat event and ozone peak definitions are also described in Table
1. For example, extreme heat events defined by the 99th percentile using maximum temperature
across all ZCTAs have an average threshold of 38.95°C, ranging from 22.5 °C at the coast of
Northern California to 49.8 °C in the Southern desert, and a total of 28,616 ZCTA-days are
considered extreme heat event days using this definition (Table 1). There is coherent spatial
variation in what temperature value corresponds to specific percentiles throughout California; the
variation in maximum temperature threshold is shown for the 95th percentile of the temperature
distribution in Figure 1, ranging between 20°C in the coastal redwood forest of Humboldt County
in far Northern California as well as in the high southern Sierra Nevada mountains, to greater

than 45°C in the Mojave and Colorado/Sonoran Deserts in the far southeast. For ozone peaks,
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whose spatial distribution largely reflects that of temperature, but locally modified by the
distribution of population centers and industrial activity around the State, the overall average
concentration is 79.9 ppb with a standard deviation of 15.3 for the 99th percentile definition;
23,126 ZCTA-days fall within these concentration levels (Table 1). In subsequent results, ozone

peaks were considered at the 75th percentile to ensure sufficient ozone days could be analyzed.
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Figure 6 Spatial distribution of exposure values that corresponds to a 75th percentile of ozone (ppb) and 95th percentile of
maximum temperature (°C) during the warm season (May-September) for each ZCTA, 2004-2013 in California. Light gray areas
indicate no population and dark grey indicates missing environmental data.
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Table 4 Characteristics of respiratory hospital visits and summary of daily temperature and ozone pollution in California, May-

September, 2004-2013.

Health Outcome n Mean daily cases (SD)
Respiratory hospital visits 817,354 677 (195)
Environmental exposures Threshold # ZCTA-days exceeding threshold for
2,863 ZCTAs
Heat waves (°C) Mean £SD
Maximum temperature
97.5" 1-day 37.75+4.11 69,692
99" 1-day 38.95+3.85 28,616
97.5" 2-day 38.37+3.98 34,612
99" 2-day 39.57£3.78 11,391
Minimum temperature
97.5" 1-day 20.29+4.21 69,783
99" 1-day 21.27+4.22 28,679
97.5" 2-day 21.08+4.00 33,394
99" 2-day 22.10+3.88 12,105
Ozone waves (ppb)
99 79.92+15.36 23,126
95t 71.58+15.00 110,122
90" 67.49+14.87 217,272
75" 61.67+14.41 534,519
70 ppb 78.07+7.81 187,227
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Isolated effects of extreme heat events and ozone exposures

Figure 7 shows the association between extreme heat events and ozone peaks separately
and respiratory hospital visits for California. Extreme heat events defined using maximum
temperature revealed greater health impact than extreme heat events defined using minimum
temperature (Figure 7). Therefore, maximum temperature extreme heat events were emphasized
in the following analyses. Overall, the majority of thresholds used for ozone peaks appear to be
associated with increased hospital visits (Figure 7). Overall, results showed that ozone and
extreme heat events were independently associated with respiratory disease hospital visits in

some areas of California, but this association is not consistent.
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Figure 7 Odd ratios and 95% CI of the bivariate association between heat waves (99th 1-day, 99th 1-day, 97.5th 1-day, 97.5th 2-
day), ozone peaks (99th, 95th, 90th,75th, 70ppm) and respiratory hospital visits in California, 2004-2013.

Joint effects and spatial variation

When considering average joint effect in all of California, the RERIs revealed no effect
for any combination of extreme heat events and ozone peak definition (Supplementary Table 1).
However, when considering spatial differences in effect at the zip code level within California,
the variation is revealed (Figure 8). Differences in RERI estimates considering extreme heat

events at the 95" percentile and ozone at the 75th percentile within California demonstrated that



some areas showed a strong joint-effect with RERIs exceeding values of 2, and other areas
indicate negative interaction of values lower than -2 (Figure 8). Hotspots that show strong joint
effects are sparse, peppering the state here and there. Examples of these hotspots include a spot
along the US-Mexico border area and a sizable are in the western Central Valley along the San
Joaquin River. It is important to note that the high variation leads to imprecise estimates of joint
effects through RERI; precision of estimates can be seen in the Supplementary Material (Figures
S1 and S2). Results of spatial heterogeneity in RERI when ozone peak is defined by an absolute
threshold of 70 ppb are shown in Figure S3 and S4. However, some information is missing for
this definition due to many ZCTAs never reaching 70 ppb for ozone. Definitions of both extreme
heat events and ozone peaks analyzed showed distinct spatial differences.

We consider the lagged effect of these joint days by considering the average
hospitalizations on the two following days after an event. Figure S5 displays the Bayesian
surface of the RERI estimates. Overall, we find lower effect sizes and significance for this
analysis. The sensitivity analysis considering stratified estimates for each month of study showed
some variation in spatial patterns throughout the summer, indicating that acclimation may play a
role in some ZCTAs (Figure S6). However, we did not identify a strong attenuation of effect and

acclimation does not seem to be a major driver of our observed results.
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Figure 8 Interpolated spatial distribution of joint-effects of heat waves at the 95th percentile of maximum temperature (°C) and ozone
peaks (ppb) at the 75th percentile on respiratory hospital visits using RERI in California, 2004-2013 from Bayesian Hierarchical Model
(BHM).

42



Prediction of joint effects using neighborhood-level socio-demographics

Descriptors of variables included in the meta-regression for all California zip codes are
shown in the supplementary material (Table S3). Results of the meta-regression showed that zip
codes with a higher percentage of non-white residents, unemployed residents and population with
no health insurance were associated with stronger joint effects (Figure 9). However, these variables
are correlated with other demographic variables considered (Figure S7). After accounting for
median income, percentage non-white is no longer significant (Table S4) due to the high
correlation between these two variables leading to a model that is less reliable for identifying
effects. Zip codes with higher concentrations of other pollutants were also associated with stronger
effects, while a higher percentage of commuters who walk or ride a bike was associated with
decreased joint effects, although this effect was attenuated after adjusting for socio-economic
status (Table S4). Park accessibility, tree canopy the percentage of female residents, percentage of
residents with air conditioning, and those over 65 years of age showed imprecise predictions. The

composite score produced from PCA showed high influence from the variables for NDVI, no
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health insurance percentage, percent non-white and mean NO». The PCA score was significant and

relatively high in magnitude as we would expect.

Estimate

Variable

Figure 9 Results of meta-regression showing the association between standardized socio-demographic characteristics at the zip
code level and joint-effects of heat waves at the 95th percentile of maximum temperature (°C) and ozone peaks (ppb) at the 75th
percentile on respiratory hospital visits in CA, 2004-2013.
Discussion

Results of this study indicate that the effects of ozone and heat are highly heterogeneous
throughout California; some areas show strong joint effects while other parts of the state suggest
no interaction, or negative interaction, between ozone and heat. This validates the importance of
considering the effects of these exposures at a local scale. Understanding which spatial units (ex:
ZCTA) have joint heat and ozone effects in a large geographically and demographically complex

region such as California can inform warning systems and provide motive for considering

thresholds of both ozone and heat exposures to activate these warning systems in specific
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geographical areas. More specifically, understanding how zip-code level demographic and
environmental information is associated with these joint effects can be used to prioritize
resources.

In California, the forecasting system includes extreme heat events; the National Weather
Service uses an early warning system to identify potential heat risks at a local scale, which
provides guidance to decision makers to take action (NWS 2019). This resource forecasts
potential threats of dangerous high heat year-round, but to our knowledge does not take into
account joint-effects of ozone and heat. Our results highlight an opportunity to identify spatial
heterogeneity to inform joint warning systems at this localized scale. Interestingly, no large-
scale spatial pattern was observed, but “hotspots”, such as strongest positive joint effects were
observed in certain areas such as the Central Valley and the southern border region (Figure 3).
When considering a smaller scale, what appeared to be large-scale noise showed local signals at
the ZCTA level. Results of the meta-regression show that specific demographic and zip code
level information are drivers of these interactive effects. By identifying these areas that
experience joint effects of ozone and heat, interventions considering thresholds of both
exposures have the potential to prevent more cases of respiratory disease when implemented in
addition to two independent interventions.

Heat warning systems have been shown to be effective at decreasing the deleterious
effects of heat exposure (Toloo et al 2013; Benmarhnia et al 2019; Benmarhnia et al 2016). In
particular, the thresholds of local heat emergency plans can be adapted based on evidence from
epidemiological studies, which have been shown to increase the health benefits of activating heat
action plans (Benmarhnia et al 2019). Warning systems can be adapted to consider the joint-

effects of air pollutants such as ozone, which our results show would be beneficial in specific
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areas throughout California. This study and others considering fine spatial variation in the effect
of environmental exposures can be valuable to define and target these specific regions.

A literature review was conducted for studies investigating the joint effect of ozone and
heat on health (Table S2). Most of the literature considering the joint effects of heat and ozone
have presented assessments of average exposures in specific geographic areas such as cities or
counties, primarily in Asia and Europe (Scortichini et al 2018; Analitis et al 2014; Li et al 2017).
Studies have found conflicting results, ranging from indications of strong interaction (Qian et al
2008; Pascal et al 2012), to no interaction (Jhun et al 2014). Another study found a negative
association between ozone exposure and mortality on hot days (Lin and Liao 2009). Two papers
considering different cities or geographical areas found spatial variation in their results;
Pattenden et al., (2010) found ozone-heat interaction in only one conurbation in England
(London) out of the 15 studied (Pattenden et al 2010). Similarly, Ren et al., (2008) found
synergistic associations in communities in the northeast but not in the southeast of the United
States (Ren et al 2009).

Our results shed light on some of the variation in the findings of previous studies, some
of which may be explained by differences in socio-demographics and environmental factors at
the local level. Figure 3 shows the spatial distribution of the effect of extreme heat events on
respiratory hospital visits, which is highly heterogeneous (Basu et al 2012; Guirguis et al 2014).
When considering joint-effects, the overall results for the entire state of California showed no
interaction between ozone and extreme heat events (Table S1). However, there is a wide spatial
variation in the effects of heat, ozone and interaction of both, as observed in Figure 3. Some
areas show negative interaction. There is evidence to suggest that reductions in NOx are

associated with increase in ozone concentrations (Jhun et al 2015); these ozone precursors, such
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as nitrogen dioxide, could therefore be higher on low ozone-days, acting as a competing risk in
this association and potentially driving negative interaction in some ZCTAs. Additionally, the
perceived risk of air pollution and high heat events may alter behaviors and decrease exposure
when there is a dual threat of ozone and heat exposure (Semenza et al 2008); this may vary based
on capacity of populations to adapt which may be related to resource and socioeconomic factors.

As shown in the meta-regression results, neighborhood-level environmental
characteristics modify the vulnerability of specific ZCTAs to ozone and heat joint exposures.
Previous research has shown that high settlement density and sparse vegetation can increase the
human thermal comfort index, an indicator of heat stress (Harlan et al 2006). In our results,
population density was found to have a slight positive association with ozone-heat interactive
effects, but this estimate was not precise (Figure 4). Tree canopy, a measure of green space at the
ZCTA level, was not found to be a strong predictor of joint-effects either, although it did have a
slight protective effect (Figure 4). Although the interaction hotspots we observe are not
consistently concentrated in the highly urbanized areas of California, total population showed a
strong positive association with observed interactive effects in meta-regression results. This
heterogeneity may be explained by neighborhood-level demographic differences within highly
urbanized areas.

Minority populations and those of a low socio-economic status are particularly vulnerable
to heat (Gronold 2014) and ozone (Bell et al 2014) due to the range of associated individual and
neighborhood level factors that increase risk in these specific populations. Racial
microaggressions and racism experienced by individuals from minority groups may also hinder
their comfort in seeking care (Babla et al 2021). Our results are consistent with this finding, as

zip codes with a higher proportion of non-White populations showed a stronger joint-effect of
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ozone and heat (Figure 4). Interestingly, such effect is no longer observed after adjusting for
median income (Table S4). As discussed recently, race/ethnicity (both for individual level self-
reported race/ethnicity or neighborhood race/ethnicity composition) in environmental
epidemiological studies operates through various pathways such as differential socio-economic
status to generate observed environmental health disparities of interest (Benmarhnia et al 2021).
As described in the social epidemiological literature (Vanderweele and Robinsom 2014), such
patterns can be interpreted as mediated inequality measures which correspond to what would
happen to race/ethnic inequalities for a given health outcome if certain socioeconomic status
(like income) distributions were set to something other than what they in fact were across
racial/ethnic sub-groups. In the context of our findings, it means that if we were able to
(hypothetically) reduce income inequalities between race/ethnic groups (at the neighborhood
level) to zero, observed race/ethnic disparities regarding the joint impacts of extreme heat and
ozone would disappear. Interestingly, such patterns have been found in other studies in
environmental epidemiology (Benmarhnia et al 2021) or in the context of COVID-19 test
positivity and risk of hospitalization (Gershengorn et al 2021).

That being said, the positive association between median income and the role of the
proportion of unemployed residents in driving joint effects also exemplifies differential
susceptibility to environmental determinants and demonstrates the strong role of neighborhood
socio-economic status in driving this increased vulnerability to joint effects of heat and ozone
exposure. Exposure to multiple environmental risks, such as other toxins and poor housing
quality (Evans and Kantrowitz 2002), as well as social deprivation from lack of access to proper
healthcare and education can increase the vulnerability of populations from a lower socio-

economic status (Schnittker 2004). Older populations are considered to be more vulnerable to
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both heat (Benmarhnia et al 2015) and ozone exposures (Medina-Ramon and Schwartz 2008),
although our results do not indicate that zip codes with a higher elderly population have
increased vulnerability. Our results can be used to prioritize specific neighborhoods that are
considered at higher risk for joint ozone-heat effects, such as those with lower income and with a
high rate of unemployment.

Certain commuting and travel behaviors can also play a role in the joint health effects of
ozone and extreme heat events. In our results, the percentage of workers commuting by walking,
cycling or transit was shown to be associated with decreased joint-effects and automobile
ownership showed the opposite, indicating that car usage may a predictor of joint effects.
Reduced car travel has been shown to have health benefits through reduced air pollution
exposure and increased exercise (Grabow et al 2012). Specifically, using bicycles for urban
travel has been found to drive health benefits from decreased emissions (Lindsay et al 2011).
Increased walking and bicycling in California has been shown to contribute to disease reduction
(Maizlish et al 2017). However, accessibility to walking and bicycling for commuting is also
strongly correlated with neighborhood socio-economic status (Zahran et al 2008), which is
partially driving the association we observe. Although a higher percentage of workers
commuting by walking, cycling or transit remains associated with decreased joint effects after
adjusting for income (Table S4), there may be various other factors related to the socio-economic
context of the ZCTA that may explain this association.

Lastly, concentrations of other air pollutants were found to be associated with increased
joint effects, indicating that there may be multi-pollutant effects. This may be related to
environmental injustices, as low-income areas and communities of color have disproportionate

exposure to air pollutant concentrations (Su et al 2009). The Central Valley, where we observe a
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large hotspot of strong interactive effects has some of the worst air quality in the nation; this has
been shown to be associated with the highest rates of asthma in California (Meng et al 2010).
These findings indicate the importance of considering neighborhood-level characteristics in
understanding the vulnerability of specific areas to interactive ozone and heat effects.

Our results demonstrate the importance of going beyond an overall regional measure to
consider fine spatial heterogeneity in the effects and thresholds for early warning systems.
Without considering these effects at a local scale, positive associations may be concealed. In the
future, it would be important to assess the spatial variation in effects in other studies which found
limited or no joint-effects of ozone and heat in other regions. Additionally, this methodology can
be applied to other exposures to understand their spatial heterogeneity and identify susceptible
areas that can be used to inform targeted interventions.

There are a few limitations to this study that should be acknowledged. Missing values for
ozone left some gaps in our understanding in certain areas of California (23.4% of zip codes do
not have ozone information, missing data shown in Figure S9); zero values for hospital visits
also led to some difficulties in examining this association at the at the ZCTA level. Existing
methodologies for the use of spatial effects do not allow for anisotropy in spatial processes. The
assumption of isotropy does not hold for data across complex geographies of regions and
climates such as that of California, where, for example heat wave expressions at the highly
populated coast are modulated by coastal marine-layer clouds (Clemesha et al 2018). There is
room for methodological development in this area, and we plan to explore more flexible
methodologies. Lastly, heat waves are expected to become more humid in California (Gershunov
and Guirguis 2012); understanding the role of humidity in driving ozone and heat interaction is

an important area for future work.
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Climate change projections show that the frequency, intensity and duration of extreme
heat events as well as days of high ozone concentration are expected to increase (Gershunoa and
Guirguis 2012; Mahmud et al 2008; Gershunov et al 2009).. This study helps understand
predictors in the spatial distribution of these effects and can be used to inform and target joint

early warning systems to protect populations from the deleterious effects of both ozone and heat.
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CHAPTER 3: Spatially varying effect estimates of mediation in the
presence of spatial autocorrelation

Introduction

Many research questions in epidemiology require more than estimating the total effect of
an exposure. Instead, such questions involve decomposition of the total effect into separate
causal pathways. The most common strategy is to break down the total effect into a direct effect
of the exposure and an indirect effect of the exposure through a mediator. Recently, mediation
can be found in environmental epidemiology in relation to the role of air pollution on ethnic
health disparities (Benmarhnia et al, 2021), analyses of psychological outcomes like academic
burnout (Ye et al, 2011), social epidemiology research on socioeconomic status and mortality
(Hossin et al 2019), epidemiological research on blood pressure and tooth loss (Mendes et al
2021), and cancer prognosis (Syriopoulou et al 2021). Mediation analysis is used frequently and

widely in many fields and diverse research contexts.

The first and most common approach to mediation analysis comes from Baron and
Kenny (1986). This approach works in special circumstances but is marred by many restrictive
assumptions. Over the past decade mediation analysis methods to assess the importance of
different pathways and mechanisms has experienced incredible growth. Although traditionally
used in the social sciences, many recent methodological developments have been born from
public health and epidemiology. The Baron and Kenny approach, henceforth referred to as the
Product method, does not apply in most observational studies because the assumptions are
intractable (Kaufman 2004). Developments in the methodology of mediation attempt to alleviate

required assumptions and broaden the contexts in which mediation can be used. The
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counterfactual framework has been a large part of this development. A formal counterfactual
approach to mediation analysis was developed in 1992 (Robins 1992; Pearl 2001). It was shown
that the total effect can always be decomposed into natural direct and indirect effects, regardless
of the underlying statistical model. One of the initial developments has been to allow for
interactions between the exposure and mediator (Lange et al 2012; Vanderweele et al 2014).
Furthermore, early developments included allowing for binary outcomes (Vanderweele et al
2010) and binary mediators. There has been extensive evolution in the estimation of these effects
in time-to-event outcomes (Aalen et al 2019; Cho et al 2018) as well as time varying
confounders, mediators, and exposures (Lin et al 2017). In addition, progress has been made to
allow for multiple mediators (Bellavia et al 2017). Furthermore, there has been growth of
methodology to deal with collider-stratification bias and confounders of the mediator-outcome
relationship induced by the exposure (Vanderweele et al 2014). Finally, expansion to the use of
additional estimators that are robust against misclassification has been researched more recently
(Wodtke et al 2020; Rudolph 2018; Rudolph 2020).

The literature handles measured confounding of many types and different techniques for
modeling. There is however one methodological gap in the literature. Spatial variability in
causal inference is beginning to be explored (Reich et al 2021). As far as we know mediation
literature does not address spatial heterogeneity nor does it allow for spatial exposures,
mediators, or outcomes. This is especially pertinent for problems relating to environmental or
social epidemiology or in any field where data is spatially structured. In addition, mediating
relationships can be reasonably expected to vary over space due to confounders and spatial
covariance or due to distribution of the exposures and mediators. To ignore the spatial

relationships when considering mediating relationships is ill-advised as it allows for bias in
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estimation as well as not accounting for spatial variation. Understanding the spatial heterogeneity

of direct or indirect effects can help refining targeted interventions.

In this paper, we propose a novel analytical framework for this type of data. We propose
to combine the use of regression-based mediation analysis with spatial regression techniques;
specifically, spatially varying coefficient models. This allows us to explore spatial heterogeneity
in direct and indirect effects. In our simulation study we will explore data contexts of both
regular grid data and zip code level data, which is very common in epidemiological research. We
investigate different covariance scales, total effects sizes, and varying proportions mediated to
account for diverse data contexts. Finally, we include a case study with real data to show how

results of this methodological framework could be presented in practice.

Traditional Mediation Analysis

Statistical mediation analysis is used to estimate how an independent exposure variable
(A) affects an outcome variable (Y) through a mediator (M). There are many examples of
mediation published in fields from psychology to public health. Numerous studies use the
regression approach to mediation analysis, where there is a single mediator and the direct and
indirect effects are estimated through the use of three regression models (Baron et al 1986). This
is also referred to as the Product method (or Baron and Kenny).

Y:ﬁ0+ﬁ1A+6
(1)
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M=mn+mA+ €,

(2)

Y == 90 + elA + ezM + Efull

(3)

The Product method uses the product of two model coefficients to estimate the indirect
effect of 4 on Y through M. Equation ( 1 ) estimates the total effect of 4 on Y ( 1 ). The
controlled direct effect is estimated from 6, in Equation ( 3 ). Finally, the indirect effect is
estimated by multiplying n, from Equation ( 2 ) and 8, from Equation ( 3 ), with the assumption
that Y and M are both continuous variables. The indirect effect can also be equivalently estimated
as the difference of the total effect and the controlled direct effect when all relationships are
linear and without interaction.

Recent developments proposed a formal causal framework for mediation analysis using
this Product method, but these enhancements are applicable to any form of outcome, mediator
and exposure (continuous, binary, counts etc..) and also allow for exposure-mediator interaction.
As with any modeling approach we assume there is no unmeasured confounding of any of the
relationships (exposure-mediator, exposure-outcome and mediator-outcome). An additional
assumption for this method is that there is no confounder measured or unmeasured of the
mediator-outcome relationship induced by the exposure (A). We will henceforth refer to this type

of confounding as intermediary confounding.

Modern Mediation Analysis: Counterfactual Framework

Modern mediation analysis has built upon the Product method using causal inference

literature and counterfactual frameworks (Rubin et al 2005). The counterfactual framework
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provides notation for fixing relevant variables in non-randomized studies (Rubin 1974). For
further details on this notation see Causal inference: For statistics, social and biomedical
sciences: an introduction by Imbens and Rubin (2015).

The individual causal effect of an exposure on an outcome is the hypothetical contrast
between the outcome under the exposure and in the absence of the exposure. The notation for
this includes Y,, which is the potential outcome under the exposure, A = a. Then Y- is the
potential outcome under the counterfactual exposure, A = a* where a = 1 — a* when there is a
binary exposure. It is only possible to observe either Y, or Y+, this is known as the fundamental
problem of causal inference (Holland 1987). Then the causal effect is defined as E(Y, — Y,+)
(Richiardi et al 2013; Rubin 1974).

In mediation analysis specifically, this framework defines natural direct and indirect
effects that sum to the total effect (Pearl 2001). Here Y, ,, is the potential outcome under
exposure A = a and mediator M = m. The natural direct effect is the difference between the
outcome if exposed to A = a and the value of the counterfactual outcome if the same realization
of all confounders, were exposed instead to A = a* and the mediator set to the value it would
take with exposure A = a*. The natural direct effect is thus defined as E(Ya,M(a*) — Ya*'M(a*)). It
is also possible to estimate controlled direct effects (which is equivalent to natural direct effects
in the absence of exposure-mediator interactions), but in this paper we focus on natural direct
effects as our estimand of interest. Finally, the natural indirect effect is defined as
E(Ya,M(a) — Ya,M(a*)). This is the difference in the outcome if exposedto A = aand M = M(a)
and the value of the counterfactual outcome, if exposed to A = a but M = M(a*) takes on the
value M would take if the exposure was A = a*, under the same realization of all confounders

under A = a.
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Assumptions and Confounding
The four major assumptions in mediation analysis are in a class of confounding based

assumptions (Vanderweele 2010).

1 No unmeasured confounders of the relation between 4 and Y

2 No unmeasured confounders of the relation between 4 and M

3 No unmeasured confounders of the relation between M and Y

4 No measured or unmeasured confounders of M and Y that are affected by 4

Through use of the counterfactual framework various weighting and standardization methods
have been developed to address assumptions including the fourth and most restrictive
assumption. Weighting methods such as Inverse Probability of Treatment Weighting (IPTW),
Inverse Odds Ratio Weighting (IORW) and others handle multiple mediators, interactions, and
measured intermediary confounding. Additionally, use of G-Computation, a standardization
method, can address time-varying confounding, time-to-event outcomes, and exposure induced
mediator-outcome confounding and multiple mediators. Stochastic mediation (Rudolph 2018)
can allow for exposure induced mediator-outcome confounding and multiple mediators. Thus,
there are many methods for handling assumptions in this context that are not available in the

spatial domain.

Spatially Varying Coefficient Models
In most settings, mediation analysis uses regression models to estimate direct and indirect
effects. Fortunately, there exist various methods for spatial regression as well, but not in the

context of mediation. Thus, we can extend the use of linear regression in mediation to the spatial

57



domain through the use of spatial regression. We will consider two methods within a single class
of models referred to as Spatially Varying Coefficient (SVC) models, which allow model
coefficients to vary over space. We chose these two methods as they are computationally
tractable and analogous to linear modeling with no spatial dependence.

SVC modeling is a popular method for spatial regression in many applied science fields
including physics, marine biology, geography, climatology, atmospheric sciences and urban
planning (Paulson & Jiang 1995; Zang et al 2021; Wang et al 2008; Gan et al 2022; Jiang et al
2021). As a brief introduction consider that a response variable is sampled at N sample sites

distributed across a study region. The simple linear SVC has the following form:

Yi = Ezl;:lxpispi t €

(4)
Ele] =0

Var[e] = o2

where, x,,; represents the p-th explanatory variable at the i-th sample site and B,
represents the k-th SVC, where K is the number of sample sites multiplied by the number of
explanatory variables. Finally, 62 is a variance parameter. The two methods we will consider are
the representative SVC, Geographically Weighted Regression (GWR) and Moran based SVC for

large data sets (M-SVC).
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Geographically Weighted Regression

GWR extends Ordinary Least Squares (OLS) linear regression models by accounting for
spatial structure and estimates a separate model and local parameter estimates for each
geographic location contained in a data set. This local model is based on a subset of the data
around the location or the neighborhood of the point. These points are utilized by adopting a
differential weighting scheme. Introduced by Brunsdon et al (1998), this method of modeling is
very similar to kernel regression (Ruppert et al 1995), in that we have a kernel function.
However, in GWR the kernel is not based on similarities in predictor variables, but is instead

spatial, considering physical distance.

GWR can be considered a kernel-weighted method of regression. In any kernel
regression, there are two major choices to be made. We must choose a kernel function and

choose a bandwidth for our 'circle of inclusion'.

Kernel Function

The regression model centered at each x; can be thought of as a weighted OLS regression
where the weights for points within the neighborhood follow a particular kernel function and
those outside the neighborhood are weighted at 0. The simplest case of a kernel function gives
uniform weights to all observations within the neighborhood.

(1 dy <h
Wik = {0 otherwise

(5)
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Where h is the radius of the neighborhood and d;j is the distance from a point x;, to the point
x;. This weighting is overly simplistic and restrictive as a step function. Continuous kernel
functions are more common. A kernel function, K(d), which is a function of distance, should

have the following properties (Brunson et al 1998):

1) K(0)=1
2) limy,oK(d) =0

3) K s a monotone decreasing function for positive real numbers

The kernel function we will consider for our analysis and simulation will be the Gaussian

decay kernel.

Wi = e-d/(2n?)

(6)

The Gaussian decay kernel allows for the weight to gradually decay with distance. The
constant bandwidth, h, in a continuous decay function only provides a measure of the rapidity of
decay. Using this weighting scheme, each resulting 3 estimate in model ( 4 ) will be continuous

on R2.

There are several other common Kernel functions including the Exponential function.

Wik = e_dik/(h)
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and the bi-square function.

Wi = {1 — ((dg)?/2h?)" diic < h
0 Otherwise
Ideally, the choice of a Kernel function will depend on the spatial covariance of the
observed data. However, in my experience the bandwidth is more important than the shape of the
kernel. There are many approaches to choosing a kernel function apart from the spatial
covariance but in the literature a Gaussian kernel is the most commonly used in practice for

continuous data (Lu et al 2011).

Choosing the Bandwidth

Choosing the bandwidth is a more important and influential choice in our experience.
There are two common ways to choose the bandwidth h. The first uses a cross validation method
to choose the optimal fixed bandwidth. Here we find the h that minimizes the sum of squared

errors at all locations, i:

CV =3[y, — ya(®)]?

Where y,(B) is the fitted value of y; with the observation for the i site omitted from

the calibration. This method is the method we will use when choosing a bandwidth. However, it
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should be noted that leave one out cross validation can change the spatial dependence structure

in an areal data setting.

There is an additional method for bandwidth choice that minimizes the Akaike
Information Criterion (AIC), but this involves the computation of n X n matrices where n is the
number of sample sites and therefore is not ideal for large spatial datasets. However, AIC can be

more exact in smaller spatial settings.

Computation
Having chosen a weighting function and bandwidth our (3 estimates can be computed

with the following:

B =XTWX)1XTWy

(7)

The matrix W; is the diagonal matrix of the w;;, weights.

(8)

The B in Equation ( 7 ) is a matrix containing all 8;; for each sample site i and predictor |

(from 1 to p). This is the main output from GWR. A row corresponds to all the {3 estimates for
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each location. The matrix of 's can be extracted as an n X p matrix where p is the number of

predictors.

Moran Spatially Varying Coefficient Model

Moran SVC (M-SVC) is an approach developed and based on the Moran coefficient

(Moran 1950). This coefficient is a diagnostic statistic of spatial dependence. MC wheny =

[y(s1),..., y(sn)]' is:

N y'CDCy
1'D1 y'Cy

MC(y) =

(9)

Where the w are the spatial weights, D is a symmetric spatial proximity matrix with 0

diagonals and C is a centering matrix of the form C = I — 11'/N, and N is the number of
sample sites. When the ys are positively spatially dependent values then MC(y) > N__—ll And when
negatively dependent, MC < N__—ll (Griffith 2003). D is a proximity matrix where the (i,j)™"

element is defined by e~46i))/™ where the range parameter r is given by the maximum distance
in the minimum spanning tree connecting all sample sites (Dray et al 2006; Murakami et al

2015).

Modeling
Moran eigenvector SVC (M-SVC) is a modeling approach (Griffith 2008), which is an

extension of the Moran eigenvector spatial filtering approach (Griffith 2014). While
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instability of this approach was alluded to by Helbich and Griffith (2016) and Oshan and
Fotheringham (2018), Murakami et al. (2017) extended it to approximate the Bayesian-SVC
model, and Murakami et al. (2017; 2018) demonstrated its estimation accuracy through Monte

Carlo experiments with a fast computation approach introduced in 2019 (Murakami 2019).

Let V=CDC, take E = [ey, ...,e;] to be an N X L (< N) matrix of eigen vectors of the
CDC matrix. Furthermore, A is the diagonal L X L matrix of the L leading eigenvalues of
V{A4,...,A.}, these explain the highest proportion of spatial dependence. This method applies L
eigen-pairs corresponding to positive eigenvalues from E and A. This method like other SVCs
assumes positive spatial dependence by only taking L eigen-pairs corresponding to positive

eigenvalues.

The M-SVC coefficients are formulated with a fixed and varying portion with an
eigenvector Moran Coefficient (MC) based model of spatial dependence. The overall model for

an outcome, Y, is as follows:

y=b1+ X _x.°Br + Ey, + & v1 ~N(0,T2T%), £ ~ N(0,5%I)

(10)

Wherey (N X 1) is a vector of response variable values at each sample site and
xx (N X 1) is the vector of the k" covariate for all the spatial sample points, i. The Ey,
captures residual spatial dependence, Murakami and Griffith (2018) showed that the term Ey,

with L = 200 greatly reduces residual spatial dependence.
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The B, is made from two components, 3, = by + Ey,, where b, is a constant mean and
Ey/ is the spatially varying component, composed of eigenvectors and random coefficients,
Yi ~ N(0, T2I'%). Ey,, has 2 properties, it is interpretable in terms of the Moran Coefficient and
the eigenvectors have zero means. Both properties are important to make the Eyj, values
identifiable and model the spatial dependence.

The vy vector is a vector of random coefficients depending on two shrinkage parameters,
1% and ay,. The T parameter controls the variance of the spatial variation of B;. The o parameter
guides the spatial scale, thus estimating the spatial scale parameter of the SVC rather than using
a range parameter, which is treated as fixed in a GWR model. This accelerates model estimation
and estimation error remains small (Murukami and Griffith 2018).

We additionally have an error term €, which we assume is Gaussian with mean 0 and
variance o2, that captures non-spatial variance. We assume all spatial variation is captured in the

other terms of the model.

Parameter Estimation

The M-SVC model is estimated by the Type II restricted likelihood (empirical Bayes)
method that maximizes the log-likelihood of the shrinkage parameters ® = 0, ... 8, where 6, =
{12, o} and the log-likelihood of y conditional on b and ©. If the probability density functions
for y and the random coefficients u are Gaussian, the log-likelihoods have an analytical
expression. Using this restriction, the parameters can be estimated (Bates 2010). Thus, since u

represents the random coefficients, V(0,)u; = vy as defined previously.
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_ 1 N-K 21td ()
loglik(©) = —ElanI - 1+1n N_K

X'X

(11)
X'E,V (6,) X'EV (6,)
p — |XE1V (61) V(0)ELEV(61) + I V (0)E"1ELV (64)
V (0,)E" X V (6,)E' E{V (0;1) v V(OE'LELV (6)) + I
The derivative d(8) is equal to:
K 2 K
d©) = |ly = Xb = > EV @@ || + ) Il
k=1 k=1

The b and the u values are estimated by Equation ( 12).

X'y

b
Uy —p? V(6,)Eyy

uy V(0,)Ey

(12)
This combination balances the accuracy and complexity of the model. The values for ® can be

estimated by maximizing ( 11 ). This is followed by the estimation of the {b,u,

———

..., ugpwith
Equation ( 12). The SVCs are estimated by Equation ( 13 ).
Bk = bx + Eyx = byl + EV(8))i;
(13)
Finally the residual variance must be estimated as o? =

Al ~ _ _
v k& gwhere & =y
b1 — YK, x°Bx — Ey; as defined in equation ( 10 ). The variance of the Bestimates are

used to evaluate statistical significance. This variance is estimated analogously to a linear mixed
effects model.

Likelihood maximization is computationally inefficient especially due to the high number

of parameters that must be estimated under a high number of predictors, K. Thus, matrix tricks
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can be employed to speed the processing time of this type of model (Murakami 2019). For the
purposes of computational efficiency, there is a fast M-SVC (Murakami 2019). Using the
Nystrom extension (Drineas 2005) based approximation of the Moran eigenvectors and
eigenvalues (Murakami 2018), this avoids the high computational cost of eigenvalue
decomposition. And instead of using every sample point for the development of the proximity
matrix a C matrix is computed using L knots where L <« N. L = 200 is sufficient to model

spatial dependence (Murakami 2018).

Combining Mediation Analysis and SVC modeling

Spatially varying coefficient models are analogous to linear regression or mixed models
both of which are employed for traditional mediation analysis (Bind 2016). For this reason,
under similar assumptions to the Product method, we can extend this to a spatial setting. We can
fit two SVC models with the forms from Equations ( 2 ) and ( 3 ) using either GWR or Moran
SVC modeling. From there the Product method can be employed to provide local estimates for

NDE and NIE.

GWR requires the selection of a bandwidth, for which we will employ a cross-validation
(CV) procedure to select for both models ( 2 ) and ( 3 ), however M-SVC does not require this
step. The modeling procedure employed the use of two packages spmoran (Murakami) for the

M-SVC modeling and GWModel for the GWR modeling.

Thus, the procedure has the following form:
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1) Choose the bandwidth for the y model of the form of Equation ( 1), this is required only for
GWR models.
2) Fit a model of the form of Equation (1):

E[Y] = 6, + 6,A + 6,;M + 65_,B
, where A is the exposure, M the mediator and B are any confounders.
3) Choose bandwidth for the M model (Equation ( 2 )) in GWR.
4) Fit a model of the form of Equation ( 2),

M =mn + mA + N2—p, Bnm

where B,, are the measured confounders of the causal pathway from A - M.
5) Estimate errors in estimation of Y using RMSE and squared errors at each location.
6) Estimate spatially varying estimates of NDE and NIE by extracting coefficients from each
model and using the procedure outlined in the traditional mediation section to multiply
coefficients.
7) Estimate the coverage probability using the standard errors from the SVC models and the true

median NDE and NIE values.

There are a few advantages and disadvantages to these two SVC models that are worth
mentioning prior to the presentation of simulation studies or empirical example. The main
difference between the two methods comes in the form of a trade-off, we must choose whether
we prefer computational efficiency over estimation accuracy. The M-SVC method is much more
computationally efficient as N increases due to the approximation of the eigenvector-eigenvalue
decomposition. Although under most situations, the data will not be large enough to cause GWR

to take longer than an hour. However, GWR has the potential to be more accurate due to no
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approximation or restrictions on the maximum likelihood estimation. However, GWR does
introduce human bias by the choice of spatial covariance function as well as having no adaptive

scale parameter.

Validation

To validate this method of spatial mediation we will use RMSE to estimate bias, and
standard error estimates from the two SVC models to give coverage probability of our NDE and

NIE estimates for each setting.

Simulation Study
Design

To test the efficacy of combining the traditional Product method of mediation analysis
and spatial regression techniques, M-SVC and GWR, we must perform a simulation study in a

variety of settings. We want to test in different mediation scenarios and across different values of

the range parameter for spatial auto-correlation.

In Table 5, we present the 12 simulation settings to be considered. We will consider
scenarios where the total effect is both high and low and when the proportion mediated is high
and low, with a distribution across space that has scale (range) that takes on three values. We use
the terms range and scale here, interchangeably, referring to the extent of the spatial correlation.
We consider range as a proportion of the size of the image due to the multiple different spatial
domains used in this simulation study: both small and large. We consider range parameters that
are small compared to image size (1/20), where the range is about 1/5 of the image size and

when range is high at about 1/2 of the image size.
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We consider baseline spatial confounders, but no confounders that are unmeasured. We,
additionally, do not consider confounders that effect the mediator and outcome that are affected

by the exposure variable, i.e. intermediary confounders.

We study three different data scenarios in addition to our 12 simulation settings. We
examine a small setting, with justa 20 X 20 pixel image. We consider a large regular grid
setting, in which we use the shape of California and a grid system that has 0.1° X 0.1° cells. And
finally, we aggregate the regularly gridded data into ZCTA areas, like how most epidemiological

data is provided to test efficacy in that setting.

Small grid simulation results

In Table 6,we can see the RMSE for the outcome and mediator models in the small
20x20 grid simulation. When our total effect is low, universally the RMSE in the mediator model
is much higher than the RMSE for the outcome model. When total effect is high and proportion
mediated is high we have the most favorable results of the models with lowest bias. However, in
the low total effect and high proportion mediated case, when the scale parameter is high the
mediator models fail in both GWR and M-SVC. However, a scale parameter this large is not
expected in practice and with a spatial covariance with such a large relative scale, a global linear
model may perform just as well. In addition, both modeling techniques perform about equally
here. We do not present the standard errors and coverage probability because this setting is under

powered, and thus the standard errors are larger than the effect sizes.
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Table 5 Simulation Settings considered in the simulation study, all are considered in the small grid, regular grid setting and
aggregated into regions (zip code).

Total Effect Proportion Mediated Range Parameter
(as a proportion of image size)

0.625 4% 1/20

0.625 4% 1/5

0.625 4% 172

0.625 36% 1/20

0.625 36% 1/5

0.625 36% 172

6.25 4% 1/20

6.25 4% 1/5

6.25 4% 172

6.25 36% 1/20

6.25 36% 1/5

6.25 36% 172

In Table 7, we can see the counter intuitive result that M-SV C takes longer to fit than

GWR suggesting in a small area setting, GWR does not suffer the disadvantage of time.

71



Table 6 Small simulation RMSE results for both GWR and M-SVC

TE Prop Scale RMSE RMSE RMSE RMSE RMSE RMSE
Med GWR GWR M-SVC | M-SVC | Ratio Ratio
pixels | Outcome = Mediator | Outcome | Mediator = Outcome | Mediator

0.625 | 4% 1 0.74 1.27 0.66 1.23 1.12 1.03
0.625 | 4% 3 0.24 0.68 0.26 0.86 0.92 0.79
0.625 | 4% 10 0.10 0.34 0.57 0.34 0.14 1.0
0.625 | 36% 1 0.48 1.0 0.46 0.99 1.04 1.01
0.625 | 36% 3 0.34 0.73 0.41 0.78 0.83 0.93
0.625 | 36% 10 0.56 16.6 0.43 11.3 1.3 1.46
6.25 4% 1 0.14 0.84 0.48 0.84 0.29 1.0
6.25 4% 3 0.11 0.51 0.41 0.54 0.26 0.94
6.25 4% 10 0.02 0.27 0.03 0.20 0.66 1.35
6.25 36% 1 0.19 0.82 0.38 0.82 0.5 1.0
6.25 36% 3 0.05 0.31 0.11 0.36 0.45 0.86
6.25 36% 10 0.27 0.31 0.66 0.59 0.41 0.52

Table 7 Small simulation time results showing counterintuitive GWR efficiency over M-SVC.

Method Time (sec) Standard Deviation (SD)
GWR 4.12 0.64
M-SVC 34.5 10.8

Regular grid simulation results
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In Table 8 are shown the RMSE values for both modelling frameworks for all the
simulation settings as well as ratios for the GWR RMSE over the M-SVC RMSE. In this setting
due to the larger data size, the small total effect settings do not result in significantly higher
RMSE values. We see the largest RMSE in settings with the smallest scale parameter. Here in
this data setting we also do not suffer when the scale is large, total effect is small ,and proportion

mediated high the same way as we do in the small simulation setting.

The ratio columns show that performance for the M-SVC model is better for the outcome
model in settings with a high scale parameter. But overall, the GWR model handles the mediator
model efficiently. Thus, suggesting in a setting with very large scale we should consider M-SVC,

but in most scenarios GWR performs very well.

Overall performance here is very good. The NDE and NIE median estimates for each
method are in Table 9. The true median values are displayed in bold columns. Also displayed are
the results if you were to run global linear models instead of accounting for any spatial
autocorrelation. The global linear models are inconsistent and most often do not fit the data well.
The GWR and M-SVC have similarly good performance in inference except in very particular
scenarios. For instance, in simulation setting 12 GWR underestimates both the NDE and the
NIE, whereas M-SVC performs much better. Additionally, in setting 6, GWR underestimated the
NDE and overestimates the NIE. When scale is high and proportion mediated is high GWR tends
to underestimate the NDE whereas M-SV C does not suffer from this problem.

The coverage probability and standard errors are displayed in Table 10, we can see from

this table that the M-SV C models are more consistent and accurate in estimating the NDE and
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NIE, with some underestimation of NIE in settings 10-12. The coverage probability is varying

with the GWR model and the standard errors are incredibly high in simulation settings 3 and 8,

suggesting high scale may lead to low accuracy or precision for GWR models, where the

bandwidth of the neighborhood is chosen through cross validation. Furthermore, the accuracy of

the NDE estimates is shown to be low in the high mediated effect simulations because the

coverage probability is so low.

Table 8 Simulation settings with Standardized RMSE from both outcome and mediator models for regular grid simulations.

TE Prop Scale RMSE RMSE RMSE RMSE RMSE RMSE
Med GWR GWR M-SVC | M-SVC | Ratio Ratio
degrees | Outcome = Mediator | Outcome | Mediator A Outcome = Mediator
0.625 | 4% 0.5 0.32 0.51 0.48 0.67 0.66 0.76
0.625 | 4% 2 0.36 0.25 0.25 0.32 1.44 0.78
0.625 | 4% 5 0.27 0.16 0.17 0.21 1.58 0.76
0.625 | 36% 0.5 0.33 0.53 0.49 0.67 0.67 0.79
0.625 | 36% 2 0.23 0.26 0.26 0.34 0.88 0.76
0.625 | 36% 5 0.30 0.15 0.16 0.21 1.87 0.71
6.25 4% 0.5 0.5 0.36 0.51 0.49 0.67 0.76
6.25 4% 2 0.24 0.25 0.26 0.31 0.92 0.80
6.25 4% 5 0.29 0.16 0.17 0.21 1.70 0.76
6.25 36% 0.5 0.32 0.52 0.48 0.69 0.66 0.75
6.25 36% 2 0.41 0.25 0.26 0.34 1.57 0.73
6.25 36% 5 0.33 0.15 0.17 0.20 1.94 0.75
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Table 9 The estimated NDE and NIE for the models as well as with a global linear model.

Sim Global | GWR SVC LM Global | GWR SVC LM
Setting | NDE Median | Median | NDE NIE Median | Median | NIE
NDE NDE NIE NIE

1 0.60 0.61 0.61 0.74 0.025 0.032 0.037 0.126
2 0.60 0.58 0.62 0.43 0.025 0.025 0.028 -0.01
3 0.60 0.55 0.59 0.42 0.025 0.143 0.021 1.2
4 0.4 0.41 0.39 0.36 0.225 0.32 0.285 0.31
5 0.4 0.36 0.41 0.01 0.225 0.20 0.27 -0.01
6 0.4 0.18 0.39 -0.07 0.225 0.85 0.21 1.54
7 6 5.96 6.0 5.88 0.25 0.26 0.26 0.14
8 6 5.96 6.01 5.69 0.25 0.31 0.27 0.49
9 6 6.35 6.06 6.97 0.25 0.32 0.25 0.9
10 4 4.02 3.98 4.05 2.25 221 2.16 2.10
11 4 3.81 3.97 3.28 2.25 2.15 2.09 3.15
12 4 3.40 3.87 3.46 2.25 1.62 2.24 -0.21

In Figure 10 and Figure 11 we see the performance of GWR and M-SVC, respectively in

a single instance of simulation scenario 10. The error displayed in subfigures 10c and 11c¢ is

75



Gaussian while being low in magnitude. The NDE and NIE for both methods have very similar
patterns of differences, SVC has lower variance in the estimates as well as higher spatial
correlation than the GWR. From the coverage probability we can determine that SVC has better
coverage probability and precision in the estimates, while GWR has marginally lower RMSE.
Finally, both error plots show roughly a random field, which suggests good model fit in the
outcome model.

We do not include any confidence intervals or hypothesis tests here as power was not a
consideration in this set of simulations. For the low mediated effect simulations, there is not
enough power to have significant estimates of NIE, additionally simulation settings 10 through

12 are over-powered.
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(c) The difference between the true Y and predicted Y.

Figure 10 The estimate plots for using GWR in simulation setting 10. WE expect the median NDE value to be 4 and the median
NIE to be around 2.21.
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Figure 11 The estimate plots for using Moran SVC in simulation setting 10. We expect the median NDE value to be 4 and the
median NIE to be around 2.21.
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Table 10 Coverage Probability from the GWR and M-SVC models for all 12 simulation settings and both NDE and NIE with
standard error estimates from the NDE and NIE estimation.

GWRNDE (SE | GWRNIE (SE | M-SVCNDE | M-SVC NIE (SE
NDE) NIE) (SE NDE) NIE)
S1 82.4% (0.29) 98.9% (0.38) 98.6% (0.16) 100% (0.20)
S2 57% (0.19) 92% (0.26) 92% (0.13) 100% (0.13)
s3 100% (6.8) 100% (5.91) 96.5% (0.10) 100% (0.08)
sS4 72% (0.22) 87% (0.34) 92.7% (0.19) 98.4% (0.22)
S5 50% (0.20) 71% (0.24) 91% (0.13) 96% (0.14)
S6 33% (0.06) 66% (0.09) 82.4% (0.27) 100 % (0.023)
s7 81% (0.28) 89% (0.36) 93.1% (0.19) 100% (0.05)
S8 100% (27.9) 100% (16.9) 96% (0.15) 98.3% (0.16)
S9 60% (0.10) 78% (0.02) 90% (0.10) 91% (0.09)
310 81% (0.36) 49% (0.37) 96% (0.20) 65% (0.22)
S11 37% (0.13) 100% (5.0) 93% (0.13) 73% (0.12)
S12 50% (0.12) 34% (0.12) 92% (0.09) 67% (0.08)

The times for running these models are more starkly different than in the small simulation

setting. Whereas M-SVC has a strong advantage, taking only 1.7 minutes on average, GWR

takes nearly 6 minutes for a single fit of both the mediator and outcome models without fitting

the standard errors. Furthermore, when using a GWR model, one must be careful about the

implementation they choose. To fit standard errors for each sample site, the modeling

computation time increases precipitously with some implementations but not others. In the above

grid settings, GWR with fitted standard errors takes about 1.5 hours with the spgwr package. We
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suggest using the GWmodel package instead. This can be incredibly taxing computationally
depending on the research question and thus choosing the most efficient implementation is
important. For this reason and the increased precision of the M-SVC model, in a big data setting

we suggest the use of M-SVC.

Aggregated Areal Region Results

To test the efficacy of this type of analysis on the most common form of spatial data in
social or environmental epidemiology, we did the same simulation setting but with data
aggregated into ZCTAs in the state of California. This does not represent real data but represents
a data situation common for some epidemiology research questions where data is aggregated to
preserve privacy.

The RMSE values in Table 11 show much larger values than the non-aggregated case in
most settings. In particular, when the total effect is low and proportion mediated is low both
model types do not converge to the correct values. However, M-SVC has lower RMSE overall as
seen in the ratio columns. When the total effect is large RMSE is similar in value to the non-
aggregated case with some bias in the mediator model in simulation setting 7 and 10 suggesting
lack of fit when the scale value is too low, which is to be expected because some zip codes are so
large relative to the scale.

In Table 12, the NDE and NIE median estimates from both model types are displayed.
We can see from the values here that GWR adheres more closely to the true values of NIE but
underestimates NDE precipitously. The M-SVC models are severely underestimating both the

direct and indirect effects but does a better job in the low total effect settings than GWR.
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Furthermore, coverage probabilities are not presented as the standard errors are high in this
aggregated setting.
The time differences are negligible, average 1.03 minutes for M-SVC and 1.12 minutes

for GWR.

Table 11 Simulation settings with RMSE from both outcome and mediator models for aggregated simulations for GWR and SVC
models.

TE Prop Scale RMSE | RMSE | RMSE | RMSE  RMSE  RMSE

Med GWR GWR M-SVC | M-SVC | Ratio Ratio

degrees | Outcome = Mediator | Outcome | Mediator A Outcome = Mediator

0.625 | 4% 0.5 7.39 0.71 6.22 0.78 1.18 0.91
0.625 | 4% 2 1.18 0.21 0.71 0.12 1.66 1.75
0.625 | 4% 5 15.69 0.18 8.09 0.08 1.93 2.25
0.625 | 36% 0.5 1.71 1.07 1.63 1.18 1.05 0.91
0.625 | 36% 2 0.28 0.24 0.17 0.13 1.64 1.84
0.625 | 36% 5 0.29 0.21 0.15 0.09 1.93 2.33
6.25 4% 0.5 0.24 1.13 0.23 1.25 1.04 0.22
6.25 4% 2 0.15 0.25 0.13 0.13 1.15 1.92
6.25 4% 5 0.06 0.21 0.04 0.09 1.50 2.33
6.25 36% 0.5 0.22 1.90 0.20 2.01 1.1 0.91
6.25 36% 2 0.33 0.43 0.24 0.25 1.37 1.72
6.25 36% 5 0.13 0.39 0.07 0.16 1.85 1.87
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Table 12 The estimated NDE and NIE for the models as well as with a global linear model.

Sim Global | GWR SVC LM Global | GWR SVC LM
Setting | NDE Median | Median | NDE NIE Median | Median | NIE
NDE NDE NIE NIE

1 0.60 0.38 0.39 0.74 0.025 0.021 0.011 0.126
2 0.60 0.20 0.39 0.43 0.025 0.013 0.01 -0.01
3 0.60 -0.386 | 0.39 0.42 0.025 0.08 -0.002 | 1.2
4 0.4 0.205 0.268 0.36 0.225 0.193 0.135 0.31
5 0.4 -0.02 0.246 0.01 0.225 0.158 0.133 -0.01
6 0.4 -0.43 0.283 -0.07 0.225 0.28 0.06 1.54
7 6 4.35 4.07 5.88 0.25 0.26 0.19 0.14
8 6 4.2 4.17 5.69 0.25 0.25 0.18 0.49
9 6 2.53 3.43 6.97 0.25 0.35 0.08 0.9
10 4 2.60 243 4.05 2.25 1.91 1.65 2.10
11 4 2.48 243 3.28 2.25 2.05 1.69 3.15
12 4 1.64 2.19 3.46 2.25 2.35 2.38 -0.21

Below similarly to Figure 10 and Figure 11 we have Figure 12 and Figure 13, which are
the NDE and NIE spatial estimates for simulation setting 10. Notably, the NDE is
underestimated in both models in this setting and the NIE has some outliers in the GWR fit and
is slightly underestimated in the M-SVC fit. The errors in the Y models show higher magnitude

error than in the non-aggregated and appears more spatially correlated.

82



N
N

Overall NIE = 2.21 ]

Overall NDE = 4

4N
ao'N

NDE NIE

3N

uN

(a) Estimated NDE from GWR models in aggregated set-(b) The estimated NIE with GWR models in aggregated

ting. setting.

g Truth-Pred
2
1
- fe
0
El
2
2

(c) The difference between the true Y and predicted Y in

3N
0

N

aggregated setting.

Figure 12 The estimate plots for using GWR in aggregated simulation setting 10. We expect the median NDE value to be 4 and
the median NIE to be around 2.21.
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Figure 13 The estimate plots for using Moran SVC in aggregated simulation setting 10. We expect the median NDE value to be 4
and the median NIE to be around 2.21.

The results from the aggregated setting show the downfalls to using zip code level data
for analysis. The irregularly spaced regions are not geographic regions, but designations for mail
delivery by USPS leading to vast areas with no coverage and also low number of neighboring zip
codes for many. We see here that GWR and Moran SVC models although they handle the
irregularity have some problems, which we expect to be quite common. Overall though M-SVC

performs better in most settings even though it underestimates the decomposed effect sizes. In
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general, we do not suggest using this method in a zip-code level setting, but if necessary
introduce variables to help account for this irregularity, like population and area of each zip

code.

Case Study: Modeling Procedure

The modeling framework shown in Section 4 demonstrates that this modeling procedure
is viable for use in analysis in environmental epidemiology in some settings. To illustrate the

possible use of this methodology in practice a case study with spatial data was undertaken.

For this we use the California Healthy Places Index (HPI 2018) and CalEnviroScreen
(2019) data to explore the relationship between income and Cardiovascular Disease (CVD)
mediated by PM2.5. We evaluate this relationship because it is understood that income can have
an effect on health outcomes like rate of CVD (Mosquera 2016), however, pollution like PM 2.5
can modify this relationship as it is also a predictor of CVD (Hystad 2020), but income can effect

PM2.5 exposure as well (Finkelstein 2003).

The data we use to estimate these effects come on the census tract level, this is higher
resolution than a zip code and so may lead to better results than the zip code level data. We
dichotomize the income variable for simplicity in interpretation by taking the median as the
cutoff. We include the education level, proportion white and employed percentage as
confounders in our outcome model. We fit the GWR models for the mediator and the outcome

and use the Product method to estimate the NDE and NIE.
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Figure 14 The estimate plots for using GWR with the Case Study data.

Figure 14 shows the results from the case study. We can see that the error and bias
ranges between -3 and about 5 with most values falling between -2 and 2, due to the outcome
being on a percentile scale from 0 to 100 this is not particularly high. Bias in general can be due
to misattribution of the bandwidth or correlation functions, so if one sees high bias in their

outcome models a further exploration of the spatial parameters of the data is suggested.
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We also can tell that the mediated proportion is quite low, around 5% here. This suggests
that the bulk of the total effect of income on CVD percentile is explained by income itself and
mediated varying around 5% by PM2.5 exposure. Additionally, in these results we can see that
the effect sizes vary over space. The mediated proportion varies from 2 % to 5 % and the NDE
varies from (0.17,0.21). However, because this data is on the census tract level, we expect
underestimation of the NDE and the total effect is small. This together suggests that this

modeling paradigm is not sufficient in this setting.

Discussion

In this paper, we proposed a novel framework for estimating direct and indirect effects of
an exposure allowing for spatial heterogeneity. Through simulation we found that this method of
combining traditional mediation analysis and spatial regression is accurate on a gridded dataset.
We find that with the same assumptions as the Product method in addition to isotropy allow us to
accurately estimate natural effects on a spatial domain. We found that on a regular grid, the

performance of these analysis methods is far better than when aggregated at the zip code level.

On a gridded dataset in both small and large settings we see very low bias and good
coverage. In the small grid setting GWR has lower bias, this was expected because M-SVC is
designed for large datasets. In the large regular grid setting we find that although both methods
have very low bias in most settings, GWR has lower coverage probability and is more
inconsistent in performance than M-SVC. M-SVC is thus suggested as the best model framework

for this type of data.
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For zip code level spatial data, this analysis method is inadequate in most of the
simulation settings. Furthermore, the M-SVC method tends to underestimate effects, particularly
when the scale variable is low. But in general, has lower bias than GWR and lower variability in
estimates. GWR can even lead to some negative estimates of NIE and NDE in the small total
effect settings. If there is a small total effect and large proportion mediated, M-SVC may be
sufficient in a zip-code setting with the inclusion of variables to account for irregularity of each

zip code.

For these reasons, we advise the use of M-SVC based mediation analysis when gridded
data is available. It is ideal to work in the grid setting in any case as the bias is lower and

estimates are more precise.

In a zip-code data context we can use special zip-code shapefiles that enforce zip-codes
to have neighbors or work in regions without large areas of no population. Additionally, these
models, both M-SVC and GWR, are not designed with zip code type data in mind, and so
regardless of this research problem, these models are not ideal with epidemiology data, but are
continuing to be used. They tend to overestimate the spatial correlation of the data and therefore
underestimate the covariates, this is a type of spatial confounding. Furthermore, research must be
done to find a modeling framework that works well for zip code level data, however, most spatial

models do not estimate on this type of data well.
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For these reasons, in principle, statistically we would prefer to work with gridded data.
There is precedence for downscaling data from low to high resolution in fields like climatology.
Research into the possible downscaling of zip code level data to a grid is ideal and left as an area

of future research.

The GWR models can take longer to run but we do not see extreme differences in time to
fit the models with the right implementation. For our regular grid simulation, we have around
4000 data points, the GWR models took 6 minutes to fit, and the Moran SVC models just over 1
minute. We do not anticipate time pressure to be a reason to not use GWR, but again M-SVC is

preferable in most settings.

The assumptions under this framework are quite restrictive, in addition to the
assumptions of the Product method in mediation we also have the assumptions of the GWR and
M-SVC models themselves. These assumptions include isotropy, which means that the spatial
correlation extends the same distance in the X and Y direction and that same distance from every
point in our data set. In our simulations we do present isotropic data. However, in an
environmental context we can expect anisotropic data at least in some research contexts. There
are a few possible solutions to this. We can include variables that account for environmental
anisotropy in the regression equation, like elevation, topography, and population values as
covariates, this however will not fully account for anisotropy in all circumstances. We
additionally could extend our modeling to the use of anisotropy friendly modeling techniques,

GWR has an extension for anisotropy, for instance (Paez, 2004) and M-SVC could be extended
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to allow for anisotropic covariance functions. The implementation of these techniques is not built

into statistical computing software and left as an area of future work.

In addition to anisotropy this modeling framework cannot estimate accurately in the
presence of intermediary confounders. These are the confounders that are affected by the
exposure and in turn affect the mediator -outcome pathway. In mediation, this type of
confounding can be handled with weighting or standardization techniques like Inverse
Probability of Treatment Weighting (IPTW), G Computation, and Stochastic Mediation. Spatial
regression with current implementation does not allow for the addition of non-spatial weights
along with the geographic weights. Furthermore, G-Computation in a spatial setting has never
been done. To allow for G-computation in a spatial setting, there needs to be an extension of
time-varying G-computation to two-dimensional space-varying G-computation. This is an area

of possible future endeavor.

The limitations discussed are important to consider in the environmental epidemiological
context as anisotropy and intermediary confounding could be quite common in this field. For that
reason, future work will need to address these concerns. However, this method for estimating
spatial heterogeneity in direct and indirect effects of an exposure is an essential step in spatial
causal inference for environmental epidemiology. Furthermore, this method allows investigators
to explore research questions where spatially heterogeneous effect decomposition can be

estimated accurately.
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CHAPTER 4: Downscaling health outcomes using predictive models of
environmental and social exposures

Introduction

In environmental and health research it is incredibly important to have fine scale spatial
estimates of health outcomes and effects. This is because in most research problems fine scale
heterogeneity can lead to different relationships between variables of interest at different spatial
locations. Furthermore, when data is aggregated at a coarse spatial level, important variability
within such coarse spatial units can be concealed and opportunities to identify most
affected/exposed communities may be missed. Ideally, a researcher or government agency would
want the smallest spatial scale possible to target interventions to specific locations where said

intervention could be most successful.

However, the data landscape which environmental health research is conducted does not
always permit access to the smallest spatial scale. Due to privacy considerations or lack of access
to data most health data is only available at a relatively large spatial scale, such as the County or
zip code level. In parallel, most environmental exposures, whether they are estimated via remote
sensing products, monitoring stations or dynamical models (e.g. chemical transport or dispersion
models) can be available at a fine spatial grid. Such spatial mismatch prevents the identification
of environmental health issues at a fine spatial scale and optimization of strategies that would
prioritize most vulnerable communities. Models when there is spatial scale mismatch exist but

are perhaps not ideal for all problems (Gotway & Young 2002).
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Yet, it is possible to overcome such issues indirectly by understanding the drivers of the
spatial variability of a given health outcome. Indeed, many potential predictors of health
outcomes can be available at a fine spatial scale. These can be obtained from various sources of
data such as remote sensing products, census data or community-based surveys. Such fine-scale
predictors can be leveraged to develop and optimize predictive models that would permit a

downscaling of health data to be matched with relevant environmental exposures of interest.

Other disciplines such as climate sciences or hydrology have proposed methods for
downscaling a given variable at a finer spatial resolution that are available to borrow (Fan et al
2021; Hanigan et al 2019; Serifi et al 2021; Shen & Yong 2021) and apply to the context of
epidemiological studies. There is a standing paradigm in climatology and remote sensing to
downscale Global Climate Models (GCM) or satellite imagery to a smaller scale using methods
like Neural Networks or Random Forest models (Dibike & Coulibaly 2006; Nicholas et al 2016).

In epidemiology and social research in general, downscaling methods have been barely
used (Matisziw et al 2008) to obtain health data at a finer spatial resolution. In previous
downscaling work, there is a reliance on either historical data or regularity/continuity in the
regions of the original scale of the outcome to downscale. In such cases, population density-
based downscaling is possible. However, in a data setting where we expect spatial heterogeneity
in populations and the relationship between the variables of interest, a simple downscaling
approach such as population density-based resampling will not be fully effective as the
correlation between predictor of population density and the outcome of interest may vary by

location.
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Furthermore, the use of Neural Networks, which is the most popular method in
climatological downscaling, is impossible in the social data context because these network
models rely on access to historical data on the scale of interest (grid), but we do not have access
to that type of health or social data. But contrastingly, in remote sensing there is no reliance on
historical data for downscaling, but a use of predictive data that is available on the desired scale
(Atkinson 2013). In remote sensing, satellite imagery is downscaled to a finer grid using various
machine learning techniques such as decision tree ensemble methods (bagging or boosting);
including Random Forest and Gradient Boosting (Nicholas et al 2016; Pouteau et al 2011). Thus,
methods in this field can be adapted for the use with irregular regions which is the case for most
epidemiological problems. Yet, no previous study adapted such methods specifically to health

data nor compared the performance of various machine learning techniques.

In this paper, we propose a new approach and algorithm borrowed and adapted from
remote sensing to downscale social and health data from the zip code level to census tracts or
gridded setting depending on the available predictive data. We use predictive variables that are
available on a smaller scale than our outcome of interest. We fit Random Forest and Gradient
Boosting models on the scale of our variable of interest using aggregated predictors. Then we
predict from those models at the desired scale. We show a validation example using
hospitalization data in California and then apply the method on a case study using Covid-19

Vaccine data in California zip codes.

Methods
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Downscaling

Downscaling methodology exists in many fields. Primarily developed for the purpose in
climatology of using fine scale historical information to downscale Global Climate Models
(GCM) - which predict future temperatures and climate (Dibike & Coulibaly 2006). Our data
does not put us into a position much like that of climatology literature, thus recent methods using
deep learning and neural networks is not applicable. In downscaling GCM, climatologists have
historical data for the outcome on the finer scale, however research in health fields will have no
very fine scale health data outcomes at all. We must use the predictive variables that we do have

on a fine scale to predict those outcomes.

The field of remote sensing additionally performs downscaling to lower the scale of an
outcome using only other variables that are available at the finer scale to predict said outcome.
This is a directly analogous situation to the one health researchers and practitioners find

themselves. Thus, we will focus on a couple of the methods found therein.

The simple intuition behind downscaling is that an aggregation can be applied to those
predictive variables that are available on the fine scale to make them the same -larger- scale as
the outcome. Once we have this aggregated data, we can fit a model. For our purposes, those
models will be a Random Forest and Gradient Boosting model. Then once the model is fit at the
higher scale, we can apply the model to the finer scale predictors to get an estimated outcome on

the finer scale.
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Random Forest

A random forest is a supervised machine learning algorithm that is constructed from an
ensemble of decision trees (another supervised algorithm). This machine learning technique can
be used in both regression and classification contexts. To classify or regress a new object from
an input vector, we plug this vector into many decision trees. Each tree exports a prediction value
or classification. The forest then chooses the classification result with the most trees (majority

vote), or a weighted average prediction from the trees.

Within a Random Forest, there is no interaction between the individual trees, but the use
of independent trees protects from error within any individual tree. This is because Random
Forest uses a bagging approach to ensemble learning and feature randomness. Feature
randomness means that the predictors that are used for each individual tree are sampled from the
original set of predictors. This decreases the correlation between each tree in the forest. Bagging
creates a different training subset from sample training data with replacement and the final

output is based on majority voting. This is different from Gradient boosting.

Gradient Boosting

Gradient boosting is another ensemble machine learning algorithm. As the name suggests
gradient boosting uses boosting-based ensemble learning. Boosting combines weak learners into

strong learners by creating sequential models such that the final model has the highest accuracy.
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This method is also generally based on decision trees, but instead of fitting several
individual independent trees. Trees are fit sequentially. This is done in an iterative way. The
input in this method is a loss function, a type of learner (in this case a decision tree) and an
additive model to add trees to the model to account for the specific areas of the domain where the

previous tree has the lowest prediction accuracy. For this paper we always use squared loss.

The algorithm can stop in two ways, there can be a fixed number of trees to be added like
Random Forest or training will stop once the loss reaches an acceptable level. Thus, when using

this algorithm, one inputs a tolerance for the error.

Procedure

The procedure for this method has the following steps. A schematic is included in Figure 15

to understand the steps.

1. Choose outcome variable of interest

2. Collect data for all variables available to the researcher that are expected within the
context to predict the value of the outcome variable of interest

3. Aggregate all covariate data into the scale of the outcome variable using a mean, median,
or sum aggregation depending on the format of each.

4. Fit a Gradient Boosting or Random Forest model on the data of the same resolution as the
outcome (ZCTA based data)

5. Find highest resolution common denominator for all the variables included as predictors

in the high scale model
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6. Predict from the Gradient Boosting or Random Forest model in 4 on these highest

resolution predictors

Choose an outcome

variables of interest

Make sure that these
predictor variables are all

Collect all available
predictor variables for this

on our desired scale/
outcome

resolution

Aggregate the
predictor data to

Fit a Gradient Boosting or
be on the same

Random Forest model of

scale as the
X K the variable of interest
variable of interest with vour agaregated
but keep the best . v 99 g
N variables as predictors
resolution to the
side

Find highest common
resolution among your
predictors and predict
(from the GBoost or RF
model) a high resolution
outcome from with the
high resolution data

Figure 15 Schematic for descriptive downscaling.

Demonstration and Data
For the purposes of demonstration, we have chosen two examples. One for accuracy
estimation of the method proposed and the other for demonstration of possible use. For the

determination of accuracy in a health data context, we do not have gold standard data on either a
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grid or a census tract and thus had to artificially create groups from zip codes (or Zip Code

Tabulation Areas (ZCTAs) for plotting).

Results

We consider a contrived example of yearly unexpected hospitalization rate per 100
people in each zip code in California in 2013 to demonstrate the accuracy of this method. This
outcome variable represents an ideal case in this context as in health data in general, outcomes
are often skewed right with some outliers depending on the population values in each zip code.

For prediction we will consider various demographic and environmental variables as
displayed in Table 13 with their means and standard deviations. As this example is contrived and
we do not have census tract level data, we will aggregate our zip codes using a random sample of
100, 200, or 500 zip codes (representing the number of groups we will have to downscale from),
and then using a nearest neighbor algorithm to create zip code blocks to then downscale to the

original zip code data.

We aggregate the predictor variables from zip codes into our blocks using a mean
aggregation for continuous variables. If we had categorical variables, we use a mode and with
count variables like population, we use a sum. We fit our models using the RandomForest and
gboost packages in R, respectively. And predict from the results of those models on the zip code

level data and compute errors.
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Table 13 Descriptive statistics for the hospitalization zip code data.

Variable Mean(SD) after

aggregation

Hospitalization Rate | 0.65 0.24 0.64(0.21)
(year)

Median Age 36.7 6.6 37.0(5.9)
Population Density 4911 5940 4603 (5382)
Percent Unemployed | 11.6 4.3 11.6 (3.9)
Median Income 66729 27575 67406 (26437)
Percent without 16.6 8.1 16.3 (7.6)

Health Insurance

Percent Non-white 34.5 18.4 34.2 (17.9)
Urbanity Indicator 0.87 0.33 0.87(0.32)
Tree Canopy 9.1 9.6 9.5(9.9)
Park Access 72.3 24.3 71.0(21.9)
Percent commuting | 8.9 10.5 8.7 (9.5)

by Bike

NDVI 0.40 0.12 0.40 (0.12)
Mean PM 2.5 11.8 2.6 11.7 (2.6)
Maximum Ozone 0.04 0.006 0.04 (0.006)
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As is to be expected, when we have fewer groups to downscale from, we have higher
errors than if we use more groups. This intuitively represents a case for downscaling from zip

codes instead of downscaling from something like counties.

In Figure 16, we show the errors for the gradient boosting and random forest results with
500 blocks. We define the error as the true hospitalization rate for that zip code minus the
predicted value. What we find is that Random Forest is unable to predict in many zip codes
because values of the predictor variables are outside those observed within the aggregated
blocks, this is a function of the RandomForest package and not necessarily of the method itself
but does point to a possible reason to steer clear when we have highly skewed predictor variables
or variables prone to outliers. To the contrary, Gradient boosting shows an ability to predict in all
zip codes with data for each of the predictor variables. Additionally, we see the magnitude of the
errors is smaller for Gradient Boosting than Random Forest. There are a few very large errors,
but those are for a few zip codes that are incredibly rural and have high hospitalization rates

much higher than the mean of 0.65 per 100 people in the year 2013.
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Figure 16 Truth minus predicted value for both the random forest model (left) and the gradient boosting model (right). Dark grey
indicated an NA prediction.

In Figure 17, we show the plot of the absolute error values for each model type as a
function of the population in each zip code. We can see that as population of a zip code increases
the bias goes down. This is to be expected, as we had predicted, because the population values
are very skewed allowing for extreme outliers in the hospitalization values. Note that the slope in
the Gradient boosting plot is slightly higher in magnitude. This is because of the model

predicting at all zip codes, leading to more outliers.
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Figure 17 Absolute value of the error from each model (Random Forest, left, Gradient Boosting, right) by the population of each
zip code with a least squares line.

Finally, Figure 18 shows the comparison of the error values from both methods on the
same zip codes. We can see that the magnitude of the errors are about the same for those zip
codes that both methods were able to fit. There is slightly higher error for the Random Forest
hence the least squares fit (blue) has a slope slightly less than 1 (slope of the red line). This is
due to a few outlier values.. For this reason and those presented previously, we suggest using

Gradient boosting.
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Figure 18 The absolute value of the prediction error for each model against each other. If the models were performing equally as
well the blue least squares line should fall on the red line with intercept 0 and slope 1.

Vaccination Rates

Now we show an example of possible use in research. Here we use Covid-19 vaccination
data in California through Feb 20, 2022. We use demographic data from the Healthy Places
Index to predict the rate of Covid-19 vaccinations in each census tract from the zip code level
data provided by the California Government. We retrieved the vaccination data from the

https://data.chhs.ca.gov/ website (2022).

We use many variables in the prediction including all 42 percentile-based variables in
Healthy Places Index (HPI) and age 5 plus population from the Vaccine dataset to do our
predictive models in addition to a region indicator for Southern California and an indicator for
the Bay area. The top ten most important variables for the Gradient boosting and Random Forest
models are shown in Table 14. The total population and percent of the population which is

Native American are found to be the most important followed by bachelor’s degree rate,
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employed percentile, percent Asian and the Bay Area indicator. We find the general pattern of

importance is the same for both models.

Table 14 Most influential variables of the Gradient boosting and Random Forest fits for vaccination rate.

Top Important

Variables Random
Forest
Age 5 plus population

Top Important
Variables Gradient
Boosting

Age 5 plus population

Native American
Percent

Native American
Percent

Bachelor’s Education
Percentile

Bachelor’s Education
Percentile

Employed Percentile

Employed percentile

Asian Percent

Asian Percent

Bay Area indicator

Bay Area Indicator

Ozone Percentile

Ozone Percentile

Multiple Race Multiple Race

Percent Percent

Economic Percentile | Alcohol Off Sale
Percentile

LEB percentile

Black Percentile

In Figure 19, displayed are the predicted vaccination rates by census tract for both the
Random Forest and Gradient boosting models. There is a slight regression toward the mean in
the predicted surfaces for each model especially Gradient boosting compared to the true
vaccination rate by zip code. Some of this can be explained by census tracts truly covering the
entire state whereas zip codes are population dependent and so there are zones where there are no
zip codes but there are census tracts. This is most pronounced in the south-eastern portion of the
state. This can be handled in a few ways. The zip codes are quite large and the census tracts as

well in that region. If we were doing this modeling in practice, we could take the true value in
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those places where the downscaled region is about the same area as the lower resolution region.

This is a specific solution to downscaling from zip code to census tracts and would not be the

case if we were to downscale to a grid. But for instance, if we know that Imperial County has

vaccination rates higher than its surroundings, we can use the county as an indicator in the same

way we used an indicator for the Bay Area.

True Vaccination Rate by ZCTA with Census
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Figure 19 Vaccination Rate in each zip code on top right, and random forest predicted vaccination rate by census tract (bottom
left), Gradient boosting predicted vaccination rate by census tract (bottom right).
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Discussion

In this paper we introduced a new method for downscaling data in Social and Health
Sciences. We used Random Forest and Gradient Boosting to downscale outcome data from a low
resolution to a high resolution. In this case either zip codes or census tracts. We find that both
random forest and gradient boosting do quite well at downscaling these data accurately. We
showed that we have low and varied error values. Especially when the magnitude of the
downscaling is as small as 4:1, or 500 blocks to 1700 zip codes. However, upon comparison
Gradient Boosting is an improvement over Random Forest because it allows for a prediction
from variables outside of the observed range of values leading to no NA values. This is
important because with aggregated data, as opposed to individual data, the aggregation strategy
is almost always to use the mean or a sum. Using the mean causes outlier values to be shrunk

toward the central value.

This approach performs quite well and is novel in many different settings. This is
particularly useful in settings where we want to identify small scale areas where further data
needs to be collected or areas with a lot of variability. These settings can include anything from
finance or housing data as well as social settings outside of the health context. In our application,
we looked at vaccine uptake in California across many zip codes and wanted to estimate the
vaccine rate in census tracts based on demographic and environmental variables. This approach
was able to identify regions where we have high levels of variability and areas of low population

that perhaps need more data collection.
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This method of downscaling is not the only method of downscaling that exists. In many
fields, there are methods of downscaling based on the data that they work with. Downscaling is
quite common in climatology, remote sensing, and geography (GIS). Here we will briefly discuss
a few methods of downscaling used therein. Perhaps the most prolific use of downscaling occurs
in climatology where global climate models (GCM) are downscaled for regional or local future
predictions. In this field, Convolutional Neural Networks (CNN) are the most effective
predictive procedure currently in use. These are very accurate but rely on access to historical data
on the resolution of interest. This allows these models to use this history and the GCM to make
the future predictions (Dibike 2006). In a data context, such as that in social or health fields, this
will not be possible as none of the variables of interest are available at the desired scale. In
Remote Sensing, Gradient Boosting and Random Forests are used much like we introduce here
(Atkinson 2013; Pouteau et al 2011; Nicholas et al 2013). However, in Remote Sensing a
researcher is almost always downscaling from a grid to another higher resolution grid. This paper
shows that Gradient Boosting is effective in an irregular region context. Further, improvements
to Gradient Boosting that have already been studied may be worthy additions to this
methodology in the context of irregular geographic regions (Bartlett et al 1998). The field of
downscaling in these application areas have longer histories and many methods and perhaps the
most common predictive variable is the historic data of that variable itself on a high resolution

(Fan et al 2021). In a social or health data context, most of these methods would not be useful.

The method presented in this paper has a few limitations. If we have data where we
expect extreme outliers downscaling in this way may regress those outliers toward the mean like

any modeling procedure where you aren’t modeling for extreme values. For this reason, a post
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process such as discussed in the results section may be necessary where we look at the places
where the model appears to have tempered the signal and adjust our model accordingly and refit.
Additionally, these downscaled values cannot be used for further analyses with the same
predictor variables that went into the downscaling procedure. Accordingly, this method serves as
a purely descriptive first step into the process of downscaling data such that our variables of
interest and estimates can be on a higher resolution. Finally, in areas with low population or bad
coverage due to zip code size and shape, we have a harder time predicting the outcome value.

This is to be expected and is true with most modeling procedures but must be noted.

In the future, we hope to address these limitations by introducing a more systematic
method of stepwise modeling or post processing to improve our estimates. Additionally, the
inclusion of satellite imagery, Google Street View and even Yelp data products in the analysis
can improve predictions greatly without a need to invent new methodology. This in turn would
open the door to further analysis with downscaled estimates. Furthermore, this could improve the
resolution of our outcome, methods for the use of this data can be taken and adapted from

geography and GIS literature.

Finally, in this paper we introduce and adapt a method most used in Remote Sensing to
downscale social and health data for the use in descriptive data products. We find Gradient
Boosting to be an accurate downscaling technique with a contrived application example of
hospitalizations and a demonstration of a possible use case of this method with vaccination data

in California.
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CONCLUSION

This dissertation presented a set of potential solutions to three problems within spatial
environmental epidemiology. These chapters inevitably do not represent an exhaustive
description of all the work that went into getting here. We have planned extensions to the
methods presented here as well as prep work that would most likely fall into a more applied body
of work. This effort however is deserving of notice as it serves as important steps toward
inference for Spatial Environmental Epidemiology. With precise inference, we get closer to
solving the research problems that are the biggest of this century determining the extent of the
adaptability of human health to a rapidly changing climate. The contribution of this dissertation

toward that goal is as follows.

First, a novel approach to the modelling of spatially heterogeneous estimates of health
outcomes on a fine scale was developed and introduced in Chapter 1 and utilized in Chapter 2.
The procedure to implement this modeling framework although composed of existing
methodology is unique in that it combines and adapts methods from different fields to create a 2-
step modeling procedure that is independent of its forebears. We find, when using this method,
that precision in the estimated outcomes are not guaranteed for the entire study region, but this
unique combination of methods leads to much better statistical significance in rural areas than a
within-community matched design alone as it leverages spatial correlation to reduce variance in
the estimates. Although this method performs well, it does have some limiting circumstances
particularly when working with environmental data. The Bayesian model that serves as step 2 in
the procedure relies on hyper parameters estimated from a semi-variogram, which assumes

isotropy in the data. This can be violated in this field. The relaxation of the distribution of the
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spatial parameters input into the model reduces the impact of this violation but does not remove
it entirely. But this method could possibly be adapted to include anisotropic correlation functions
which have been explored in Bayesian modeling but not implemented. This serves as a future

endeavor but is made easier with this method as a scaffold.

The second problem that is addressed in this dissertation is the question of mediation
analysis in the presence in the spatial autocorrelation. We extend traditional mediation analysis
with the use of spatial regression techniques developed in geostatistics to account for the spatial
covariance and structure of environmental and health data. We find that if the data of interest is
gridded that this method performs just as well as the Product method of mediation in the one-
dimensional setting. Although this method does require restrictive assumptions, the Product
method remains one of the most popular implementations of mediation analysis in epidemiology
and social science literature. Further work must address these assumptions through the extension
of standardization techniques like G-Computation to the spatial domain, which has never been
addressed. Regardless of these developments the method employed in Chapter 3 is an important
extension of the mediation literature in epidemiology and social research to allow for spatially
varying decomposed effect estimates. It fits well within the spatial causal inference body of

literature and begins to fill a gap in the field of spatial environmental epidemiology.

The spatial mediation problem does not fully account for the spatial nature of
epidemiology data however because much epidemiology data is only available on a zip code
level. Our method of spatial mediation does not perform well on an aggregated zip code scale in

most simulation settings. This leads to the third and final problem tackled in this dissertation.
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Namely the downscaling of health and social data to a smaller spatial scale, ultimately a grid

setting.

In Chapter 4, a descriptive downscaling technique is borrowed and adapted from Remote
Sensing literature. This method of downscaling and furthermore most methods of downscaling
have never been employed in epidemiology or social research. This is because downscaling
methods have been developed in mostly unrelated fields and for grid-to-grid downscaling. This
method that is presented in Chapter 4 performs well to downscale from irregular regions to
irregular regions and from a zip code to a grid if the predictive data allows for it. This method is
best for descriptive downscaling and not for the downscaling of effect estimates or downscaling
the data to be used in modeling at the smaller scale with the predictors that were used to

downscale the data originally, but it serves as a great first step.

In the future, there are opportunities to extend the methodology in this dissertation in a
few key ways. Mediation in a spatial context is promising as a way to produce causal estimates
on a fine spatial scale. For that reason, a concerted effort into the extension of G-computation
spatially is important. G-Computation is a standardization method that allows mediation effects
to be estimated in the presence of intermediary confounders and with time varying exposures and
mediators. This is a natural method to extend to a spatial context as time-varying data, where G-
computation is used currently for mediation, has autocorrelation. This autocorrelation in
temporal data is one-dimensional, however it may be possible to extend this use of G-
computation with two-dimensional autocorrelation. This is not a simple research problem as G-

Computation involves making data replicates while maintaining the autocorrelative structure,
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which would be incredibly difficult in a spatial context especially when a point in space has no

more than a singular row of data.

Continuing with spatial causal inference, Chapter 4 has an extension in progress. Instead
of downscaling outcome values we can leverage transportability and data fusion methodology
research in recent years to estimate the heterogenous effect modifiers of a particular causal
pathway. Then apply these results on the smaller scale, thus it is the case that a downscaled
effect estimate for that causal pathway of interest is estimated. This would be referred to as
vertical transportability. Transportability research estimates heterogeneous effect modifiers in
one research area and uses those effect modifiers to estimate the same coefficient in another area
without outcome data. I refer to the existing methodology as horizontal transportability, taking
modeling coefficients from one place and transporting it to another location with the collection
of effect modifier data. Vertical transportability would use a model from a higher scale to
estimate the effects of an exposure on an outcome on the smaller scale which has only

aggregated outcome data.

Even with said extensions, the field of spatial causal inference and in turn spatial
environmental epidemiology has many remaining research problems that come from the same
challenges faced in this dissertation. Namely, challenges are introduced due to spatial
heterogeneity of data, spatial dependency, and spatial confounders. In modeling, these items can
lead to specious results and incorrect interpretations if models are applied indiscriminately.

Assumptions of spatial models must be carefully considered if they are to be used to make causal
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claims. No unmeasured confounding and isotropy are the biggest and perhaps most challenging

assumptions for causal spatial models.

This does not suggest however that no work has been done to account for these
challenges. Inference with spatial data is relatively new but a few major contributions have been
made in a variety of fields. These contributions constitute partial solutions to the challenge of
spatial confounding and the spatial heterogeneity of the data. This can be accounted for in a
variety of ways. Contrarily, inference can be done with the use of spatial case-control matching
methods, a version is applied in Chapter 1. Furthermore, autoregressive models like the
simultaneous autoregressive model (SAR) can potentially account for spatial confounding by not
modeling directly on the response but first subtracting regional means. And finally, the use of
spatial smoothing, by jointly modeling the spatial treatment and the spatial confounder, is
popular as a neighborhood adjustment strategy to account for spatial confounding. The above
methods are all used to account for some measured spatial confounding that we assume is a
continuous process on the spatial domain. These are not guaranteed to work if the spatial

confounder is on the same spatial scale as the outcome by biasing the effect estimates.

If spatial confounding is unmeasured, then a possible solution is the use of quantitative
bias analysis (VanderWeele & Arah 2011). Quantitative bias analysis is commonly the use of a
bias formula to estimate a bias factor. The bias factor is then subtracted from the partially
adjusted estimate of the exposure on the outcome (Arah 2017). There are many ways to estimate
the bias parameters and extension to the use of fixed or probabilistic bias estimation. Other

methods of bias analysis include simulation and imputation of the uncontrolled spatial
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confounder, propensity calibration through the use of validation data, intensity scores, negative
controls or bounding techniques. Additionally, Monte Carlo simulation methods of bias control

have been recently shown in a tutorial paper (Banack et al 2021).

These methods of spatial causal inference in the presence of spatial confounding have all
been developed or adapted recently, but do not account for the differing spatial scales of the data
used in environmental epidemiology or allow for effect decomposition in observational studies.
We also do not have a reliable way to estimate the spatial covariance structure of this type of
data when it is anisotropic. Many spatial statistical models require stationarity and/or isotropy.
Which is quite often violated if the spatial domain of a research problem is wide (like an entire
state) as opposed to a small spatial study of an agricultural field, for instance. In Chapters 1, 3
and 4, we present some work-arounds for this assumption like including the variables that
potentially cause the anisotropy in the modeling framework as covariates. This could work in

some but not all contexts especially when these variables are unmeasured or unknown.

This dissertation aimed to move the field of spatial environmental epidemiology toward
inference. This field is racked with challenges to do just that. Not only is the data messy and not
ideal but the modeling procedures therein are not built to account for spatial heterogeneity and
confounding. With the literature and methodology in other areas however, this dissertation takes
a few steps in the right direction. I supply a framework to get spatially heterogeneous predictions
of an outcome of interest, work toward effect decomposition in the presence of spatial
confounding and autocorrelation, and make the data in this field more tractable and useful with

downscaling. For this reason, this dissertation is a substantial contribution to the field which I
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hope inspires much more research to improve inference in the field of spatial environmental

epidemiology.
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