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ABSTRACT

ACCOUNTING FOR SPATIAL CONFOUNDING IN LARGE SCALE EPIDEMIOLOGICAL
STUDIES

Epidemiological analyses of environmental risk factors often include spatially-varying expo-
sures and outcomes. Unmeasured, spatially-varying factors can lead to confounding bias in esti-
mates of associations. In this dissertation, I present a comparison of existing and new methods
that use thin plate regression splines to mitigate spatial confounding bias for both cross-sectional
and longitudinal analyses. I also introduce a metric to quantify the spatial smoothing induced by
thin plate regression splines in varying geographic domains. I first investigate cross-sectional data,
directly comparing existing approaches based on information criteria and cross-validation metrics
and additionally introduce a hybrid method to selection that combines features from multiple exist-
ing approaches. Based on a simulation study, I make a recommendation for the best approach for
different settings and demonstrate their use in a study of environmental exposures on birth weight
in a Colorado cohort.

Next, I develop an effective bandwidth metric that quantifies the relationship between spatial
splines and the range of implied spatial smoothing. I present an R Shiny application, spconfShiny,
that provides a user-friendly platform to compute the metric. spconfShiny can be accessed at
https://g2aging.shinyapps.io/spconfShiny/. We illustrate the procedure to compute the effective
bandwidth and demonstrate its use for different numbers of spatial splines across England, India,
Ireland, Northern Ireland, and the United States.

Finally, I extend two cross-sectional methods for spatial confounding adjustment to model lon-
gitudinal and time-to-event data. The additional temporal component existing in the data requires
an additional selection of which coordinates to use to create thin-plate regression splines basis: the

spatial coordinates, temporal coordinates, or both the spatial and temporal coordinates. I demon-

il


https://g2aging.shinyapps.io/spconfShiny/

strate these methods for mixed models, generalized estimating equation models, and a proportional
hazard regression framework. I demonstrate the application of these methods in a study of tropical

cyclone wind exposures on preterm birth in a North Carolina cohort.

il



ACKNOWLEDGEMENTS

Over the past six years, I am so thankful to have had the guidance and support of many friends,
colleagues, and of course, my family. My first, and greatest, thanks go to my advisor, Kayleigh
Keller. Thank you for your mentorship, encouragement, and support throughout my journey as
a Ph.D. student. Thank you for all the questions and then patience as I built the foundation of
becoming a statistician. Thank you to Ander Wilson, Yawen Guan, and Brooke Anderson for
serving on my Ph.D. committee and the feedback to enhance my dissertation. I would be remiss
if I did not thank my parents, Anne Rainey and John Meyer, for their unwavering support and all
the ‘whales’ along the way. A big thank you goes to my partner, Zach Neumann, for your support,
love, and encouragement throughout the last couple of years. And finally, thank you to all of my
friends and colleagues that I have met along the way, from my support system built during my
undergrad, to my cohort at Colorado State, and all of the other people who have encouraged me

along the way.

v



TABLE OF CONTENTS

ABSTRACT . . . . . e il
ACKNOWLEDGEMENTS . . . . . . e v
LISTOF TABLES . . . . . . e e e e e vii
LISTOF FIGURES . . . . . . e e e X
Chapter 1 Introduction . . . . . ... L 1
1.1 Environmental Epidemiology . . . .. ... ... ... .......... 2
1.2 Confounding and Spatial Confounding . . . . . ... ... ........ 3
1.3 Thin-Plate Regression Splines . . . . . . ... ... ... ......... 4
1.4 Gaussian Processes . . . . . . . ... Lo 6
1.5 Modeling Longitudinal Data . . . . . . ... ... ... .......... 7
1.6 Restricted Spatial Regression . . . . . . .. .. ... ... ... ... 9
1.7 OVerview . . . . . . . o o 9
1.7.1 Mitigating Spatial Confounding in Large Cohorts . . . . . . ... ... 9
1.7.2 Tools for Implementation of Thin-Plate Regression Splines . . . . . . . 10
Chapter 2 Semiparametric approaches for mitigating spatial confounding in large envi-
ronmental epidemiology cohort studies . . . . . . . ... ... 11
2.1 Introduction . . . .. ... 11
22 Methods . . . . . . . . 14
2.2.1 Notation and Data Generating Model . . . . . . .. ... ... ..... 14
2.2.2 Existing Semiparametric Approaches . . . . . . . .. .. ... oL 15
223 Degrees of Freedom Selected Spatial+ (df-Spatial+) . . . . . . ... .. 17
23 Simulations . . . . . . . ... 18
2.3.1 Setup . . . . . L 18
2.3.2 Results . . . . . . . . o 20
2.4 Data Analysis. . . . . . . . . L 24
24.1 Results . . . . . . . . o 26
2.5 Discussion . . . . . ... 29
Chapter 3 spconfShiny: An R Shiny application for calculating the spatial scale of
smoothing splines for pointdata . . . . . ... ... ... ... ... ... 31
3.1 Introduction . . . . ... 31
3.2 Methods . . . . . . . . e 32
3.2.1 Statistical Framework . . . . . . ... ... oo oo 32
3.2.2 Effective bandwidth of spatial splines . . . . . . ... ... ....... 33
3.3 Computing the Effective Bandwidth in spconfShiny . ... ... ... 36
3.3.1 Coordinate Input Options . . . . . . . .. ... ... ... ....... 36
3.3.2 Effective Bandwidth Options . . . . . . . . .. .. ... ... ..... 37
333 Computing the Effective Bandwidth . . . . ... .. .. ... ... .. 37
334 Shiny Implementation . . . . . . . .. .. ... ... ... ... ... 37



34
34.1
34.2
343

3.5

Chapter 4
4.1
4.1.1
4.1.2
4.2
4.2.1
4.2.2
4.2.3
4.3
4.3.1
4.3.2
433
4.3.4
4.4
4.4.1
4.5

Chapter 5
5.1
5.2
53

Appendix A

Al
A2

Appendix B
B.1
B.1.1
B.1.2
B.1.3
B.2

Appendix C
C.1
C2
C3
C4

Demonstration of spconfShiny across different geographic regions . . . . . 38
Comparison of the effective bandwidth . . . . . . ... ... ... ... 40
Using the effective bandwidth in epidemiological studies . . . . . . . . 42
Comparison with alternative approaches . . . . . . ... .. ... ... 43

Conclusion . . . . . . . ... 44

Mitigating Spatial Confounding in Longitudinal and Time-to-Event Models . 45
Introduction
Wind Speeds and Preterm Birth in North Carolina from 1996 to 2017 . . 47
Outlineof Chapter . . . . . . . . . .. .. .. ... ... ..... 48
Methods for Mitigating Spatial Confounding in a Spatiotemporal Setting . 48

Spatiotemporal Framework . . . . . ... ... ... 000 48
TPRS . . e 50
Adjustment via Outcome Model Selection . . . . . ... ... ..... 51
Simulation Study . . . . . . ... 52
Set-up . . . L 52
Additional Methods . . . . . ... L. Lo 55
Evaluating over various TPRSbases . . . . . .. ... ... ... ... 56
Results . . . . . . . o 57
Analysis of North Carolina Birth CohortData . . . . . .. ... ... ... 58
Results . . . . . . . . o 65
Discussion . . . . . . ... 67
Conclusions . . . . . . . . L 69
Cross-Sectional vs. Spatiotemporal Models . . . . . .. ... ... .... 69
Connection to Other Approaches . . . . . . ... ... ... ....... 70
Future Work . . . . . . .. Lo 72
Supplemental Material for the Introduction. . . . . . ... ... ... .... 86
Multivariate Confounding Calculations . . . . . .. ... ... ... ... 86
Restricted Spatial Regression Methodology . . . . . . . . ... ... ... 86
Supplemental Material for Chapter2 . . . . . . ... ... ... ....... 88
Additional Simulation Details . . . . .. .. ... ... .. L. 88
Simulation Study Information . . . . . .. ... ... ... ....... 88
Additional Simulation Results . . . . . ... ... 0oL 89
Restricted Spatial Regression . . . . . . .. ... ... ... ... .. 96
Additional Data Analysis Results . . . . ... .. ... ... ....... 97
Supplemental Material for Chapter4 . . . . . .. ... ... ... ...... 100
Temporal Trends Equations . . . . . . ... ... ... .......... 100
Longitudinal Mixed Model Simulation Results . . . . . . ... ... ... 101
Longitudinal GEE Model Simulation Results . . . . . ... ... .. ... 105
Survival Model Simulation Results . . . . . ... ... ... ... .... 109

Vi



2.1
2.2
2.3

3.1
32
33

34

4.1

4.2

4.3

4.4

4.5

4.6

4.7
4.8

B.1
B.2
B.3
B.4
B.5

B.6

LIST OF TABLES

Results for simulation study with continuous outcome, ¢; = 5,50, 0, = 0.1,and o, = 1 21

Results for simulation study with binary outcome, ¢, = 5,50, and o, = 0.1 . . . . .. 22
Estimate and confidence intervals of the difference in BWGAZ in the Colorado birth

cohortstudy . . . . . . . . L 28
Effective bandwidth estimates for thin-plate regression splines . . . . . . ... .. .. 39
Characteristics of grids used to compute the effective bandwidths . . . . . . . . .. .. 41

Effective bandwidth estimates for England with a 10km grid and the United States with
a 50km grid comparing the original method of computing the effective bandwidth and

our proposed computation. . . . . . ... . L. Lo e e e 43
Effective bandwidth estimates for England with a 10km grid comparing using TPRS
or low rank Duchon splines to compute the spatial basis. . . . . . .. ... ... ... 44

Representation of the methods used in comparison in the simulation study. The first
step in the Spatial+ method, however, regresses the exposure on the TPRS basis to

obtain the residuals used in the second step. . . . . . . .. .. .. ..., 56
Results for the mixed model simulation study with a time-varying exposure and low
within person correlation . . . . . . . .. ... 59
Results for the mixed model simulation study with a time-varying exposure and low
within person correlation (cont.) . . . . . . . . . ... 60
Results for the GEE model simulation study with a time-varying exposure and low
within person correlation . . . . . . . . ... Lo 61
Results for the GEE model simulation study with a time-varying exposure and low
within person correlation (cont.) . . . . . . . . .. L L 62
Results for the PH model simulation study with a time-varying exposure . . . . . . . . 63
Results for the PH model simulation study with a time-varying exposure (cont.) . . . . 64

Point estimates and 95% confidence intervals of the hazard ratio of preterm birth as-
sociated with a 1 m/s increase in maximum wind speed experienced during the first
20 weeks of a pregnancy (time-constant) or during a 4 week sliding window (time-
varying) during a tropical cyclone event in the North Carolina birth cohort study, and
selected degrees of freedom (df) for the thin-plate regression spline basis . . . . . . . . 67

Description of the degrees of freedom used in simulationstudy . . . . . ... ... .. 88
Results for simulation study with continuous outcome, ¢; = 150, 0, = 0.1,and o, =1 &9
Results for simulation study with continuous outcome, ¢; = 5, 50, 150, no non-spatial

variation in the exposure,and o, =1 . . . . . . . ... ..o oo 90
Results for simulation study with continuous outcome, ¢; = 5,50, 150, 0, = 2 and
oy =1 . e 91
Results for simulation study with continuous outcome, ¢; = 5,50, 150, o, = 0.1 and
oy =10 . . 92
Results for simulation study with binary outcome, ¢; = 150, and o, =0.1 . . . . . . . 93

vii



B.7

Results for simulation study with binary outcome, ¢; = 5,50, 150, an no non-spatial
variation in the exposure . . . . . . ... Lo e 94

B.8 Results for simulation study with binary outcome, ¢; = 5,50,150, 0, = 0.1 and ¢ =1 95
B.9 Root mean squared error (RMSE), estimated bias, and coverage rates (95% nominal)
for restricted spatial regression (RSR) conditional and unconditional simulation esti-
mates of 5, when ¢ = 10and ¢3 =100. . . . . . . . .. .. ... ... ... ... 96
B.10 Correlation between residuals and next spline in TPRS basis. . . . . . . .. ... ... 99
C.1 Functions used to create temporal trends used in simulation study. . . . . ... .. .. 100
C.2 Results for the mixed model simulation study with a time-constant exposure and high
within person correlation . . . . . . . . .. L. Lo 101
C.3 Results for the mixed model simulation study with a time-constant exposure and low
within person correlation. . . . . . . . . . ... Lo o 102
C.4 Results for the mixed model simulation study with a time-varying exposure and high
within person correlation. . . . . . . . . . ... 103
C.5 Results for the mixed model simulation study with a time-varying exposure and high
within person correlation (cont.) . . . . . . . ... L Lo 104
C.6 Results for the GEE model simulation study with a time-constant exposure and high
within person correlation . . . . . . . . . ... 105
C.7 Results for the GEE model simulation study with a time-constant exposure and low
within person correlation . . . . . . . . . ... e 106
C.8 Results for the GEE model simulation study with a time-varying exposure and high
within person correlation . . . . . . . . . ... L 107
C.9 Results for the GEE model simulation study with a time-varying exposure and high
within person correlation (cont.) . . . . . . . . .. L L L 108
C.10 Results for the PH model simulation study with a time-constant exposure. . . . . . . . 109

viii



1.1
1.2
1.3

2.1

3.1
3.2
33

4.1

B.1

LIST OF FIGURES

Diagram depicting the causal relationship between X, Y,andC'" . . . . ... ... .. 3
The first 10 splinesina TPRS basis . . . . . . .. . ... ... .. ... .. .. 6
Visualizing the Matérn covariance function . . . . . . ... ... ... ... ..... 8
The estimated difference in BWGAZ by number of df included in the TPRS basis . . . 27
Visual representation of the process of computing the effective bandwidth. . . . . . . . 35
spconfShiny output for user inputted 25km grid across England. . . . . . .. ... .. 40
Comparison of the effective bandwidth computed for TPRS created on the 10km grid

across England, India, Ireland, Northern Ireland, and the United States . . . . . . . . . 41
Average maximum wind speeds due to tropical cyclones in North Carolina . . . . . . . 66
Maps of Colorado from the Colorado birth cohortstudy . . . . . . ... ... ... .. 98

X



Chapter 1

Introduction

The connections between environmental factors that individuals are exposed to throughout
their lives and various health outcomes have been studied extensively (Tétreault et al., 2016; Mc-
Cormick, 2017; McDougall et al., 2020; Svechkina et al., 2020; Jia et al., 2021; Keller et al., 2022;
Zhang et al., 2023). Environmental epidemiology studies have found associations between vari-
ous environmental exposures such as ambient air pollution or extreme weather events and health
outcomes ranging from birth weight at the beginning of one’s life to the cognitive health at the
end of one’s life (Peng et al., 2008; Havard et al., 2009; Di et al., 2017; Vaneckova et al., 2010;
Stieb et al., 2012; Kaufman et al., 2016; Zhang et al., 2023). Frequently, both environmental ex-
posures and health outcomes have spatial components to their variation due to societal and built
environment factors, and in many epidemiology studies, temporal variation in either (or both) the
exposures and health outcomes may also be present. Parameter estimates for the association be-
tween the health outcome and environmental exposure may be biased if not all spatially-varying
factors are accounted for, i.e. there exists an unmeasured spatially-varying factor (Paciorek, 2010).
This phenomenon, referred to as spatial confounding, and the mitigation of its effects will be the
focus of this dissertation.

Over the past decade, many methods have been introduced to aid in the reduction of spatial
confounding bias using various statistical techniques. These methods can be categorized into two
broad categories: (i) approaches that remove the confounded spatial variation from the exposure,
or (i1) methods that directly model the confounded spatial structure in the outcome. Techniques
such as incorporating spatial splines (Dupont et al., 2022; Thaden and Kneib, 2018), spectral fil-
tering (Guan et al., 2023), or kriging (Wiecha et al., 2024) have been investigated to remove the
confounded spatial variation in the exposure. Methods to directly model the confounded structure
in the outcome include spatial spline regression (Bobb et al., 2022; Keller and Szpiro, 2020), and

Gaussian Processes (Marques et al., 2022; Schnell and Papadogeorgou, 2020; Hodges and Reich,



2010). In this dissertation, I will focus on comparing and developing semiparametric methodolo-
gies that leverage spatial splines to either remove the confounded spatial variation from the expo-
sure or directly model the confounded structure, with a focus on methods that are widely applicable
and easy to implement for researchers. Spatial splines are able to model multi-dimensional space
while fitting within standard regression modeling framework. This greatly lowers the complexity
and computational cost compared to other methods.

Over the course of the rest of this chapter, I will give a brief introduction to various topics to
further motivate the methods presented in Chapters 2, 3, and 4. These topics include a general intro-
duction to environmental epidemiological studies, confounding and spatial confounding, thin-plate
regression splines (TPRS), Gaussain Processes, modeling longitudinal data, and restricted spatial
regression, one of the first widely used methods to mitigate the bias due to spatial confounding. I

conclude this chapter by providing a brief overview of the remaining chapters.

1.1 Environmental Epidemiology

Environmental epidemiology is the study of the effects the environment (e.g. air pollution,
light at night, access to blue and green spaces, temperature, extreme weather events) has on human
health (NRC, 1991). Distinguishing itself from other epidemiology subfields, environmental epi-
demiology focuses on the impact of the environment in which an individual lives on their health,
rather than the individual’s lifestyle or personal characteristics (Pekkanen and Pearce, 2001). Due
to the ethical concerns of subjecting individuals to harmful environments, most environmental
epidemiological studies are observational and quantify associations, rather than causal effects, be-
tween the environmental exposure of interest and the health outcome.

A common modeling strategy used in environmental epidemiology analyses, when studying
location-specific exposures and/or outcomes, is two-stage modeling (Szpiro et al., 2011; Kaufman
etal.,2016; Dietal.,2017; Adar et al., 2018). A two-stage approach separates the analysis into two
modeling steps. In the first stage, exposures are predicted or assigned at the residential locations

using statistical methods, machine learning, or remote sensing methods (Sampson et al., 2013;
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Figure 1.1: Diagram depicting the causal relationship between an exposure, X, and outcome, Y, while a
confounder, C is present.

Keller et al., 2015; Di et al., 2020; McDuffie et al., 2021; Van Donkelaar et al., 2021). Then,
in the second stage, an outcome model is fit using the predicted exposures along with additional
measured covariates. Many times the same exposure predictions are used for multiple cohorts or
outcomes. This framework means that jointly modeling the exposure and the health outcome is

infeasible.

1.2 Confounding and Spatial Confounding

One of the primary concerns with observational studies is the potential presence of confound-
ing. Confounding occurs when a factor influences both the exposure and response (outcome)
variables, but is not accounted for in the the study. As shown in Figure 1.1, if the confounding vari-
able, C, affects both the exposure, X, and outcome, Y, and we ignore C' in the analysis, we might
observe an association between X and Y that is biased. While confounding is a conceptual rela-
tionship between variables in an analysis, we can see its impact through a mathematical analysis
of model misspecification. Let’s say we fit the simple linear regression model y; = 5y + S1x; + €53
but, the true model is y; = 5o+ B1x; +dc; +¢;. If the values of z; and ¢; are centered and E[g;] = 0,
then

Ny i1 TiCi
Bias(3;) = %5.
i=17T;

Thus, ¢; not being included in the model leads to bias in Bl. These computations can be extended

(1.1)

to the multivariate models, described in Appendix A.



Spatial confounding is defined as when a spatially-varying variable that influences a spatially-
varying exposure and spatially-varying outcome is not accounted for in the study (Paciorek, 2010).
In the scenario of spatial confounding, X and C' are correlated due to the underlying spatial vari-
ability present. Thus, the term ) . | x;¢; in (1.1) is non-zero, biasing Bl. For environmental
epidemiology studies, exposures vary over space and due to the structure of how we live as a so-
ciety, health concerns also contain spatial variation. Thus, spatial confounding is a concern for
environmental epidemiological studies.

For example, say a researcher was interested in the association between ambient air pollution
levels and memory scores of an aging population, but does not account for socioeconomic status
in their analysis. Air pollution levels contain spatial variation due to the distribution of sources
and meteorology, among other factors. One potential source of spatial variation in memory scores
is the distance individuals live from health care facilities. The closer one lives to health care
facilities, the easier one can access treatments to both ascertain health status and help mitigate
the negative health effects. Finally, socioeconomic status is connected to where one lives. Areas
where lower income individuals live tend to have higher pollution levels and be further from health
care facilities. So, when socioeconomic status is unmeasured, and ambient air pollution, memory
score, and socioeconomic status all vary spatially, spatial confounding should be a concern for the

researcher in this example.

1.3 Thin-Plate Regression Splines

Recently, a common approach to account for spatial confounding in modeling health effects
in environmental epidemiology studies is the inclusion of thin-plate regression splines (TPRS).
TPRS, introduced by Wood (2003), provide a computationally efficient basis for modeling multi-
dimensional data, via a low rank approximation of thin plate smoothing splines (TPS). Introduced

by Duchon (1977), TPS find the optimal function g = (g(x1), g(x2), ..., g(x,)) to estimate a



smooth function f in the equation y; = f(x;) + ¢;, by minimizing

ly —glI> + AJ(g).

The fit of the data is balanced with a penalty function, J(-), controlling the smoothness of g,

through a smoothing parameter, A\. The optimal solution is a radial basis representation. Given a

set of center points ¢;,j = 1, ..., K for K radial basis functions, we can define
K
g(a) = wid(llz — ) (1.2)
j=1

where w; are mapping coefficients and ¢(r) = r?In(r) (Duchon, 1977; Donato and Belongie,
2002).

One of the primary obstacles of implementing TPS is the computation cost. Except in the case
in 1-dimension, which will not happen when using TPS to model 2-dimensional space, modeling
TPS requires O(n?) operations, making fitting TPS infeasible with large datasets. The large com-
putation cost arises from estimating n + 1 parameters, one for each observation and the additional
smoothing parameter (Wood, 2003).

One way to decrease the computational complexity of implementing TPS is to use regression
splines (Wood, 2003). Regression splines implement knots spaced throughout the modeling space
and a polynomial function is fit between each knot, without the wiggliness penalty (Friedman,
1991). However, the placement of the knots raises its own concerns, especially across multiple
dimensions (Hastie et al., 2001).

Thin-plate regression splines decrease the computational complexity of TPS and remove the
knot placement issues of regression splines (Wood, 2003). TPRS use a truncated eigenbasis to
approximate the radial basis of the TPS. By using the truncation, TPRS now require O(kn?) op-
erations, where £ is the rank of the truncated eigenbasis, greatly improving on the implementation
for larger data sets (Wood, 2003). TPRS are easily calculated through the mgcv package in R
(Wood, 2011). A plot of the first 10 TPRS across a (0, 10) x (0, 10) grid is shown in Figure 1.2.
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Figure 1.2: The first 10 splines in a TPRS basis computed across a (0, 10) x (0, 10) grid. The green shading
in each grid depict more positive values and the yellow shading depicts more negative values.

As seen in Figure 1.2, an important characteristic of TPRS is the ordering of the splines by vari-
ation complexity. The least complex splines are the first splines in the basis and as more splines
are added to the basis, the more variable the splines become. Thus, models with fewer splines
will model smoother variation than models with more splines and we can take advantage of this

property when implementing model selection procedures.

1.4 Gaussian Processes

Spatial data is commonly modeled using a Gaussian Process (GP) (Banerjee et al., 2015). A
GP is a stochastic process for which any realization is a collection of random variables with a
multivariate normal distribution. This means a GP can be completely defined by its mean and
covariance functions. While a variety of covariance structures are possible, the Matern family of
covariance functions is one of the most widely used for GP’s applied to spatial data. The Matern

covariance function is defined as

i (58 1 (55



where d is a measure of distance between two points, v is a smoothing parameter, p is a range
parameter, [' is the gamma function, and K, is the modified Bessel function of the second kind
(Rasmussen and Williams, 2008). Setting v = % simplifies (1.3) to the exponential covariance
function:

C1(d) = o%exp (—C—i) . (1.4)

: P

Visualizations of the Mateérn covariance function are shown in Figure 1.3. Figure 1.3a and Fig-
ure 1.3b plot the covariance against the Euclidean distance between points comparing a Matern
covariance with low spatial variability to a covariance with high spatial variability. Figure 1.3c
and Figure 1.3d simulate two spatial fields over a (0,10)x(0,10) grid using a zero-mean GP with a
Matern covariance structure, one simulated from the covariance function with low spatial variabil-
ity and one simulated from the covariance function with high spatial variability. When simulating
a GP with low spatial variability, the resulting spatial field will be able to model broad spatial

patterns but will not have finer scale spatial details compared to a simulated GP with high spatial

variability, which is able to model finer spatial details.

1.5 Modeling Longitudinal Data

When collecting data over a period of time, individuals may have measurements taken at differ-
ent time points across the study. Thus, each individual can have several observations over a given
period, creating longitudinal data. A mixed model or a generalized estimating equation (GEE)
model are commonly used when analyzing longitudinal data. Mixed models add a random effect,
commonly a random intercept or both random intercept and random slope for each individual, to
account for correlation in the multiple observations per individual (Diggle et al., 2002). For a linear

mixed model, the equation is

Yij = Bo + Batiy + a; + biwy; + €5
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Figure 1.3: Visualization of the Matérn covariance function with 02 = 1 and p = 10 comparing high spatial
variability, v = 0.25 [(a) and (c)] to low spatial variability, v = 2 [(b) and (d)]. Figures in (a) and (b) plot the
Matérn covariance against the Euclidean distance between two points. Figures (c) and (d) plot a simulated
mean-zero GP with the corresponding covariance function over a (0,10)x(0,10) grid.

where a; ~ N(0,02) and b; ~ N(0,07) are the random intercept and slope, respectively, and
gi; ~ N(0, 05) is additional random variation. By adding the random effect, the coefficient 3, in
a mixed model has a conditional interpretation, representing the average difference in outcome for
a unit difference in exposure within a single individual. GEE models assume various correlation

structures among the observations (Zeger et al., 1988). Thus, we modeling an outcome as

Yij = Bo + Baij + €ij (1.5)

where ¢;; ~ N(0, an) and V is the correlation structure. In Chapter 4, we assume V' in (1.5)
is exchangable for each individual, meaning that all observations for an individual are equally
correlated. Because there are no individual random effects in (1.5), parameters in a GEE model
have a marginal interpretation. This means the estimates of the exposure-outcome association can

be interpreted as population-averaged values.



1.6 Restricted Spatial Regression

Restricted spatial regression (RSR) was one of the first widely-used methods to deal with spa-
tial confounding (Hodges and Reich, 2010). Under the RSR framework, spatial confounding is
defined as random effect collinearity between the spatial covariates of interest, X, and the spatial
random effect, 1, in a model y = X 3 + 1 + € and is mitigated by restricting ) to be orthogonal
to X. This definition, however, varies from the definition presented in Section 1.2 because it pri-
oritizes estimation of the unconditional effect of the exposure on the outcome. That is, it estimates
the association between the exposure and outcome that attributes all possible unmeasured spatial
variation to the exposure. In environmental epidemiology studies, the conditional estimate, which
captures the association between the exposure and outcome conditional upon the unmeasured fac-
tor, is what is of primary concern to researchers. The difference between the estimates that are
computed also motivates the rest of this work away from comparisons to RSR. Additional con-
cerns of the coverage properties of RSR estimators investigated by both Zimmerman and Ver Hoef
(2022) and Khan and Calder (2022) also motivate this work away from comparisons to RSR. Such
comparisons are briefly considered in Chapter 2 but will not be compared in Chapter 4. Additional

explanation of the RSR methodology is given in Appendix A.

1.7 Overview

1.7.1 Mitigating Spatial Confounding in Large Cohorts

In Chapter 2, I compare four methods that implement TPRS to mitigate spatial confounding
bias in a cross-sectional analysis (i.e. analyses using data from a single point in time) and develop
a hybrid methodology, combining two existing methodologies. I compare methods introduced by
Thaden and Kneib (2018); Keller et al. (2022); Dupont et al. (2022) and Bobb et al. (2022) In my
proposed methodology, I use the underlying structure of Dupont et al. (2022)’s method; however, I
use a model selection approach inspired by Keller and Szpiro (2020)’s in the first step of the model.

In Chapter 4, I propose methods which extend the cross-sectional methodology introduced by

Dupont et al. (2022) and Keller and Szpiro (2020) to include temporal, along with the existing



spatial, variation. Most environmental epidemiology studies are conducted over the span of many
years with multiple follow up appointments. The studies are more commonly modeled in a lon-
gitudinal framework where an individual in a study will have multiple observations recorded in
the data or a survival framework where the outcome of interest is now a time-to-event, such as
the onset of dementia in an individual or, more commonly for survival studies, death. For longi-
tudinal data, I extend the cross-sectional spatial confounding methods to be applicable to mixed
models and generalized estimating equation (GEE) models; and for time-to-event data, I extend

the methods to a proportional hazards regression model.

1.7.2 Tools for Implementation of Thin-Plate Regression Splines

In Chapter 3, I introduce a variant of the effective bandwidth proposed by Keller and Szpiro
(2020) to give researchers a metric that connects the number of spatial splines to a physical dis-
tance. The metric is implemented in an R package, spconf, available on CRAN (Keller and
Rainey, 2024). I developed an R Shiny application, spconfShiny deployed at https://g2aging.
shinyapps.io/spconfShiny/, to provide a user interface to the spconf package. The development
of the effective bandwidth metric gives a practical procedure for connecting the number of splines
included in a model to the spatial distances across a region and therefore fills a gap in understand-
ing what exactly adding a given number of splines is doing in a model. The contents of Chapter 3
are published in PLOS ONE with the title spconfShiny: An R Shiny application for calculating the

spatial scale of smoothing splines for point data (Rainey and Keller, 2024).
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Chapter 2
Semiparametric approaches for mitigating spatial
confounding in large environmental epidemiology

cohort studies

2.1 Introduction

Large-scale epidemiology studies of the health effects of environmental exposures frequently
analyze variables that vary over space (e.g. Di et al., 2017; Vaneckova et al., 2010). Environmental
factors such as air pollution concentrations and temperature along with different health outcomes
such as the onset of dementia or birth weights have a spatial component to their variation (Zhang
etal., 2023; Havard et al., 2009; Di et al., 2020; Vaneckova et al., 2010; Stieb et al., 2012). Thus, es-
timated associations between spatially-varying health outcomes and environmental exposures may
be biased if there exist unmeasured spatially-varying factors that are not accounted for (Paciorek,
2010). We refer to this phenomenon as spatial confounding.

Different approaches have been developed to estimate the conditional or unconditional effect
of an exposure on a health outcome in the presence of spatial confounding (Khan and Berrett,
2023). Many of the approaches to estimate the conditional effect are semiparametric and use
thin plate regression splines (TPRS) to model the spatial variation (Wood, 2003). When fitting
a model with TPRS, three important aspects to consider are: (i) the number of splines needed to
accurately model the spatial variation; (i) whether to include penalization on the basis when fitting
the model; and (iii) whether TPRS should first be used to model the exposure separately or only
included in the outcome model (Dupont et al., 2023). Differences in these choices lead to a variety
of different modeling strategies for spatial confounding adjustment. The geoadditive structural
equation model, gSEM, selects a large, fixed number of TPRS to include in separate models for

the exposure and the outcome, and then obtains residuals that should no longer contain spatial
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variation (Thaden and Kneib, 2018). The final model regresses the residuals of the outcome on
the residuals of the exposure. The Spatial+ model introduced by Dupont et al. (2022) uses similar
ideas of gSEM except only obtains the residuals from the exposure, then regressing the outcome
of interest on the residuals of the exposure and the TPRS basis. Both gSEM and Spatial+ require
a choice of using either penalization by generalized cross validation (GCV) or unpenalized TPRS.
Keller and Szpiro (2020) proposed adding unpenalized TPRS to the outcome regression model,
with the number of basis functions selected through using a selection criterion such as the Akaike
information criterion (AIC) or Bayesian information criterion (BIC) applied to an outcome model
without the exposure. In contrast, Bobb et al. (2022) proposed a model for the exposure using
penalized splines to obtain a smoothing parameter that is used to model the outcome. Guan et al.
(2023) introduced similar methodology but based in the spectral domain rather than using a TPRS
adjustment. The selection of amount of spatial smoothing to include can impact the magnitude of
bias reduction (Dupont et al., 2023; Reich et al., 2022; Papadogeorgou, 2022; Keller and Szpiro,
2020). Additionally, the assumed form of the data generating mechanism can further affect the
bias mitigation (Marques and Kneib, 2022; Keller and Szpiro, 2020).

Alternative approaches for addressing spatial confounding exist that do not use TPRS. Wiecha
et al. (2024) introduced a variant of the gSEM approach that uses Kriging to model latent functions
of space in the exposure and outcome and obtains residuals to be used in the second stage of
the methodology. Schnell and Papadogeorgou (2020) introduced an approach, both in frequentist
and Bayesian frameworks, that jointly modeled the exposure and unobserved confounder using a
conditional autoregressive structure. Marques et al. (2022) introduced a Bayesian approach that
uses a multivariate Gaussian random field prior to directly model the spatial variation. Gilbert
et al. (2024) introduces a double machine learning approach to mitigate the bias due to spatial
confounding in a causal inference framework. While highly flexible, all of these methods have a
higher complexity to implement than the semiparametric models discussed previously, which can

make them challenging for large studies and applied researchers.
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Different approaches can also target the unconditional effect of the predictor, motivated by
random effect collinearity (Hodges and Reich, 2010; Hughes and Haran, 2013; Hanks et al., 2015).
The recommended solution to spatial confounding in this framework is typically “restricted spatial
regression” (RSR), which targets the marginal association between the exposure and the outcome.
RSR limits the spatial random effect to be orthogonal to the exposure and any other fixed effects
(Khan and Calder, 2022). However, Khan and Calder (2022) demonstrated that when considering
a discrete spatial structure, a non-spatial model was preferred to using a RSR model in terms of
coverage rates. Hanks et al. (2015) also noted that for when continuous spatial structure is assumed,
RSR also had poorer coverage rates than a spatial model not accounting for spatial confounding.
Furthermore, for most epidemiological applications, the unconditional effect is not of interest.

All of these methods can reduce the bias induced by spatial confounding; however, applied
researchers still must choose which approach is best to mitigate the bias in different contexts. In
this work, we focus on the approaches that use TPRS to model the latent spatial behavior and
provide a recommendation for epidemiologists for modeling choice, based on simulations, to best
reduce this bias from spatial confounding in settings that are typical for large-scale environmental
epidemiology cohort studies.

The investigation of various methods to mitigate spatial confounding using TPRS that follows
is motivated by analyses of the impacts of fine particulate matter (PM, ;) at different stages of an
individual’s life. Particularly, we are motivated by the potential associations with the incidence of
dementia in the aging population and with low birth weights at the beginning of one’s life (Zhang
et al., 2023; Rainey and Keller, 2024; Demateis et al., 2024; Mork et al., 2024). Since both PM, 5
and these health outcomes have underlying spatial variation, there is potential for spatial con-
founding. In this work, we obtained a large administrative data set from the Colorado Department
of Public Heath and Environment (CDPHE) containing all live births between 2007 and 2018. We
investigated the association between third trimester PM, 5 and maximum daily temperatures and
birth weight. Mork et al. (2024) and Demateis et al. (2024) also used a similar Colorado birth co-

hort to analyze the relationship between environmental exposures and low birth weights; however,
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both studies subsetted the cohort to only contain births in lower elevations in attempts to reduce
the bias due to spatial confounding, greatly reducing the number of births in their analyses. Here
we apply TPRS-based methods to directly account for this confounding.

The rest of the manuscript is structured as follows. In Section 2.2, we introduce the data
generating model, outline existing approaches designed to reduce the bias from spatial confounding
and introduce a new approach. Section 2.3 summarizes a simulation study comparing the methods.
In Section 2.4, we apply the methods discussed in Section 2.2 to the CDPHE cohort. Finally,

Section 2.5 completes the manuscript with a discussion.

2.2 Methods

2.2.1 Notation and Data Generating Model

We define y(s;) as the measured outcome, x(s;) the measured covariate of interest which
we will refer to as the exposure, s; € R? the spatial locations, w; € RP the vector of measured
covariates, and f(s;) the unmeasured spatial confounder for each observation i. We note that while
we will refer to f(s;) as a single unmeasured confounder, it may be a composition of multiple
unmeasured factors. We assume the exposure and unmeasured spatial confounder are derived from
a combination of three independent spatial fields, z;(s), z2(s), and z3(s), and non-spatial error, €,

such that

x(8;) = z1(8i) + 22(8;) + € (2.1)

f(8i) = z1(8) + 23(8i). 2.2)

The spatial correlation between z(s;) and f(s;) comes from the shared spatial field, z;(s;). The

mean of the health outcome is given by

p(si) = Bo+ Bor(si) +wly + B f(si), (2.3)
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where 3y, 5;, Bf € R and v € RP are the regression coefficients. For a continuous outcome, we
assume y(s;) ~ N(y(s;),0;); and for a binary outcome, we assume y(s;) ~ Bernoulli(p;) where
p; = 1/(1+ e~#(5)). Our inferential goal is to estimate (3, while minimizing the bias created from
the unmeasured spatial confounding. We will continue by suppressing both the index for each

observation (7) and the location dependence (s;) for notational convenience.

2.2.2 Existing Semiparametric Approaches

We present the mathematical detail for several semiparametric methods that have been intro-
duced to mitigate bias induced by spatial confounding. The following exposition will be written in
terms of a continuous outcome, but the methods apply in an analogous way to discrete outcomes

in a generalized linear model framework.

Thin Plate Regression Splines

The approaches we compare represent spatial variation using thin plate regression splines
(TPRS). TPRS are low-rank approximations of thin plate splines that provide a computationally
efficient spatial basis (Wood, 2003). We will denote individual splines in the following models as
h;(s). Each methodology we consider selects the number of TPRS basis functions to be included
to model the spatial variability differently. Models can fit finer-scale spatial details with a larger
number of basis functions, however including too many splines can reduce power and potentially
amplify bias (Keller and Szpiro, 2020). For models without penalization, the number of basis func-
tions is equal to the degrees of freedom (df); for models with penalization, the effective degrees
of freedom is less than the number of basis functions. All methods that we describe here make an
assumption that the included spatial splines can fully model the spatial structure of the unmeasured
confounder. However, since spatial splines can capture flexible spatial structures, this assumption
is mild (Wood, 2003; Dupont et al., 2022) But, if the assumption is violated and the spatial splines
cannot fully model the unmeasured confounder’s spatial structure, there is no guarantee that the

point estimate for 3, will be unbiased.
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Spatially-Unadjusted Model

As a base for comparison, we first consider an unadjusted model. That is, we fit the model
y' = By + f'z + w'' + &, and assume €}, ~ N (0, (0,)?). Because this model does not account

for f, the ordinary least squares estimator Bl will be biased for f,.

Spatial+

The Spatial+ approach (Dupont et al., 2022) follows a two-step procedure. The first step fits
a linear model with &, TPRS basis functions to the exposure using the known spatial locations
of each observation, with k; chosen to be large. Thus, it fits the exposure model, z = §;° ges
Z?lzl 5;"’ ] hj+ e3P, where e8! ~ N (0, (05P")?) represents the non-spatial variation in the exposure.
The fitted values, i7" = 657 + 251:1 5;'plhj, are obtained to calculate the residuals, 75P' = z — 75!,
The second step fits the outcome to the residuals and the same number of TPRS used in the first
step, y = BgP + SR 4w TP 4 Zflzl oz;'plhj + &3P, where €} ~ N(0, (¢3')?) and from
which the goal is to estimate 3*P'. When fitting the exposure and the outcome using a TPRS,
Dupont et al. (2022) proposed two different methods for selecting the degrees of freedom for the

Spatial+ approach: one that implements a smoothing penalty on the coefficients using generalized-

cross validation (GCV) and one that does not, which we denote s.pl and s.pl-fx respectively.

Geoadditive Structural Equation Model

The geoadditive structural equation model (gSEM) proposed by Thaden and Kneib (2018)
follows a two-step methodology similar to the Spatial+ approach. The first step of the gSEM
method fits a linear model with &k, TPRS basis functions to both the exposure and the outcome,
separately. Thus, the exposure and outcome models are, x = §)° + Zf; 03%hj et and y = 0p° +
Z?; 03%h;+¢3%, respectively, where €32 ~ N (0, (03£)?) and €3¢ ~ N(0, (632)?) represent the non-
spatial variation in the exposure and outcome, repsectively. Similar to the Spatial+ methodology,
the residuals, 7§ and 7%, are then obtained. The second step of the gSEM method fits a linear

model on the outcome residuals using the exposure residual and other measured covariates with no

intercept, f;é = (978 + w'~E + ¢ where e8¢ ~ N (0, (Urg)2>~
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Approach of Keller and Szpiro

The method proposed by Keller and Szpiro (2020), which we will denote KS, starts by selecting
the degrees of freedom from a model for the outcome variable with unpenalized TPRS. That is, the
outcome model y = 555 + Zf?’:l 05%hy + w'y*S 4 &% is fit, where 5° ~ N(0, (7,°)?). Then,
either AIC or BIC is used to select the number of basis functions, 1233, included in the final model
which we will denote as either KS-AIC and KS-BIC, respectively. The final model regresses the
outcome on the exposure, TPRS, and measured adjustment variables with the selected ks basis
functions:

J

k3
y =B+ Bz +w S+ afSh; 4+, (2.4)
j=1

KS

again, where €°> ~ N (0, (o

)?) and with the goal of estimating 3%5.

Exposure-Penalized Splines

The first step in the exposure-penalized splines (E-PS) model (Bobb et al., 2022) is similar
to the Spatial+ approach using GCV penalization, except instead of computing the residuals, the
estimated smoothing parameter, A, of the penalization is obtained. E-PS assumes z = 655 +
254:1 05 hy + e, where 5™ ~ N(0, (057°)%). After X is computed from the first model,
the outcome is fit to the exposure, TPRS basis with A penalization, and measured covariates: y =
BEPS 4 BEPS - ap TAEFS 4 Zf‘*: L a5 PSh;+e S, again, where €], ~ N(0, (0}, "°)?) and with the
goal of estimating 35S, When fitting the E-PS model in this work, we follow the code of Bobb

et al. (2022) which uses penalization parameter that differs by a small scale factor in the first and

second models.

2.2.3 Degrees of Freedom Selected Spatial+ (df-Spatial+)

We also consider a novel approach, which we refer to as df-Spatial+, that combines ideas from
the Spatial+ and KS methods similar to E-PS method. df-Spatial+ uses the two-step methodology
and structure from the Spatial+ model without the smoothing penalty applied; but df-Spatial+ also

uses the degrees of freedom selection methodology from the KS method. The assumed model
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for the exposure is z = dg* + 255 L 05 P Ry + el where e3P ~ N(0, (04)2). Multiple
models are fit using df, then we select the df, ks, by minimizing AIC or BIC. This approach is
denoted df.pl-AIC and df.pl-BIC respectively. The exposure is fit using a linear model with s
basis surfaces, 29 = 53 4 fo’ L 05"P'h;, to obtain the residuals: 7 = z — 34! The
final model fits the outcome using the residuals from the first stage with k5 basis functions: Yy =
Bo+ BUPIAAP 4y T 'ydfpl—irzj L PR 424! where e ~ N(0, (095")2) and a goal to estimate
(%P1 This approach is similar to the “pre-adjustment” approach described in Keller and Szpiro

(2020), but allows for the TPRS coefficients in the outcome model (adf Pl

) to be re-estimated rather
than fixed. The approach differs from the approach described in Bobb et al. (2022) due to the use
of the residuals in the second model and the use of AIC or BIC criteria to determine the df of the

TPRS basis.

2.3 Simulations

We compared the unadjusted, KS, gSEM, E-PS, Spatial+, and df-Spatial+ methods in a simula-
tion to evaluate their performance under different scenarios. Following the literature, we consider
a continuous outcome such as birth weights or blood pressure (Bosetti et al., 2010; Stieb et al.,
2012; Chan et al., 2015; Keller and Szpiro, 2020). We also consider a binary outcome, allowing

for analyses of binary health outcomes, such as dementia or prevalent disease (Zhang et al., 2023).

2.3.1 Setup

Data Creation

To simulate the data, we first created a spatial grid on the domain [0, 10] x [0, 10] with an
incremental step size of 0.2 and randomly sampled n = 1000 locations for the continuous out-
come setting. For a binary outcome setting we used an incremental step size of 0.1 and randomly
sampled n = 2000 locations. We sampled double the locations for the binary outcome due to
the reduced information available in a dichotomous outcome variable. From the selected loca-

tions, we created realizations of three spatial fields, z; = (211, ,210) "> 22 = (221, , 220)
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and z3 = (231, - ,Zgn)T. Each field was sampled from a multivariate normal distribution,
z; ~ N(0,%,;), where X, is exponential covariance structure with a range parameter ¢; so that
(30); = exp(=|lsi — sull/¢1)-

Using the three spatial fields; z;, 25, and z3; we computed the exposure and unmeasured
confounder using Equations (2.1) and (2.2), respectively. The non-spatial error component for the
exposure and the continuous outcome are €,, ~ N(0,07) and ¢,, ~ N(0,0;). The continuous
outcome is generated as y; = ; + €, from (2.3) with 3y, = 0 and 3, = B¢ = 1. For a discrete
outcome, we sampled from a Binomial distribution with probability p; = 1/(1 + e#) from (2.3)

and set 5 = logit(0.15) and 3, = 3y = 0.5.

Settings Compared

We compared results across different levels of non-spatial error and differing range parameters
for the spatial fields. We compared when there was no non-spatial variability in the exposure (o, =
0), a small amount of non-spatial variability in the exposure (o, = 0.1), and, when the outcome
was continuous, a large amount of non-spatial variability in the exposure (o, = 2). We compared
a moderate or large amount of non-spatial variability in the continuous outcome, corresponding to
o, = 1 or 10, respectively.

We evaluated combinations of ¢; € {5,50,150} when ¢ = 10, and ¢3 = 100. For the
binary outcome with a small amount of non-spatial variability in the exposure (o, = 0.1), we
also evaluated combinations of ¢; € {5,50,150} when ¢ = 1 and ¢35 = 100. Scenarios where
¢1 < ¢ were designed to be settings where the long-range spatial variation that is unique to the
exposure, z, is overwhelmed by the shared finer-scale spatial variation in z; and the exposure
cannot be reliably distinguished from the confounder (Gilbert et al., 2024). In the cases where
@1 > ¢, there exist finer-scale spatial details unique to the exposure that can be distinguished
from the confounder. In these cases, we expected our estimate of 3, to have an overall lower bias.

For models with AIC or BIC selection, we considered a grid between 3 and 300 df for the
continuous outcome and between 3 and 200 df for the binary outcome. For the Spatial+ and gSEM

methods without penalization, we set the df at 300 for a continuous outcome and 200 for a binary
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outcome. For the KS models with fixed df, we set it at 10 df. See Table B.1 in the supplement
for additional details of the candidate df. For each combination set of o, 0., @1, @2, and @3 we
replicated the simulation 500 times, and calculated the root mean-squared error (RMSE) and bias
of Bx, and coverage rate of nominal 95% confidence intervals for 5,. We additionally calculated
the median df selected by each approach.

Although our primary focus was on semiparametric methods, we also compared the restricted

spatial regression (RSR) method introduced by Hanks et al. (2015) described in Section B.1.3.

2.3.2 Results

We first consider the continuous outcome cases, starting with the scenario where there was a
moderate amount of non-spatial variation in the outcome and a small amount of non-spatial vari-
ation in the exposure (0, = 0.1, 0, = 1: Table 2.1). When ¢; = 50, we see that the KS-AIC and
KS-BIC estimators outperformed the Spatial+, gSEM, E-PS, and KS-fixed estimators in terms of
both RMSE and bias. Within the KS approaches, using AIC to select the df of the TPRS basis out-
performed BIC, in terms of bias (0.101 compared to 0.114), but BIC outperformed AIC in terms
of RMSE (0.155, compared to 0.162). Across the Spatial+ methods, Spatial+BIC outperformed all
other approaches in terms of RMSE but Spatial+AIC and Spatial+fixed outperformed Spatial+BIC
in terms of bias (Table 2.1). The E-PS estimator performed better in terms of RMSE than all Spa-
tial+ methods except Spatial+BIC and performed better in terms of the bias than Spatial+BIC and
Spatial+GCV. Overall, the gSEM-fixed produced equivalent RMSE and bias to the Spatial+fixed
and using GCV to determine the df produced worse estimates that fixing the df for both Spatial+
and gSEM (Table 2.1). When we set ¢; = 150, conclusions were similar to when ¢; = 50 (see
Table B.2).

Now, we consider the scenario where we expected the methods to not mitigate the bias induced
from spatial confounding as well (¢; = 5) when 0, = 0.1 and 0, = 1 (Table 2.1). Similar to
when the confounded surface has a larger range, the KS-AIC and KS-BIC estimators outperformed

the Spatial+, gSEM, E-PS, and KS-fixed estimators terms of both RMSE and bias. However,
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Table 2.1: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of /3, in the simulation where ¢2 = 10, ¢3 = 100, 0, = 0.1, and o, = 1. The median
degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)

50  Unadjusted - 0.268 0.120 0.222 - -
Spatial+ Fixed 0.248 0.127 0.892 300 300
Spatial+ GCV 0.403 0.352 0.598 220.4 61.2
Spatial+ AIC 0.247 0.128 0.886 300 300
Spatial+ BIC 0.199 0.140 0.804 70 70
¢SEM Fixed 0.248 0.127 0.822 300 300
¢SEM GCV 0.396 0.343 0.590 220.4 62.1
KS AIC 0.162 0.101 0.870 - 41.5
KS BIC 0.155 0.114 0.756 - 11
KS Fixed 0.185 0.153 0.576 - 10
E-PS GCV 0.209 0.135 0.888 220.4 220.2

5 Unadjusted - 0.642 0.621 0.002 - -
Spatial+ Fixed 0.590 0.571 0.026 300 300
Spatial+ GCV 0.824 0.821 0.000 229.7 126.4
Spatial+ AIC 0.590 0.571 0.028 300 300
Spatial+ BIC 0.620 0.611 0.000 75 75
g¢SEM Fixed 0.589 0.570 0.016 300 300
¢SEM GCV 0.794 0.781 0.000 229.7 128.7
KS AIC 0.571 0.560 0.008 - 100
KS BIC 0.614 0.608 0.000 - 27
KS Fixed 0.648 0.643 0.000 - 10
E-PS GCV 0.601 0.590 0.000 229.7 229.5
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Table 2.2: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of 3, in the simulation where ¢o = 10, ¢3 = 100, o, = 0.1 and the outcome is binary.
The median degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)

50  Unadjusted - 0.159 0.087 0.756 - -
Spatial+ Fixed 0.461 0.128 0.888 200 200
Spatial+ GCV 0.383 0.089 0.918 180.7 10.9
Spatial+ AIC 0.461 0.128 0.888 200 200
Spatial+ BIC 0.375 0.102 0.930 125 125
g¢SEM Fixed 0.499 0.063 0.934 200 200
¢SEM GCV 0.383 0.080 0.918 180.7 10.9
KS AIC 0.174 0.017 0.952 - 7
KS BIC 0.157 0.057 0.914 - 3
KS Fixed 0.194 0.075 0.922 - 10
E-PS GCV 0.318 0.094 0.946 180.7 119.7

5 Unadjusted - 0.322 0.301 0.062 - -
Spatial+ Fixed 0.504 0412 0.666 200 200
Spatial+ GCV 0.410 0.333 0.718 183.6 30.9
Spatial+ AIC 0.504 0412 0.666 200 200
Spatial+ BIC 0.448 0.373 0.658 125 125
g¢SEM Fixed 0.397 0.235 0.858 200 200
¢SEM GCV 0.380 0.289 0.780 183.6 30.7
KS AIC 0.310 0.276 0.504 - 19
KS BIC 0.316 0.297 0.198 - 5
KS Fixed 0.346  0.326 0.206 - 10
E-PS GCV 0.403 0.354 0.622 183.6 123.6
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performance of all methods was worse than when ¢; = 50. In the setting where ¢; = 5, using
an AIC criterion outperformed using a BIC criterion for both KS and Spatial+ methods (RMSE of
0.571 and 0.614 and bias of 0.560 and 0.608, for KS-AIC and KS-BIC methods respectively) and
Spatial+fixed outperformed Spatial+BIC in both RMSE and bias. In this setting, there was also a
great reduction in the coverage rate due to the inability of the approaches to effectively account for
the unmeasured confounder (Table 2.1).

We next view the case where the non-spatial variation was removed and keep a moderate
amount of non-spatial variation in the outcome (o, = 0,0, = 1: Table B.3). Across all ranges for
the confounded spatial field (¢;), the KS-AIC and KS-BIC methods outperformed all of the other
methods in terms of RMSE and bias (Table B.3). When ¢; = 5, KS-AIC slightly outperformed
KS-BIC, but for ¢; = 50, 150, we saw similar trends of AIC outperforming BIC in terms of bias
but not RMSE (Table B.3).

When increasing the non-spatial variation in the exposure and keeping a moderate amount of
non-spatial variation in the outcome (o, = 2, 0, = 1: Table B.4), it became difficult to distinguish
the best method as the RMSE and bias values are equivalent across methods and outperformed
the spatially unadjusted model when ¢; = 50, 150. When ¢; = 5, there existed slight differences
between methods where Spatial+fixed and both gSEM methods produce slightly better RMSE and
gSEM-GCYV produced the smallest overall bias (Table B.4).

The final continuous outcome case we considered had a small amount of non-spatial variation
in the exposure and a large amount of non-spatial variation in the outcome (0, = 0.1,0, = 10:
Table B.5). Again, we saw that the KS methodology outperformed all other methods for both
RMSE and bias, expect the bias for KS-fixed when ¢; = 5 (Table B.5). Across all three range
values of ¢, the KS-AIC outperformed KS-BIC for both RMSE and bias (Table B.5). We also
noted a larger difference between RMSE and bias for the estimators in this setting due to the
RMSE being influenced by the large amount of non-spatial variation added to the outcome. This
large amount of non-spatial variation obscures any short range patterns in the spatial structure.

Therefore, the spatial splines cannot effectively model the spatial variation and are only able to
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model long range patterns. Because of the ineffectiveness of modeling the spatial variation with
the spatial splines, the unadjusted estimator has the best RMSE out of all estimators compared
(Table B.5).

We now consider the cases where the outcome is binary. Generally, the results show similar
trends to the continuous outcome, where the KS methodology outperformed all other methods in
terms of RMSE and bias. The exceptions to this are when the range parameter for the confounded
surface is large (¢; = 150: Table B.6) and the spatially unadjusted model has the smallest RMSE;
and when the range parameter for the confounded surface is small (¢; = 5: Table 2.2) and there is
no spatial variation in the exposure and gSEM-fixed has the smallest bias. Among the KS methods,
using KS-AIC had a smaller bias and a better coverage rate than KS-BIC except when ¢; = 150
and o, = 0.1 (Table B.6) and KS-BIC had a smaller RMSE than KS-AIC except when ¢; = 5 and
o, = 0.1 (Table 2.2). Differing from the setting with a continuous outcome, among the Spatial+
methodologies, using GCV penalization had a better bias for all ¢; and both values of o, (Tables
2.2 and B.6). Spatial+GCYV also had a better RMSE and coverage rate except when ¢; = 50, 150
and o, = 0.1 where using the Spatial+BIC has a better RMSE (Tables 2.2 and B.6).

When we considered the RSR estimators (Table B.9), we noted that the unconditional estima-
tors perform similar to the spatially unadjusted estimators and that the unconditional and condi-
tional estimators never outperform the KS-AIC and KS-BIC estimators (Table B.9).

Overall from this simulation, KS-AIC generally has the best performance. Across all settings
compared, KS-AIC consistently produced the smallest or one of the smallest biases and produced

smaller RMSE relative to the other methods we compared.

2.4 Data Analysis

We apply these adjustment methods to an analysis of ambient fine particulate matter (PM, 5)
and temperature and birth weight in a cohort of Colorado births. We restrict the analysis to only
include full-term (estimated gestational age greater than 36 weeks), singleton births where the esti-

mated year of conception was between 2007 and 2017. Our outcome of interest is birth weight for
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gestational age z-scores (BWGAZ). Lower birth weights are known to correlate with adverse health
outcomes in early life, which may persist throughout the life course (Hack et al., 1995; Ogonowski
et al., 2014). Measures of two ambient environmental factors were used as the exposures of in-
terest: average PMs 5 concentration and maximum daily temperature. We obtained predictions of
PM, 5 at census tract centriods through the down-scaled models published by the US Environmen-
tal Protection Agency (https://www.epa.gov/hesc/rsig-related-downloadable-data-files) and tem-
perature on a 4km grid that was linked to census tracts (Abatzoglou, 2013). Both measures were
obtained at the daily level and averaged over the third trimester for each individual to represent
a single exposure value during late pregnancy. Our final analysis data set contains 611,096 live
births across 1,240 census tracts in all 64 counties across Colorado.

We fit ten models to the data: without spatial adjustment, Spatial+ (Fixed, GCV, AIC, BIC), gSEM
(Fixed, GCV), KS (AIC, BIC), and E-PS. We computed the TPRS based on the census tract cen-
troids using the mgcv and spconf packages (Wood, 2011; Keller and Rainey, 2024). For all models,
50df was the maximum TPRS df. We further adjusted for the sex of the child; the pregnant indi-
vidual’s age (as natural splines with 3 df), BMI, race and ethnicity (and their interaction), marital
status, household income, and highest amount of education; and indicators for whether prena-
tal care was obtained and whether the pregnant individual smoked previously. We also adjusted
for the month and year of conception to account for seasonal and long-term temporal trends of
environmental exposures. For models with third trimester PM, 5 as the exposure of interest, we
adjusted for average PM5 5 in the first and second trimester (similar for temperature). Due to the
high correlation between the exposures in the first and second trimester and the third trimester, we
investigated the first step in the KS method both adjusting for and not adjusting for the first and
second trimester exposures. In both scenarios, the same df was selected and therefore produced

the same point estimates.
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2.4.1 Results

The third trimester PM, 5 concentrations ranged from 2.3pg/m3 to 17ug/m? with mean (SD)
of 7 (1.5) pg/m® and the maxmimum temperatures ranged from -5.6°C to 37°C with mean (SD)
of 18 (8.3) °C. BWGAZ ranged from -7.8 to 6.2 with a mean (SD) of -0.074 (0.87). The models
that were not adjusted for space estimated a positive estimated difference of 0.031 (95% CI: 0.010,
0.052) in BWGAZ for each 10ug/m?® difference in PM, 5 and an estimated difference of 0.068
(95% CI: 0.058, 0.078) in BWGAZ for each 10°C difference in maximum temperature (Table 2.3).

When using a Spatial+, gSEM, KS, or E-PS model that adjusts for space via the inclusion of
TPRS, the estimated association between the environmental exposure, either PM, 5 or temperature,
and BWGAZ was reduced and no longer statistically significant (Table 2.3). The estimated differ-
ence of BWGAZ for each 10g/m? increment of PM, 5 ranged from —0.0038 (95% CI: -0.0292,
0.0217) for gSEM using GCV, to -0.0013 (95% CI: -0.0276, 0.0237) for KS-BIC. The estimated
difference of BWGAZ for each 10°C increment of maximum temperature ranged from 0.0033
(95% CI: -0.0100, 0.0170) for df-Spatial+ selecting via BIC, to 0.0086 (95% CI: -0.0044, 0.0217)
for KS selecting via BIC. For the models selecting df using AIC or BIC, the maximum or close to
the maximum df (50 df) was selected, except for KS BIC which selected 36 df (Table 2.3). The
estimated associations of the KS-fixed method across all choices of df are given in Figure 2.1a
for the PM, 5-exposure and Figure 2.1b for the temperature-exposure. The models that used GCV
penalization had effective df close to the maximum df as well.

Inspection of Figure 2.1 shows discontinuities as more splines are added to the model, e.g.
between 13 and 14 df, 20 and 21 df, and 36 and 37 df. These jumps are due to spatial patterning of
the additional spline, e.g. spline 21. There is a high correlation between the additional spline (21%
spline) and the residual spatial information in the exposure and outcome after adjusting with the
first 20 splines in the TPRS basis (Supplemental Table B.10). This correlation is much higher for
some specific spline basis functions compared to other basis functions (see Supplemental Section

B.2).
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Figure 2.1: The estimated difference in BWGAZ by number of df included in the TPRS basis (ks in Eq.
2.4) for each (a) difference of 10#/1113 in average PMs 5 at the census tract level during the third trimester
and (b) difference of 10°C in average maximum daily temperature during the third trimester.
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Table 2.3: Point estimates and 95% confidence intervals of the difference in BWGAZ associated with a 10 unit difference (ug/m? for PMy 5 and °C
for maximum temperature) in exposure in the Colorado birth cohort study, and selected degrees of freedom (df) for the thin-plate regression spline
basis in the exposure and outcome models

Exposure Method df Selector Estimate 95% Confidence Interval df Selected
(Exposure) (Outcome)
PM; 5 Unadjusted - 0.0312 (0.0102, 0.0522) - -
Spatial+ Fixed -0.0019 (-0.0276, 0.0237) 50 50
Spatial+ GCV -0.0023 (-0.0279, 0.0234) 49.8 47.6
Spatial+ AIC -0.0019 (-0.0276, 0.0237) 50 50
Spatial+ BIC -0.0019 (-0.0276, 0.0237) 50 50
¢SEM Fixed -0.0037 (-0.0291, 0.0218) 50 50
¢SEM GCV -0.0038 (-0.0292, 0.0217) 49.8 48.5
KS AIC -0.0019 (-0.0276, 0.0237) - 50
KS BIC -0.0013 (-0.0269, 0.0242) - 36
E-PS GCV -0.0022 (-0.0278, 0.0235) 49.8 49.8
Maximum Unadjusted - 0.0678 (0.0578, 0.0777) - -
Temperature Spatial+ Fixed 0.0034 (-0.0099, 0.0168) 50 50
Spatial+ GCV 0.0041 (-0.0092, 0.0175) 49.6 47.7
Spatial+ AIC 0.0034 (-0.0099, 0.0168) 50 50
Spatial+ BIC 0.0033 (-0.0100, 0.0170) 48 48
¢SEM Fixed 0.0037 (-0.0093, 0.0167) 50 50
¢SEM GCV 0.0038 (-0.0092, 0.0169) 49.6 48.5
KS AIC 0.0034 (-0.0099, 0.0168) - 50
KS BIC 0.0086 (-0.0044, 0.0217) - 36
E-PS GCV 0.0039 (-0.0094, 0.0173) 49.6 49.6
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The results from the spatially-unadjusted models suggest that higher ambient pollution levels
and temperatures are associated with higher birth weights, on average. These results are in the
opposite direction than would be expected based on substantial literature (Bosetti et al., 2010;
Lakshmanan et al., 2015; Lamichhane et al., 2015; Srdam et al., 2005). This may be due in part
to confounding by elevation across Colorado. PM;; and maximum temperatures are lower in
the Rocky Mountain region and higher in the Eastern Plains with PM, 5 being highest along the
Front Range corridor. If these spatial patterns, along with the spatial variation in BWGAZ, are not
accounted for, bias may be induced due to spatial confounding. By adjusting for space to model
or remove the spatial confounding in the data, we were able to produce estimates for PM, 5 that
are no longer in the opposite expected direction. The estimates that do adjust for space, however,
suggest a lack of evidence in this cohort to determine an association between ambient pollution

levels and maximum temperatures in the third trimester and birth weights, on average.

2.5 Discussion

We have examined multiple methods for mitigating spatial confounding bias and have made
recommendations based on the amount of non-spatial variation in the exposure and outcome. All
methods use a TPRS basis to model the confounded spatial variation. We compared methods
from Thaden and Kneib (2018), Keller and Szpiro (2020), Dupont et al. (2022), and Bobb et al.
(2022). We then introduced a method that uses the structure from Dupont et al. (2022) but instead
of arbitrarily selecting a large number of degrees of freedom, use the degrees of freedom selection
ideas from Keller and Szpiro (2020). While the simulation comparisons elucidated differences, it
is important to note for most analyses, the values of ¢1, ¢2, and ¢3 will be unknown. Thus, it is
difficult to select the method that will always produce the best overall results. However, in many
settings it is possible to estimate the amount of non-spatial variation that is present in the exposure
and outcome. Thus, decisions can be made for specific scenarios based on estimated values of
o, and o,. For setting with large environmental epidemiology cohorts using predicted exposures,

there is limited or no non-spatial variation in the exposure, and in these cases we recommend using
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Keller and Szpiro’s method using the AIC criterion since KS-AIC produced RMSE and bias values
in this setting.

We also investigated scenarios where the outcome was continuous and had a small amount of
non-spatial error (o, = 0.1). In these scenarios, we saw very low coverage rates across all of
the models that we tested. However, in environmental epidemiology, the non-spatial error in the
outcome is usually larger; and therefore, these scenarios are less likely and poor coverage in this
scenario is less of a concern.

All the methods compared focus on modeling the spatial structure using a TPRS structure in
a semiparametric framework. Further work extending the comparison past methods beyond those
using TPRS could be beneficial, but computationally intensive approaches may be challenging
to implement for large cohorts or complex survey designs. Large scale environmental epidemio-
logical studies often contain multiple observations of an individual over a period of time. In the
Colorado birth cohort study, we had daily measurements of air pollution and temperature across
the entire pregnancy but had to use an average over the third trimester as our exposures of inter-
est. Future work on extending the cross-sectional methods to described in this paper to include a
time-varying component would be beneficial to many epidemiological studies.

In summary, we presented and compared several approaches that use TPRS to mitigate bias due
to the presence of spatial confounding. While all methods improved the estimates obtained from
the spatially-unadjusted model, we provided the recommendation to use the method developed
by Keller and Szpiro (2020) using the AIC selection criterion for settings most common to large

environmental epidemiology cohort studies.
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Chapter 3
spconfShiny: An R Shiny application for calculating

the spatial scale of smoothing splines for point data

3.1 Introduction

In studies that use regression models to estimate relationships between spatially-varying vari-
ables, such as air pollution concentrations or temperature and health outcomes, spatial confounding
should be accounted for in the model (Paciorek, 2010). Spatial confounding is defined as the pres-
ence of any unmeasured, spatially-varying factor that impacts a spatially-varying response variable
when the main predictor is also spatially-varying. In epidemiological contexts, a common way to
account for this confounding is to include adjustment for space via spatial splines (Chan et al.,
2015; Keller et al., 2022; Zhang et al., 2023). Several two-step approaches have been introduced
that incorporate splines in differing models and also have different approaches for choosing the
number of splines to include in the models (Bobb et al., 2022; Dupont et al., 2022; Keller and
Szpiro, 2020; Thaden and Kneib, 2018). However, the relationship between the amount of spa-
tial smoothing with a particular number of splines and the corresponding geographic distance is
context-dependent. Generally, as additional splines are added to a model, finer spatial details can
be modeled. But the size and shape of the geographic region can also impact the magnitude of the
corresponding smoothing. A practical procedure is needed for interpreting the number of splines
included in a spatial model in terms of spatial distances across different geographic regions.

R Shiny applications have become a beneficial tool to help researchers visualize and implement
different spatial methodologies in their research (Salehi et al., 2021; Adin et al., 2019; Figueira
et al., 2024; Aparicio et al., 2024; Silva et al., 2023; Johnson et al., 2021). For example, Salehi
et al. (2021) created an application for the spatial visualization of COVID-19 data and Adin et al.

(2019) developed one for spatiotemporal disease mapping. Figueira et al. (2024) developed an
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application, BAYSPINS, that implements a Bayesian approach for species distribution models,
creating a tool for researchers who are less experienced with those types of models or researchers
who want a quick way to implement them. In other contexts, Aparicio et al. (2024) developed
the Mr.Bean app to visualize spatial information from agricultural field trials, Silva et al. (2023)
developed the movedesign app for animal movement studies, and Johnson et al. (2021) developed
an application, MBGapp, aimed at teaching geostatistical analyses to researchers that do not have
much statistical training.

To aid in the interpretation of spatial smoothing for point-level data, we present an R Shiny
application called spconfShiny, that calculates the spatial distance corresponding to a chosen
number of splines for a particular set of spatial locations. spconfShiny implements a modifica-
tion, described below, of a procedure first developed by Keller and Szpiro (2020) for an effective
bandwidth statistic. The core method is implemented in an accompanying R package, spconf
(Keller and Rainey, 2024). Together, the package and application provide a user-friendly plat-
form for researchers to calculate spatial scales for smoothing data from a custom set of geographic

locations.

3.2 Methods

3.2.1 Statistical Framework

The motivating context for this work is an epidemiological analysis of the association between
a health outcome, y;(s;), and a spatially-varying exposure, x;(s;), for each individual with corre-
sponding location, s;. We assume that there are other measured covariates, w; € RP. Unmeasured
spatial confounding is a concern, so .J spatial splines, which we denote h;(s;) for j = 1,...,J,
are included in the model (Bobb et al., 2022; Keller and Szpiro, 2020). A generalized linear model

for estimating health effect associations in this context is:

9(Elyi(s))]) = f(xi(s:), B) + wiy + Y ahy(s) (3.1)

J=1
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where E[y;(s;)] is the mean of the response, ¢(-) is a link function, f(x;(s;),3) is an exposure-
response function, v € RP? are regression coefficients for the measured covariates, and a; € R are
the regression coefficients of the splines. We choose ¢(-) to be the identity link, assuming that our
response is continuous; however, other links may be assumed if the response is discrete.

Increasing the number of splines, .J, included in (3.1) allows for finer scale spatial adjustments
in the model. However, larger values of J do not necessarily equate to lower bias in the exposure-
response association estimate (Keller and Szpiro, 2020). Decisions of how many splines to include
should consider whether exposures are predicted or measured and the magnitude of non-spatial
variation in exposure due to the possibility of over adjusting and nullifying the estimated associ-
ation by adding too many splines (Keller and Szpiro, 2020; Bobb et al., 2022). The choice of the
number of splines to include in the model is beyond the scope of this work but is an active area of
research.

The target of the inferential analysis in (3.1) is to estimate the exposure-response relationships
summarized by the parameter 3; however, the goal of this work is to provide an interpretation of
the scale of the spatial splines hy(s;),. .., h;(s;) so that the estimate for 3 can be interpreted more

precisely.

3.2.2 Effective bandwidth of spatial splines

The common choice of basis to create spatial splines is the thin-plate regression spline (TPRS)
basis (Wood, 2003), which can be calculated in R via the mgcv package (Wood, 2011). For
unpenalized splines, the degrees of freedom (df) of a basis is equal to the number of splines,
represented by J in (3.1). To interpret the choice of df for the TPRS basis, we propose an effective
bandwidth, which we denote &, using an approach adapted from a procedure developed by Keller
and Szpiro (2020). We interpret the effective bandwidth as the approximate minimum radius of
the area over which points are smoothed. In the context of (3.1), we can also think of the effective
bandwidth as, given a specific location, the minimum distance at which confounding is being

adjusted. In an epidemiological context, the inclusion of spatial splines can be interpreted as a
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means for adjusting for confounding by location over a range given by the effective bandwidth.
Smaller values of k& mean that fewer locations are averaged across and thus finer-scale spatial
details are adjusted for in (3.1).

The process of computing the effective bandwidth is illustrated in Figure 3.1 and in Algorithm
1. To determine l%, we first calculate a value l%z for each location 7 (or a random subset of locations).
For a set of points S = {s,...,s,}, we first obtain the Euclidean distance matrix, D € R"*"
between the given coordinates (step A in Figure 3.1). A TPRS basis, H € R™*(¥+1) s computed
based on D and is used to compute the smoothing matrix, S = H(HTH) 'HT € R™ " (step
B in Figure 3.1). For each column S|, i|, we order the values by the corresponding distances to
all other points and find the distance at which the values from ST, ] first cross zero (step C in

Figure 3.1). The median of these distances, /%Z-, is what determines k.

Algorithm 1 Computational algorithm for computing the effective bandwidth

Require: S ¢ R™*2
Initialize kye.[n]
Compute TPRS basis, H € R™*(@+1)
D = distance(S, S)
S=HHH) 'H
forie1:ndo
order S|, i| by increasing D/, ]
kyeclt] = min(D],i]) where S[,i] < 0
end for
k = median(ky..)
return £
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Figure 3.1: Visual representation of the process of computing the effective bandwidth. Step A computes
the distance matrix, D, of the 50km grid across England. A smoothing matrix, S, is computed from the
information in D via a TPRS basis in step B. The highlighted rows and columns correspond to the distance
and smoothing values for the starred point. For each point in the grid, the smoothing weights are ordered by
distance and the smallest distance with a negative smoothing weight, k;, is obtained and visually represented
in step C. Finally, the effective bandwidth is computed by taking the median of the k;.

Keller and Szpiro’s effective bandwidth

The procedure we developed to compute the effective bandwidth contrasts the methodology
developed by Keller and Szpiro (2020) in how the relationships between the distances and the
smoothing weights are used. In place of our Step C (Figure 3.1), Keller and Szpiro (2020) fit a
loess curve to the smoothing weights (S|, i|) as a function of distance, which also requires select-
ing a span value that controls the proportion of points included in the smoothing. They then predict
smoothing weights for a set sequence of new distances and define the effective bandwidth as the
distance at which the median predicted smoothing weights first cross zero. Our proposed method-
ology orders the empirical smoothing weights by distance and finds the smallest distance that has a
negative smoothing weight, effectively finding where the points first cross the x-axis when plotting
the smoothing weights by distance. The median of the selected distances determines the effective

bandwidth. Compared to the original approach of Keller and Szpiro (2020), our approach does
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not require the user to input the span for the smoothing calculations. This makes our approach
faster and more user-friendly for differing geographic regions. However, we expect there to be a
difference between the two computations. Using a loess curve to compute the effective bandwidth
averages over a neighborhood of distances, creating an average radius for the area that is smoothed.
In comparison, our proposed method takes the first point that below zero, not considering any other

points, creating a minimum radius for the same area.

3.3 Computing the Effective Bandwidth in spconfShiny
spconfShiny is an interactive Shiny web application based on the spconf package in the

R language, updated with our adaptation of the effective bandwidth (Keller and Rainey, 2024). We

have integrated the modified effective bandwidth into spconf, which also retains functions for

computing the version of the bandwidth measure proposed by Keller and Szpiro (2020).

3.3.1 Coordinate Input Options

In spconfShiny, we provide three different options to obtain spatial coordinates to compute

the effective bandwidth:
* Create gridded coordinates in the application
 Select a set of preloaded coordinates
* Upload coordinates from a user file.

To create gridded coordinates, the length and the width of the grid must be entered and the user
must select the distance between points (grid increment size). The preloaded coordinates in the
application currently include the countries of England, India, Ireland, Northern Ireland, and the
contiguous United States with grid sizes of 10km, 50km, 10km, 1km, and 50km, respectively. The
user uploaded coordinates should be in .csv format, and the user must indicate the names of the

columns that include the spatial coordinates.
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3.3.2 Effective Bandwidth Options

The maximum number of splines must be selected in order to compute the effective bandwidth.
The application offers the choice of 10, 25, 100, 300, or 500 splines. However, the number of
splines may not exceed the number of coordinates included in the computations. The calculations
slow as the number of coordinates increases; therefore, the application offers the option to subsam-
ple the coordinates to 1000, 2000, or 5000 locations to reduce computation time. If the number
of coordinates in the computation is smaller than the selected number of points to subsample, all

coordinates will be used.

3.3.3 Computing the Effective Bandwidth

To compute the effective bandwidth, the application first computes unpenalized TPRS on the
coordinates via the computeTPRS() function from the spconf package (Keller and Rainey, 2024)
with the chosen maximum number of splines. The computeTPRS() function relies on the mgcv
and stats packages (Wood, 2011; R Core Team, 2023). Then, for each df between 3 and the
maximum df, the effective bandwidth is computed using the compute_effective_range() function
from the spconf package (Keller and Rainey, 2024), which implements Algorithm 1 and relies
on functions from the stats and f1exclust packages (R Core Team, 2023; Leisch, 2006).The
application provides the output in both a tabular and graphical form, selected by switching tabs. A
plot of the coordinates is also displayed in a third tab. The tabular results are available to download

in .csv format.

3.3.4 Shiny Implementation

The spconfShiny application (deployed at https://g2aging.shinyapps.io/spconfShiny/) is
implemented by the Shiny package (Chang et al., 2023) and the Shiny implementation also uses
the shinyjs, shinyWidgets, and bs1ib packages (Attali, 2021; Perrier et al., 2023; Sievert
et al., 2023) with plots created by ggplot2 (Wickham, 2016). Additional parallelization of the

smoothing curve estimation is done by the parallel package (R Core Team, 2023).
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3.4 Demonstration of spconfShiny across different geographic

regions

To demonstrate the utility of the application, we compared spatial bases created across England,
India, Ireland, Northern Ireland, and the contiguous United States, which represent a range of
different geographic sizes and are locations of current studies investigating the impacts of aging on
cognition (Lee et al., 2021). We obtained shapefiles for these countries from Natural Earth (Earth,
2009). For each country, we created grids using Transverse Mercator projected coordinate system
for England (1km, 10km, and 25km), Ireland (1km, 10km, and 25km), and Northern Ireland (1km
and 10km) and Lambert Conformal Conic projected coordinate system for India (10km, 25km, and
50km) and the United States (10km, 25km, and 50km).

Using England with a 25km grid as an example, we uploaded the coordinates in the ‘File Input:’
section of the application. We then selected to compute the effective bandwidth for 100 splines and
used either all points in the dataset or sampled 5000, whichever was smaller. After clicking the
compute button, we downloaded the table of effective bandwidths and summarized the results for
5, 10, 25, 100 df in Table Table 3.1. An image of the application is shown in Figure 3.2. We
proceeded with the other countries and grid sizes similarly. For countries with grids that have

more than 300 points, 300 df was also summarized in the table.
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Table 3.1: Effective bandwidth estimates, interpretable in kilometer distances, for thin-plate regression
splines evaluated on different grid sizes across five countries. df indicates degrees of freedom.

Country Grid Size 5df 10df 25df 100df 300 df

England 1km 1564 1243 772  37.6 21.0
10km 160.3 1253 80.0 40.0 28.3
25km 167.7 127.5 79.1  50.0 -

India 10km 869.8  628.1 3864 190.0 106.3
25km 8223 6364 391.3 1953 1118
50km 838.2  650.0 400.0 200.0 1414

Ireland lkm 125.0 88.1 563 279 15.6
10km 130.0 922 583 30.0 20.0
25km 127.5  100.0 70.7 354 -

Northern Ireland 1km 53.5 39.5 250 12.6 7.1
10km 56.6 412 283 14.1 -
United States 10km 1178.3.0 930.0 593.0 294.1 162.8

25km 11539 927.7 5942 300.0 167.7
50km 11927 9487 602.1 304.1 180.3
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Computation of the Effective Bandwidth

Read Me Results Table Results Plot Locations Plot
Coordinate Input Type:
Degrees of Freedom  Effective Bandwidth
Upload Own Coordinates v
3.00 27271
4.00 201.56
Choose Coordinate CSV File
5.00 167.71
Browse.. England_25km.csv 600 15000
Upload complete
Column Name of X Coordinates: 70 s
8.00 145.77
X
9.00 13463
Column Name of Y Coordinates: 10.00 127.48
v 11.00 125.00
12.00 125.00
Header
13.00 111.80
14.00 106.07
Options: 15.00 103.08
Maximum Number of Splines: 16.00 103.08
)10 O25 @100 O300 Os500 17.00 10000
. 100
Number of Points to Subsample: 1800 00.00,
1000 02000 © 5000 1300 100.00
20,00 90.14
Compute & Download  Clear Data Set 21.00 90.14
2200 90.14
23.00 90.14
24.00 90.14
25.00 79.06
26,00 79.06
27.00 79.06
28.00 77.03
29.00 75.00
30,00 75.00

Figure 3.2: spconfShiny output for user inputted 25km grid across England.

3.4.1 Comparison of the effective bandwidth

Among the five countries that we compared, the least number of points that was considered
was 115 for the 25km grid across Ireland and the most points considered was 130,382 for the 1km
grid across England (Table 3.2). The smallest area that we compared was Northern Ireland, and the
largest area that we compared was The United States (boundary height and width of 436km and
117km, and 2890km and 4610km, respectively:Table 3.2). Comparing the same df for the different
countries, on the same grid size, k is smaller for smaller countries compared to larger countries:
k of 41.2km, 92.2km, 125.3km, 628.1km, and 930.0km, for Northern Ireland, Ireland, England,
India and the United States, respectively, for a TPRS basis with 10df on a 10km grid (Table 3.1,
Figure 3.3).
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Table 3.2: Characteristics of grids used to compute the effective bandwidths

Boundary Boundary Points in Grid
Country Width (km) Height (km) 1km 10km  25km  50km
England 567 646 130,382 1,302 210 -
India 2,840 3,090 - 32,558 5,217 1,300
Ireland 303 436 69,431 701 115 -
Northern Ireland 117 141 14,250 141 — —
The United States 4,610 2,890 - 79,230 12,665 3,173

Comparison of Countries with 10km Grids Overlaid
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T© 200 — England
s - India
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Figure 3.3: Comparison of the effective bandwidth computed for TPRS created on the 10km grid across
England, India, Ireland, Northern Ireland, and the United States

Comparing different grid sizes for the same country, for the same df, the grid size does not have
a meaningful influence on k (l% of 628.1km, 636.4km, and 650.0km, for a TPRS basis of India with
10df with grid sizes of 10km, 25km, and 50km, respectively: Table 3.1). However, a user must

still have reasonably fine resolution across the area as there must be more points than df included

in the model.
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3.4.2 Using the effective bandwidth in epidemiological studies

Ideally, the choice of the effective bandwidth, or number of splines included in (3.1), should be
made before completing an analysis. When selecting an effective bandwidth, researchers should
consider the relationship between the effective bandwidth, the complexity of the model, and the
amount of spatial smoothing induced. Smaller effective bandwidths require more spatial splines
to be included in the model, increasing the model complexity due to increasing the number of
coefficients needed to be estimated. However, as stated previously, including more splines does not
always equate to more accurate exposure-response association estimates (Keller and Szpiro, 2020).
The number of locations also affects the effective bandwidth since the maximum number of splines
that can be created is equivalent to the number of locations. Thus, some effective bandwidths may
not be attainable due to the lack of spatial information in the data. spconfShiny can facilitate
comparisons between similar sized countries for researchers who want to ensure the same amount
of spatial smoothing. This can either be done by selecting an effective bandwidth, and determining
the df needed for each country to spatially smooth at that range; or selecting the proportion of area
of each country to smooth over, determining the effective bandwidth necessary for each country to
achieve that proportion, and then determining the df needed for that effective bandwidth.

Suppose we wanted to compare a minimum smoothing radius of 100km in England and Ireland
with a 10km grid. Using the Shiny application, we determine that we will need to include 7 df in
the analysis for Ireland and 15 df in the analysis for England. However, if we want to smooth
over the same proportion of area, for example 0.1 (i.e., 10% of the region), we need effective
bandwidths of approximately 64km for England and 52km for Ireland, corresponding to including
36 df and 32 df in the analysis, respectively. Similarly, suppose we wanted to compare India and
the United States with a 50km grid and want a minimum smoothing radius of 500km, we need 16

df included in the analysis for India and 36 df included in the analysis for the United States.
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3.4.3 Comparison with alternative approaches

Finally, we provide two sensitivity analyses: a comparison of our proposed variant of the ef-
fective bandwidth with the original method of Keller and Szpiro (2020), and a comparison of our
proposed approach using TPRS splines and using Duchon splines Duchon (1977). First, we com-
pare the variant of the effective bandwidth with the original method for England with a 10km grid
and the United States with a 50km grid using bases containing 5, 10, 25, and 100 df. For compar-
ison with our proposed approach, we applied Keller and Szpiro (2020) method with spans of 0.1
and 0.5 (representing 10% and 50% of the data included in the loess curve smoothing). The origi-
nal effective bandwidth produces larger values for the bandwidth than our variant (Table 3.3). This
difference is to be expected since the proposed approach calculates minimum smoothing radius
while the Keller and Szpiro (2020) approach calculates an average smoothing radius. The differ-
ence between the two methods decreases as the number of df in the basis increases (Table 3.3).
Although both methods provide an effective bandwidth estimate, it is important that researchers

use the same method when comparing across contexts.

Table 3.3: Effective bandwidth estimates for England with a 10km grid and the United States with a 50km
grid comparing the original method of computing the effective bandwidth and our proposed computation.
span = 0.1 and span = 0.5 indicate the original method with stated spans for the loess computation. df
indicates degrees of freedom.

Country Method 5df 10df 25df 100 df

England span=0.1 268.6 1569 98.2 529
span=0.5 2682 1579 1024 87.6

new 160.3 1253 80.0 40.0

United States span=0.1 1660.4 1120.0 682.0 334.9
span=0.5 1658.7 1126.8 708.8 581.3

new 11927 9487 602.1 304.1

We use the same countries and degrees of freedom to compare the choice of spatial basis.

We compare the TPRS basis with low rank Duchon splines. Duchon splines are a broader class
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of spatial splines that encompasses thin plate splines (Duchon, 1977). For our comparison, we
used the low-rank form of Duchon splines, implemented in the mgcv package (Wood, 2011) The
Duchon splines are used as an input for the compute_effective_range() function from the spconf
package, which provided the calculation of the effective bandwidth underlying the spconfShiny
package (Keller and Rainey, 2024). The Duchon splines produce smaller effective bandwidths than
the TPRS for smaller degrees of freedom, eventually converging to the same bandwidth as the df
increases (Table 3.4.) While either set of splines could be used in practice, we implement only

TPRS in spconfShiny due to their widepspread use in spatial analyses.

Table 3.4: Effective bandwidth estimates for England with a 10km grid comparing using TPRS or low rank
Duchon splines to compute the spatial basis. df indicates degrees of freedom.

Country Basis 5df 10df 25df 100df

England TPRS 1603 1253 80.0 40.0
Duchon 122.1 100.0 70.0 40.0
United States TPRS  1192.7 948.7 602.1 304.1
Duchon 930.1 743.3 522.0 304.1

3.5 Conclusion

spconfShiny is an R Shiny application that creates a user-friendly interface for the com-
putation of the effective bandwidth for spatial splines. The effective bandwidth quantifies the
amount of spatial smoothing induced in a model by including a given number of spatial splines in
a model. Using the effective bandwidth, we can compare the impact of spatial smoothing across
different geographic regions for differences in size and shape. As seen in our demonstration of
spconfShiny, when creating models that will be applied to studies in different sized regions,
different degrees of freedom should be used to model the same level of spatial detail and the smaller

region will require including fewer splines compared to the larger region.
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Chapter 4
Mitigating Spatial Confounding in Longitudinal and

Time-to-Event Models

4.1 Introduction

Environmental epidemiology studies commonly examine the health outcomes of individuals
over both a large geographic area and a given time period (Nawrot et al., 2006; Fischer et al., 2015;
the CHILD study investigators et al., 2015; Di et al., 2017; Zhang et al., 2023). Due to the focus
on the health effects of long-term environmental exposures and the spatial nature of both these
exposures and the underlying trends in many health outcomes, any unmeasured spatially varying
factor may induce bias in the association between the health outcome and environmental exposure.
This phenomenon has been heavily studied for cross-sectional studies (Bobb et al., 2022; Dupont
et al., 2022; Guan et al., 2023; Keller and Szpiro, 2020; Marques et al., 2022; Paciorek, 2010;
Schnell and Papadogeorgou, 2020; Thaden and Kneib, 2018).

Many approaches take advantage of the ease of modeling mutli-dimensional space using thin-
plate regression splines (TPRS) to either remove or model the confounded spatial relationships in
the exposure and/or outcome. To incorporate TPRS into a regression model, researchers must se-
lect the number of splines to include in the model and the amount of penalization, and this has led
to different strategies. Dupont et al. (2022)’s Spatial+ methodology, regresses the exposure on the
TPRS to remove the spatial variation in the exposure, which in turn removes the spatial confound-
ing from the outcome model. Keller and Szpiro (2020)’s, denoted here as KS, methodology, chose
the amount of adjustment through an outcome model with everything except the exposure and us-
ing an information criterion to select the number of splines to include in the basis. Thus, the spatial
variation present in the outcome that is not accounted for by the additional covariates is accounted

for by the TPRS. Both of these methods, along with Bobb et al. (2022)’s exposure-penalized spline
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method and Thaden and Kneib (2018)’s geoadditive structural equation model were compared in
Chapter 2.

However, many environmental epidemiology studies use longitudinal or time-to-event data
in which the spatial relationships may change over time (the CHILD study investigators et al.,
2015; Di et al., 2017; Zhang et al., 2023). For longitudinal data where each individual has several
observations over a given period, often a mixed model or a generalized estimating equation (GEE)
model is used. Time-to-event data (e.g. onset of dementia or death) is commonly studied using a
model for the hazard ratio. Utility of existing spatial confounding methods for these analyses is
just beginning to be explored.

While spatial unmeasured confounding has yet to be investigated in longitudinal analyses, non-
spatial unmeasured confounding has been studied extensively in this context (Palta and Yao, 1991;
Gunasekara et al., 2014; Lin and Henley, 2016; Streeter et al., 2017; Keogh et al., 2018; Lee and
Ma, 2024). Streeter et al. (2017)’s literature review of unmeasured confounding in longitudinal
studies returned 121 studies, of which, most implemented either an instrumental variable anal-
yses or a difference-in-difference analyses to mitigate the bias due to unmeasured confounding.
However, in environmental epidemiology contexts, determining an instrument for an instrumental
variable analysis or distinguishing between a ‘treatment’ and ‘control’ group for a difference-
in-difference analysis is challenging due to the spatial dependence of environmental exposures.
Time-dependent confounding has also been investigated in the GEE framework by Keogh et al.
(2018) who introduced a sequential conditional means model that estimates the short-term tempo-
ral effects that the exposure has on the outcome by including the previous exposure measurement
in the model. But, with environmental epidemiology studies’ long-term exposure focus, extending
these time-dependent methods would not be applicable.

Mitigating unmeasured confounding effects in survival studies has also primarily been inves-
tigated under causal frameworks (Klungsgyr et al., 2009; Bosco et al., 2010; MacKenzie et al.,
2014); however, the exploration of the effect of unmeasured spatial confounding is starting for

these studies (Banerjee, 2003; Xue et al., 2020; Azevedo et al., 2023). Similar to the longitu-
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dinal contexts, instrumental variables methods have been proposed by MacKenzie et al. (2014)
to mitigate the biases due to general additive confounding in proportional hazards (PH) models
and showed a reduction in the bias; however they raised concerns about the generalization of
their method. Klungsgyr et al. (2009) introduced using an extension of marginal structure for PH
regression as a sensitivity analysis for causal inference to determine the impact of unmeasured
confounding. Beginning the investigation on mitigating spatial confounding in survival frame-
works, Azevedo et al. (2023) has extended the restricted spatial regression framework, originally
introduced by Hodges and Reich (2010), to frailty models and found a reduction in the variation
in the estimates using the restricted spatial frailty model compared to the spatial frailty model in
spatially confounded scenarios. Similar to the original restricted spatial regression cross-sectional
method, Azevedo et al. (2023)’s restricted spatial frailty model estimates the unconditional esti-
mate, but conditioning upon the unmeasured spatial factor is of primary concern to researchers in
environmental epidemiology studies.

In this chapter, we extend the cross-sectional methods that use TPRS to mitigate the bias in-
duced by spatial confounding to longitudinal and survival frameworks. By adding a temporal com-
ponent to the data, more than just a spatial TPRS basis must be considered and the effectiveness of
the TPRS basis to completely model the spatiotemporal structure of the unmeasured confounder is
uncertain. We investigate extensions of the Spatial+ and KS methodologies into both longitudinal
and survival frameworks and provide an assessment of using TPRS to mitigate the bias in the es-
timated association between an environmental exposure and a health outcome induced by spatial

confounding in spatiotemporal settings.

4.1.1 Wind Speeds and Preterm Birth in North Carolina from 1996 to 2017

We are motivated in part by an analysis investigating the association between preterm birth
(birth occurring before 37 weeks of gestation) and exposure to a tropical cyclone during pregnancy
in a North Carolina cohort between 1996 and 2017. Accounting for about 10% of births in the US,

preterm birth is strongly linked to neonatal death and significantly raises the risk of both short-term
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and long-term health complications for the child (Blencowe et al., 2012; Liu et al., 2015; Purisch
and Gyamfi-Bannerman, 2017). In recent years, negative associations have been found between
meteorological events and adverse health outcomes related to pregnancy, including preterm birth
(Beltran et al., 2013; Sun et al., 2020). In Section 4.4, we analyze a random sample of the North
Carolina cohort and evaluate the hazard ratio of preterm birth associated with tropical cyclone

force winds while accounting for spatial confounding.

4.1.2 Outline of Chapter

The structure of the rest of this chapter is as follows. Section 4.2 defines the assumed longitu-
dinal and survival structures of the data and introduces our proposed method, an outcome-model
driven adjustment methodology, based on the cross-sectional methodology introduced by Keller
and Szpiro (2020). In Section 4.3, we evaluate its performance and compare to alternative ap-
proaches in a simulation study. Section 4.4 applies the methods to the motivating tropical cyclone

study and we conclude with Section 4.5 providing an overall discussion.

4.2 Methods for Mitigating Spatial Confounding in a Spatiotem-

poral Setting

4.2.1 Spatiotemporal Framework

Consider a sample of n individuals, each having a continuous outcome measured at multiple
time points. For example, an outcome may be the resulting score of a memory test, weight of a
baby through the first months of their life, or an individual’s blood pressure (Zhang et al., 2023;
the CHILD study investigators et al., 2015; AlGhatrif et al., 2013). Each individual, 7, has a
corresponding residential location, s; € R?, and is measured at times ¢;; € R,j = 1,..., J; for
some .J;. We denote the outcome of interest as y;;(s;,t;;) and model the mean of the outcome,
1ij(Si, tij), as

pij(Sistis) = Beij(8i,ti;) + By fij (80, tij) + wiTj’Y 4.1)
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where x;;(s;, t;;) is the measured covariate of interest, also referred to as the exposure; w;; € RP
are additional measured covariates that are possibly time-dependent or dependent on location;
fij(si, tij) is an unmeasured confounder; and (3, 5y € R and v € RP” are regression coefficients,
with « including the intercept. For simplicity, we denote f;;(s;,;;) as a single unmeasured con-
founder; however, in practice, it can be a composition of multiple unmeasured confounders that
vary over space and time. Following an approach similar to the spatial settings in Chapter 2,
we assume spatial and temporal correlation between x;;(s;, t;;) and f;;(s;,t;;) is induced through
sharing at least one source of spatiotemporal information.

Two common approaches for estimating 3, in this longitudinal context are a mixed model and

a GEE model. The mixed model is

Yij (8istiz) = pij(8i, ti) + ai + &y, 4.2)

where a; ~ N(0,07) is a random effect for each individual and €, ~ N(0,0?) is additional

non-spatial variation in the outcome. For the GEE model, we model the outcome as

Yij (8istiz) = pij(8i,ti;) + &y, (4.3)

where &, ~ N(0,6°V') is non-spatial variation and V' is assumed to have an exchangeable
correlation structure such that all observations for an individual are equally correlated (Zeger et al.,
1988).

For a second context, we consider a time-to-event outcome. Examples of time-to-event out-
comes include the onset of dementia or the death of an individual. We define y;(s;) as the recorded
event time and J; as the censoring indicator, such that y;(s;) = min(E;, C;) and 6; = I(E; < C;)
where F; is the actual event time and C; is the censoring time. Thus, ¢; takes the values of 1 when
an event is observed and 0 otherwise. We consider a Proportional Hazard (PH) regression model
for these data and estimate the hazard ratio. In a PH model, j;;(s;,t;;) no longer represents the

mean of the outcome but is still the linear predictor component. We denote the hazard function as
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hij(si, e;;), where e;; is any given time within the study, and model the time-varying hazard as

hij(si, €ij) = ho(ei;)exp{pij(si, ei;)}, (4.4)

where hy(e;;) is the baseline hazard function.

In (4.2), (4.3), and (4.4), since f;;(s;,t;;) is unmeasured, a model without adjustment for space
and/or time may lead to a biased estimate of (3,. To remove this bias, we investigate adding thin-
plate regression splines (TPRS) to model the underlying confounded spatiotemporal structure in
either the exposure or the outcome. For notation simplicity, we continue with suppressing the

indexes 7 and j.

4.2.2 TPRS

Over the past decade, the use of thin-plate regressions splines (TPRS) to mitigate spatial con-
founding bias in cross-sectional semiparametric models has been studied extensively (Thaden and
Kneib, 2018; Dupont et al., 2022; Keller and Szpiro, 2020; Bobb et al., 2022). With data varying
across space and time, there are three potential domains on which to define the TPRS: the set of
unique spatial locations, {§}; the set of unique time points, {f}; and the combination of unique
spatial locations and time points {(8, £)}. For each domain, we compute a set of L. TPRS whose
linear combination will represent the spatiotemporal confounded surface present in the exposure or
outcome. The L vectors provide a computationally efficient basis for modeling multidimensional
data (Wood, 2003). We denote a TPRS vector as g ¢, g ¢, Or g5 ¢, indicating splines on the spa-
tial, temporal, or spatiotemporal domain, respectively; and £ = 1, ..., L indexes the spline within
the basis. We will represent the set of L vectors, as matrices such that, for the spatial matrix for
example, Qs = [gs1 - Qs.1] € R and n, represent the number of observations used to create
the spatial basis. The matrices representing the temporal and spatiotemporal bases are constructed
similarly and notated Q; and Q;, respectfully. When evaluating the methods below, we also con-
sidered a linear combination of @ and Q); for some contexts. Commonly, the number of splines,

called the degrees of freedom (df), included in a regression model is less than L.
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4.2.3 Adjustment via Outcome Model Selection

We propose an approach to spatiotemporal confounding adjustment based on addition of TPRS
to the outcome model. This is an extension of the methodology introduced by Keller and Szpiro
(2020). Our proposed method reduces the spatial confounding bias by using unpenalized TPRS to
directly model the confounded spatial structure in the outcome model. We propose using a two-
step approach that first fits the outcome to everything except the exposure and selecting the df by
minimizing an information criterion. The second step fit the full outcome model, including the
exposure and the TPRS basis with the selected df.

When modeling longitudinal data, we propose using Q,; as the TPRS basis to account for
the interaction between space and time in the underlying confounded surface. Especially in sce-
narios where the exposure varies over time, not accounting for the spatio-temporal interaction in
the underlying confounded surface will still leave the model underfit and not mitigate all spatial

confounding bias. Using a mixed model, the procedure is

1. Fity =69+ a; + le;l 8eqe + W'y + €1, for varying k;. Select ks by minimizing AIC or
BIC.

2. Fit the main outcome model y = By + as + B,z + w'~y + Zif;l Beqe + €2y, and make

inference on [3,.

Here ay ~ N(0, (04,)*) az ~ N(0, (04,)%), €1y,, ~ N(0, (01y,,)*), and £2,,,, ~ N(0, (02y,,)?).

When using a GEE model, we follow a similar procedure. Specifically, we

1. Fity = 0o + Eifil Seqe + w'y + £, for varying ks. Select ks by minimizing QIC (Pan,
2001).

2. Fit the model y = By + Box + w4 + Z]Zil Beqe + €24, and make inference on (3,.

Here, €1, ~ N(0, (Xy,,)) and €5, ~ N(0, (¥2,,)), and ¥, and ¥, are block diagonal matrices,
assuming an exchangable correlation structure.
For survival data, we use a PH model in both steps and similar to the longitudinal analyses,

propose using Q; as the TPRS basis. Thus, we
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1. Fit h(-) = horexp{w ™ + Z’;il 8,0} for varying k. Select ks by minimizing AIC or BIC.
2. Fit h(-) = hogexp{B.z + w'y + Z]Zil Beqe} and make inference on f3,.

where hg; and hg, are baseline hazard functions.

By using an outcome-model driven adjustment approach, we are mitigating the spatiotempo-
ral confounding by modeling the association between the outcome and the unmeasured confounder
through the addition of TPRS with a selected df. This modeling reduces the chance of oversmooth-
ing the exposure, which could remove too much signal. Other cross-sectional methods reduce the
spatial confounding by removing or modeling the confounded spatial structure in the exposure
(Dupont et al., 2022; Thaden and Kneib, 2018; Bobb et al., 2022). In these methods, there exist
the chance that by using TPRS to remove the confounded spatial variation in the exposure, all
signal from the exposure will be removed, leaving nothing to identify an association between the
exposure and outcome. The chance of removing all signal from the exposure increases when the
exposure values are computed using predictions from an environmental model rather than using

raw measurements that have non-spatial variation.

4.3 Simulation Study

We conducted a set of simulations to compare the the proposed approach for both mixed and

GEE models for longitudinal data and PH models for survival analyses.

40301 Set'up
For each simulation setting, we replicated the simulation 200 times and reported the average
bias and root mean squared error (RMSE) of the estimates, the coverage rate of nominal 95%

confidence intervals, and the median TPRS df used in the models. The RMSE is calculated as

\/ 5229 (B, — )2/200. For the PH regression models, we also report the average relative bias.

m=1
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Simulating the spatiotemporal exposure and confounder

We sampled n = 500 (2000) locations for the longitudinal (survival) study simulations, across
a [0,10] x [0,10] grid with incremental step size of 0.2 (0.1). Following an approach similar to
the spatial settings in Chapter 2, to construct (4.1) we assume x(s, t) is a function of two centered
and scaled spatiotemporal fields, Z;(s,t) and Zs(s,t), with no non-spatial variation. We also
assume f(s,t) is also function of two centered and scaled spatiotemporal fields; Z(s,t), shared

with z(s, t), and Z3(s, t); such that

x(s,t) = Z1(s,t) + Zs(s,t) 4.5)

f(s,t) = Zi(s,t) + Z3(s,1). (4.6)

To generate Z(s,t), Z>(s,t), and Z3(s,t), we follow an approach similar to Lindstrom et al.
(2014) and Keller et al. (2015). We create 6 spatial fields, z(s),. .., zs(s) and four temporal
trends, by (t),...,bys(t). Each spatial field is a realization of a zero-mean Gaussian Process with
Mateérn covariance structure with range parameter ¢ = 10, variance parameter o2 = 1, and varying
smoothness parameter v; = 2, v, = Vg = 1.5, v3 = 0.5, vy = v5 = 1. The temporal trends
are defined as follows: b;(t) is a linear trend with a negative slope and bs(t), b3(t), and by(t) are
sinusoidal trends with parameters described in Appendix Table C.1. We combine the spatial fields

and temporal trends to create

Z1(8,t) = z1(8) + za2(s) x by (t) 4.7)
Z5(8,t) = z3(8) + z4(8) X by(t) + z4(s) x bs(t) (4.8)
Zg(S,t) = 2’6(8) X b4(t) (49)

For each modeling framework, we consider the comparison of two scenarios: (1) the expo-
sure and confounder are constant over the entire study but still vary spatially (i.e. p;(s;,t) =

i (Sitin) = -+ = pis, (84, t;5,) defined from (4.1)) and (2) the exposure and confounder vary
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both spatially and temporally over the study (i.e. (S, ti1) # -+ # pig,(8i, tis,) defined from
4.1)).

Simulating the longitudinal outcome

For the longitudinal studies, we sample eight time points, one in each of the intervals: [0,1.2],
[1.4, 2.4], [2.6, 3.6], [4.8, 5], [5.2, 6.2], [6.4, 7.4], [7.6, 8.6], [8.8, 10] to mimic an individual
with baseline measurements and seven additional follow-up observations across a 10-year span.
We considered two scenarios based on the amount of correlation within an individual. We set the
non-spatial error variance to 02 = 1 and, for mixed model outcomes, the random effect variance to
0'2 =0.25 and 2.25. To create the outcome in the GEE model studies, we set 0> = 1 and the within

cluster correlation to be 0.2 and 0.7 for scenarios low and high within person correlation.

Simulating the time-to-event outcome

In the survival framework, we partitioned the interval O to 10, representing years 2000 through
2010, into quarterly intervals. Additionally, we simulated two time-constant measured covariates:
a three-level categorical predictor, w; € (1, 2, 3) with probabilities of 0.45, 0.45, and 0.1; and
baseline age from a uniform distribution with bound of 55 and 70. We set the simulated study to
run for a 10-year period.

After the spatiotemporal fields are created, we sampled a start date within the first three months
for each individual and then computed the event times using quarterly intervals. For each individ-
ual, 7, once they enter the study, for each quarterly interval, j, we compute an event time and a
censor time, e;; and c;;, respectively, using the exposure value for that interval. To compute the
times, we follow ther procedure of Austin (2012). We first sample two values, u, ~ Unif(0, 1) and

u. ~ Unif(0, 1). Then we compute

o —log(ue)
Y Xexp{Bat + Bi f + Bul(wy = 2) + Bus(wi = 3) + Bageage}

—log(uc)
- 4.11
C” A x )\2 ( )

(4.10)
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where age is the baseline age of the individual, centered; A is the baseline hazard ratio; A, is a con-
stant to control the amount of censoring; and 3, 5y, Bu2, Bws, and Bqg. € R are the corresponding
true coefficients. We set A = 0.04, Ay = 0.5, B2 = —0.1, By = —0.15, Bege = 0.12, 5, = 0.15,
and 5y = 0.15.

If the minimum of e;; and c;; 1s greater than the interval length of 1/4 (due to obtaining new
exposure and confounder values quarterly), then the individual does not experience the event in
the interval and a new e;; and ¢;; is computed for the next quarter. If the minimum of e;; and ¢;;
is less than 1/4, the individual is removed from the study. Once the individual is removed, we
compute the event time, y; = [365.25{1/4(j — 1) + min(e;;, ¢;;)}|, and the censoring indicator,
d; = I(e; < ¢;). However, if an individual has not experienced the event by the end of the study,
the event time is set to y; = 10 and J; = 0. Thus, ; = 0 unless it is the last included interval for

an individual and they had a recorded event, in which case J; = 1.

4.3.2 Additional Methods

In each simulation study, we compare our proposed method to four other approaches (Ta-
ble 4.1). We investigate a model with no spatial or temporal adjustments as a baseline reference;
a model where the number of df included in the TPRS basis is pre-selected to be either 5, 10, or
50; a one-step selection model using an information criterion to select the df of the basis; and an
extension of Spatial+. In the one-step selection model, the information criterion selects from a full
outcome model. The same model is used for estimating [3,.

To extend the Spatial+ method (Dupont et al., 2022) for longitudinal mixed models, the first
step regresses the exposure on the TPRS basis and a random intercept. For either a fixed df or
GCV penalization, 100 splines are included in the basis and the residuals are computed on all
exposures. For information criterion selection, introduced in Chapter 2, the exposure model is fit
with df ranging from 3 to 50, incrementing by 1, and 55 to 100, incrementing by 5, and the model
that minimizes the df is used to compute the residuals. The second step models the outcome as a

function of the residuals, TPRS basis with either 100 splines, fixed or penalized, or the selected
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number of splines, and additional covariates. The longitudinal GEE models extend the Spatial+
method in a similar manner except instead of including a random intercept in both steps, an ex-
changable correlation structure, grouped by the individuals, is assumed. Extending the Spatial+
method to survival data using a PH model uses the same first step as the longitudinal mixed models
as the exposure is still continuous. In the second step, the outcome model is a PH model with the
residuals of the exposure, TPRS basis, and additional covariates composing the linear component
in the model. In the scenario where a spatial basis, @, is used as the TPRS basis, we consider
three subsets of the exposure for the step one model: all observations, baseline observations for

each individual, or averaging the exposure for each individual.

Table 4.1: Representation of the methods used in comparison in the simulation study. The first step in the
Spatial+ method, however, regresses the exposure on the TPRS basis to obtain the residuals used in the
second step.

Method Step #1 Step #2
Model Selector Model Selector
Unadjusted w=x+w - -
Preselected w=x+q +w Fixed -
One-Step Selection | p =z + qy +w AIC/BIC/QIC -
Proposed w=qy+w AIC/BIC/QIC p=x+q+w /
Spatial+ T =qy Fixed/GCV/AIC/BIC/QIC | =7, + qr +w Fixed/GCV/{

4.3.3 Evaluating over various TPRS bases

We evaluate the effectiveness of the various TPRS bases, Q, Q;, and the linear combination of
Q) and Q;, for mitigating the spatial confounding bias in each of the approaches in the simulation
study. When evaluating the methods for longitudinal data, we fit each approach three times, one
for each of the bases. We do not consider adding just the temporal basis, Q;, since we are primarily
concerned with spatial confounding, and therefore, always want to be adjusting for space with the
TPRS basis. If we are implementing a survival model, we only consider adding the spatial and
spatiotemporal basis; since any function of time is absorbed by the baseline hazard, resulting in

the same estimates for adding @, and the linear combination of Q) and Q.
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4.3.4 Results

The results of the simulation study with low within person correlations (p = 0.2) are reported
in Tables 4.2, 4.3, 4.4, 4.5, 4.6, and 4.7 with additional results for the time-constant exposure
and time-varying exposure with high within-person correlation (02> = 2.25 or p = 0.7) settings
reported in the Appendix C.

Starting with the longitudinal mixed models (Table 4.2 and Table 4.3), the unadjusted model
had the highest bias and RMSE (0.673 and 0.683, respectively), except for using the preselection
model with 5 df using the spatiotemporal basis, which had a higher bias and RMSE (0.712 and
0.731, respectively) and the Spatial+ model with the linear combination of the spatial and temporal
basis using BIC selection which had a higher RMSE (0.690). Among the preselection models,
selecting 50 df using the spatiotemporal basis yielded the lowest bias and RMSE (0.017 and 0.086,
respectively). Using the spatiotemporal basis yielded the overall best reduction of bias and RMSE
in our proposed approach using AIC selection and the Spatial+ model using GCV penalization
(0.006 and 0.057, bias and RMSE, respectively, for both models). Both of those models had a
large df selected.

Looking at the longitudinal GEE models (Table 4.4 and Table 4.5), we see similar trends as the
longitudinal mixed models. The unadjusted model now has the overall highest bias and RMSE.
Again, using the spatiotemporal basis in the proposed and Spatial+ models produced the lowest
bias and RMSE. Our proposed method had the best RMSE while Spatial+ selecting the df from
QIC produced the lowest bias.

However, since Spatial+ uses the residuals of the exposure, there exists a risk that the first stage
removes all signal existing in the exposure, greatly increasing the variability of the outcome. We
see this phenomenon happening in the time-constant exposure with the high correlation within
individual (Appendix Table C.2) Of the settings considered, the method with the overall best per-
formance is our proposed method with AIC using a spatiotemporal basis.

Finally, we consider the results of the survival analysis simulation studies (Table 4.6 and Ta-

ble 4.7). Differing from the longitudinal setting, the unadjusted model no longer has the highest
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RMSE. All but our proposed method using the spatiotemporal basis have higher RMSE than the
unadjusted. For Spatial+ with Q),;, we note that these methods have the overall smallest average
bias. However, the RMSE of these methods, except for when using a GEE model in the first step,
are large in comparison. Using a GEE model in the first step greatly reduces the RMSE; however,
the RMSE is still larger than the unadjusted model. These results indication that, at least for the
scenarios considered here, the best model is the proposed method with AIC, using a spatiotemporal

basis.

4.4 Analysis of North Carolina Birth Cohort Data

We illustrate the use of the proposed method and Spatial+ method for a time-to-event analysis
in an investigation of the risk of preterm birth due to the wind speeds of a tropical cyclone in North
Carolina birth cohort. We used birth data from the North Carolina Department of Health and
Human Services (NCDHHS) vital statistics, covering all live births to North Carolina residents
between 1996 and 2017. We restricted the data to singleton births, with no missing data and for
births at 20+ weeks gestation. The event of interest is whether a birth was a preterm birth (births
occurring before 37 weeks gestation). For each birth, we created weekly intervals from 20 weeks
through 36 weeks gestation or through the end of the pregnancy, which ever occurs first. For all
births that occur before 37 weeks, the event indicator was set to 1 during the final week of the
pregnancy.

The exposure data were the maximum winds speed as a result of a tropical cyclone (wind
speeds > 17.5 m/s) calculated at the county level. To quantify the severity of the tropical cy-
clone exposure, we obtained the maximum wind speed, recorded at the county level, from the
hurricaneexposuredata package in R Anderson et al. (2020). We note that the pregnant
person may not have experienced wind speeds greater than 17.5 m/s, but resided in a county that
experienced such wind speeds during a tropical cyclone. Therefore, exposures may be 0 (no tropi-
cal cyclone exposure), less that 17.5 m/s (experience wind speeds due to a tropical cyclone, but not

tropical cyclone force winds), or greater than 17.5 m/s. Thus, we further restricted the birth cohort
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Table 4.2: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the mixed model
simulations with a time-varying exposure where the within person correlation is low (o, = 0.5). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model.

Method df Selector Basis Subset  Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Unadjusted - - - 0.6733  0.6831 0.000 - -
Preselect Fixed S - 0.3089 0.4394 0.135 5 -
Preselect Fixed S - 0.3423  0.4869 0.105 10 -
Preselect Fixed S - 0.4099 0.5862 0.080 50 -
Preselect Fixed ST - 0.7115 0.7306 0.005 5
Preselect Fixed ST - 0.0843 0.2692 0.230 10
Preselect Fixed ST - 0.0174  0.0855 0.770 50
Preselect Fixed S&T - 0.3812 0.4705 0.140 5 5
Preselect Fixed S&T - 0.4185 0.5070 0.125 10 10
Preselect Fixed S&T - 0.4926 0.5806 0.115 50 10
One Step AIC S - 0.3903  0.5588 0.115 18 -
One Step BIC S - 0.3313  0.4739 0.125 4 -
One Step AIC ST - 0.0091 0.0570 0.930 95
One Step BIC ST - 0.0228 0.0899 0.765 48
One Step AIC S&T - 0.4612 0.5605 0.130 19.5 7
One Step BIC S&T - 0.4035 0.5012 0.120 4 5
Proposed AIC S - 0.4047 0.5896 0.085 52.5 -
Proposed BIC S - 0.3533  0.5058 0.110 11 -
Proposed AIC ST - 0.0059 0.0571 0.925 100
Proposed BIC ST - -0.0070 0.0665 0.850 75
Proposed AIC S&T - 0.4883 0.5791 0.095 55 7
Proposed BIC S&T - 0.4262 0.5180 0.135 12 5
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Table 4.3: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the mixed model
simulations with a time-varying exposure where the within person correlation is low (o, = 0.5). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model. (continued)

Method  df Selector Basis Subset Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Spatial+ Fixed S - 0.4481 0.6380 0.080 100 -
Spatial+ Fixed S Mean 0.4351 0.6259 0.085 100 -
Spatial+ Fixed S Base 0.4351 0.6259 0.085 100 -
Spatial+ GCV S - 0.4525 0.6302 0.075 48.7 -
Spatial+ AIC S - 0.4438 0.6309 0.075 90 -
Spatial+ AIC S Mean 0.4350 0.6251 0.085 100 -
Spatial+ AIC S Base 0.4327 0.6216 0.080 95 -
Spatial+ BIC S - 0.4636 0.6221 0.080 27 -
Spatial+ BIC S Mean 0.4083 0.5881 0.085 43 -
Spatial+ BIC S Base 0.3976 0.5680 0.095 32 -
Spatial+ Fixed ST - 0.0702 0.1431 0.825 100
Spatial+ GCV ST - 0.0061 0.0574 0.925 90.7
Spatial+ AIC ST - 0.0700 0.1430 0.825 100
Spatial+ BIC ST - 0.0702 0.1499 0.780 80
Spatial+ Fixed S&T - 0.5985 0.6785 0.055 100 10
Spatial+ GCV S&T - 0.5255 0.6119 0.090 51.3 9.2
Spatial+ AIC S&T - 0.5983 0.6781 0.055 100 9
Spatial+ BIC S&T - 0.6093  0.6895 0.055 32 4
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Table 4.4: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the GEE model
simulations with a time-varying exposure where the within person correlation is low (p = 0.2). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model.

Method df Selector Basis Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Unadjusted — - 0.6755 0.6887 0.000 - -
Preselect Fixed S 0.3094 0.4441 0.095 5 -
Preselect Fixed S 0.3446 0.4888 0.095 10 -
Preselect Fixed S 0.4086 0.5795 0.080 50 -
Preselect Fixed ST 0.7067 0.7268 0.000 5
Preselect Fixed ST 0.1080 0.2908 0.205 10
Preselect Fixed ST 0.0248 0.0886 0.675 50
Preselect Fixed S&T 0.3939 0.4761 0.085 5 5
Preselect Fixed S&T 0.4339 0.5113 0.070 10 10
Preselect Fixed S&T 0.5109 0.5817 0.055 50 10
One Step QIC S 0.4304 0.6102 0.075 100 -
One Step QIC ST 0.0108 0.0527 0.930 95
One Step QIC S&T 0.5028 0.5860 0.075 70 8
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Table 4.5: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the GEE model
simulations with a time-varying exposure where the within person correlation is low (p = 0.2). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model. (continued)

Method  df Selector Basis Subset Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Proposed QIC S - 0.4297 0.6103 0.070 100 -
Proposed QIC ST - 0.0077 0.0523 0.935 100
Proposed QIC S&T - 0.5314 0.6028 0.075 100 9
Spatial+  Fixed S - 0.4309 0.6111 0.070 100 -
Spatial+  Fixed S Mean 0.4309 0.6111 0.070 100 -
Spatial+  Fixed S Base 0.4309 0.6111 0.070 100 -
Spatial+  QIC S - 0.4308 0.6112 0.070 100 -
Spatial+  QIC S Mean 0.4309 0.6111 0.070 100 -
Spatial+  QIC S Base 0.4289 0.6080 0.070 95 -
Spatial+  Fixed ST - 0.0098 0.0524 0.940 100
Spatial+  QIC ST - 0.0054 0.0607 0.920 95
Spatial+  Fixed S&T - 0.5373  0.6066 0.055 100 10
Spatial+  QIC S&T - 0.5155 0.5895 0.060 75 5
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Table 4.6: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the PH model
simulations with a time-varying exposure. The median degrees of freedom (df) for each method is reported for the respective basis used in each
model.

Method df Selector Basis Subset Bias  Relative RMSE Coverage df Selected

Bias (95% Nominal)  (Spatial)
Unadjusted - - - 0.0444  0.2963  0.0662 0.650 -
Preselect Fixed S - 0.0418 0.2784 0.0730 0.835 5
Preselect Fixed S - 0.0483  0.3219 0.0850 0.820 10
Preselect Fixed S - 0.0634 0.4228 0.1128 0.810 50
Preselect Fixed ST - 0.0418 0.2787 0.0722 0.830 5
Preselect Fixed ST - 0.0140 0.0930 0.0607 0.940 10
Preselect Fixed ST - 0.0043  0.0287 0.0885 0.965 50
One Step AIC S - 0.0429  0.2862  0.0765 0.800 3
One Step BIC S - 0.0401 0.2673  0.0684 0.840 3
One Step AIC ST - 0.0298 0.1987 0.0708 0.865 3
One Step BIC ST - 0.0397 0.2648 0.0671 0.820 3
Proposed AIC S - 0.0332  0.2211  0.0707 0.865 5
Proposed BIC S - 0.0362 0.2414  0.0660 0.855 3
Proposed AIC ST - 0.0062 0.0416 0.0572 0.980 8
Proposed BIC ST - 0.0253 0.1683  0.0578 0.910 3
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Table 4.7: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the PH model
simulations with a time-varying exposure. The median degrees of freedom (df) for each method is reported for the respective basis used in each
model. (continued

Method  df Selector Basis Subset Bias  Relative RMSE Coverage df Selected

Bias (95% Nominal)  (Spatial)

Spatial+ Fixed S Mixed 0.0944 0.6296 3.8954 0.020 100
Spatial+ Fixed S GEE 0.0727 0.4844 0.1256 0.760 100
Spatial+ Fixed S Mean 0.0727 0.4844 0.1256 0.760 100
Spatial+ Fixed S Base 0.0727 0.4844 0.1256 0.760 100
Spatial+ AIC S Mixed 0.0950 0.6336 3.8924 0.020 100
Spatial+ AIC S Mean 0.0727 0.4847 0.1259 0.760 100
Spatial+ AIC S Base 0.0726 0.4842 0.1256 0.760 100
Spatial+ BIC S Mixed 0.1029 0.6861 3.8916 0.015 34.5
Spatial+ BIC S Mean 0.0607 0.4049 0.1080 0.790 42

Spatial+ BIC S Base 0.0724 0.4824 0.1250 0.760 100
Spatial+ QIC S GEE 0.0728 0.4855 0.1247 0.765 100
Spatial+ Fixed ST Mixed 0.0009 0.0060 0.3891 0.955 100
Spatial+ Fixed ST GEE 0.0018 0.0122 0.0980 0.950 100
Spatial+ AIC ST Mixed 0.0009 0.0060 0.3891 0.955 100
Spatial+ BIC ST Mixed 0.0005 0.0033 0.3886 0.960 100
Spatial+ QIC ST GEE 0.0021 0.0137 0.0966 0.950 100
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to births in counties that experienced tropical cyclone force winds at some point between 1996 to
2017. We considered two exposures of interest: a baseline maximum wind exposure during the
first 20 weeks of the pregnancy (a time-constant exposure for each person) and a 4-week sliding
maximum wind speed exposure (a time-varying exposure) for weeks 20 through 36.

Along with the exposure, we included an indicator variable for month of birth and for the
year of birth as additional covariate. After restrictions, the cohort contains 1,511,388 births of
which 339,321 are preterm. Finally, we subsampled 20% of the births for computational speed.
Our sample included 302,227 births of which 27,137 of the births were preterm and 5,364 of the
preterm births experienced tropical cyclone force wind speeds.

For the analysis, we compared four models: the unadjusted model, the preselection model, the
proposed model, and the Spatial+ model. We used both Q, and Q,; in the preselection model,
choosing a df of 5 and 15. Following the results of the simulation study, we used Q. for the
proposed approach, using the AIC selection criterion; and we used both Q) and Q) for the Spatial+
approach. For Q,, we used the exposure at 20 weeks as the baseline exposure in the first step and
AIC to select the df, and for the spatiotemporal basis, we used the GEE model in the first step and
QIC to select the df since the spatiotemporal basis has multiple exposures per individual and the
baseline exposure only has one exposure per individual. The models that used information criteria
to select the number of splines to include in the model selected from 3 to 20 df incrementing by 1
and 25 to 50 df incrementing by 5. We reported the estimated hazard ratio (HR) for the wind speed

along with corresponding 95% confidence interval (CI) and df used in the final model in Table 4.8.

4.4.1 Results

When using a time-constant exposure, 193,404 births (17,616 preterm births) were exposed to
winds due to a tropical cyclone and the average [sd] maximum wind speed of births that expe-
rienced a tropical cyclone during the first 20 weeks was 11.357 [7.989]m/s (11.458 [7.943]m/s).

For the models that used a time-varying exposure, 195,587 births (16,210 preterm births) were ex-

65



Baseline Maximum

aaaaa

Average
Wind Speeds

Figure 4.1: Shown here are the average maximum wind speeds experienced by a pregnant person when us-
ing a model that uses the maximum wind speed experienced during the first 20 weeks (Baseline Maximum)
and a sliding window of maximum wind speeds of 4 weeks (4-Week Sliding Maximum).

posed to winds with the average [sd] maximum wind speed for births that experience a TC during
a 4-week interval was 6.677 [7.068]m/s (6.644 [7.025]m/s) (Figure 4.1).

We saw that for the time-constant models, all models that included splines to adjust for space
reported a hazard ratio (HR) of approximately twice as large as the HR computed from the model
that did not include splines (Table 4.8). All time-constant models that added TPRS reported HR
between 0.0014 and 0.0017 for a 1 m/s increase in wind speed experienced within the first 20
weeks of pregnancy compared to a HR of 0.0008 for the unadjusted model (Table 4.8). While all
of the 95% confidence intervals contained 0, the doubling of the estimated hazard ratios suggests
that the unadjusted model may be attenuated by an unmeasured spatial factor. However, across the
models that do adjust for space, there exist variation in the df used but not in the estimated hazard
ratios suggesting only slight adjustments were needed to account for the unmeasured spatial factor.

In contrast, the time-varying models all reported approximately the same HR and 95% con-
fidence intervals. Also of note, all models with a time-varying exposure produced negative HR
with 95% ClIs that did not contain zero (Table 4.8). These results are counter-intuitive as they

suggest that increasing the wind speeds experienced during pregnancy during a tropical cyclone
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Table 4.8: Point estimates and 95% confidence intervals of the hazard ratio of preterm birth associated
with a 1 m/s increase in maximum wind speed experienced during the first 20 weeks of a pregnancy (time-
constant) or during a 4 week sliding window (time-varying) during a tropical cyclone event in the North
Carolina birth cohort study, and selected degrees of freedom (df) for the thin-plate regression spline basis

Exposure Type Basis df Selector Estimate 95% Confidence Interval df Selected

Time-Constant  Unadjusted - 0.0008 (-0.0011, 0.0028) -
Preselect S 0.0015 (-0.0005, 0.0035) 5
Preselect S 0.0014 (-0.0006, 0.0034) 15
Preselect ST 0.0017 (-0.0003, 0.0037) 5
Preselect ST 0.0017 (-0.0004, 0.0037) 15
Proposed ST 0.0014 (-0.0006, 0.0035) 50
Spatial+ (Base) S 0.0014 (-0.0006, 0.0034) 18

Time-Varying  Unadjusted - -0.0103 (-0.0131, -0.0075) -
Preselect S -0.0102 (-0.0129, -0.0074) 5
Preselect S -0.0102 (-0.0130, -0.0074) 15
Preselect ST -0.0101 (-0.0129, -0.0073) 5
Preselect ST -0.0101 (-0.0128, -0.0073) 15
Proposed ST -0.0102 (-0.0130, -0.0074) 50
Spatial+ (Base) S -0.0102 (-0.0130, -0.0075) 7
Spatial+ (GEE) ST -0.0102 (-0.0130, -0.0074) 50

event decreases the risk of preterm birth (Beltran et al. (2013), Sun et al. (2020)). Possible expla-
nations of these results include delayed care towards the end of a pregnancy, such as pushing back

a scheduled preterm induction to then be a full term birth, but further investigation is warranted.

4.5 Discussion

In this chapter, we have introduced an extension of two cross-sectional semiparametric methods
for longitudinal and time-to-event data containing either a time-constant or time-varying exposure
to mitigate the bias due to spatial confounding using TPRS. Our extensions, along with a preselec-
tion and one-step method, allow both the proposed method and Spatial+ method to be implemented
for mixed models, GEE models, and PH models. We showed that in the the presence of spatial
confounding, adjustment for the confounded spatial variation is necessary to produce estimates
with less bias for longitudinal and survival data.

In our simulation studies, we identified that using the proposed method with a spatiotemporal

TPRS basis and the AIC criterion for mixed and survival model and QIC for GEE models pro-
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duced estimates with a reduction in bias while also reducing the variability of the selected point
estimates. Using just a spatial TPRS basis tended to increase the bias substantially compared to
using a spatiotemporal basis. The Spatial+ extensions produced estimates with a lower bias in
some scenarios but inflated the variation of the estimates.

In all of the studies, we did not include non-spatial variation when simulating the exposure,
since we are motivated by environmental epidemiology studies where exposure values are pre-
diction outputs from a model. Investigation of the extension of these methods when non-spatial
variation is present in the exposure would benefit other contexts. We also only investigated the
scenarios where the spatial variation in the exposure is greater than the spatial variation in the
confounder and it is unclear if the methods would still mitigate bias when the spatial variation in
the confounder is greater than in the exposure — a scenario known to challenge all approaches in
cross-sectional studies. There also exist cross-sectional methods that mitigate bias due to spatial
confounding that do not use TPRS (e.g. spectral filtering or Gaussian Process) and extension of
these methods for longitudinal and time-to-event data are needed to continue to investigate the best
methods for mitigating the bias for these data.

In summary, we investigated using TPRS to mitigate the bias due to spatial confounding for
both longitudinal and time-to-event data by extending two existing cross-sectional methods for
exposure that are either constant or vary over time. Using these methods allows for large-scale
environmental epidemiologic studies that collect data over a period of time to account for spatial

confounding in their analyses.
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Chapter 5

Conclusions

In this dissertation, we compared and developed methods using thin-plate regression splines
to mitigate the bias due to spatial confounding for large cohort environmental epidemiological
studies and developed tools to assist researchers to apply these methods. In Chapter 2, we com-
pared current methodologies and introduced a hybrid approach to mitigate the bias induced by
the presence of spatial confounding in cross-sectional studies. In Chapter 3, we developed an R
Shiny application, spconfShiny, based off of the R package spconf, to create a point-and-
click dashboard that computes an effective bandwidth statistic to quantify the amount of spatial
smoothing induced by adding a given number of splines into a regression model. In Chapter 4,
we introduced new methods, which extended ideas from Chapter 2, for longitudinal and survival

modeling frameworks, which include temporal variation.

5.1 Cross-Sectional vs. Spatiotemporal Models

For large cohort analyses, we investigated an outcome-model driven adjustment, originally in-
troduced for cross-sectional data by Keller and Szpiro (2020) and compared in Chapter 2. We
proposed an extension of this methodology for longitudinal and time-to-event data in Chapter 4 to
reduce bias due to spatial confound while also controlling the variance of the point estimates. In
both Chapter 2 and Chapter 4, we compared the outcome-model driven adjustment to an exposure-
model driven adjustment. Originally introduced by Dupont et al. (2022) for cross-sectional data,
we extended the Spatial+ approach, an exposure-model driven adjustment approach, and intro-
duced new methodology for longitudinal and time-to-event data. More prominently seen in Chap-
ter 4, our proposed outcome-model driven adjustment balances the bias-variance trade-off com-
pared to the exposure-model driven adjustment, introducing a little bias for a great reduction of the
variation. In the exposure-model driven adjustment, the removal of the spatial variation from the

exposure risks removing all signal, especially when the exposure is computed from an exposure
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model based on predictions at the residential locations of the individuals in the study. This can
lead to either a null association between the exposure and outcome, or a highly variable estimate.
However, in our proposed outcome-model driven adjustment methodology, the spatial variation in
the outcome, not accounted for by any additional covariates in the model, is modeled and therefore
still accounted for, not risking nullifying the association between the exposure and outcome and
producing less variables estimates.

In Chapter 2, multiple simulations studies were completed, comparing both low and high fre-
quency spatial confounding, and the smallest bias and RMSE were from approaches with the num-
ber of TPRS selected by AIC. In some simulation settings, either KS BIC produced a slightly
smaller bias or our proposed Spatial+ BIC producing equivalent results. However, in Chapter 4, the
results were less clear with our proposed outcome-model driven adjustment using AIC having the
smallest RMSE, but not the smallest bias. The smaller biases were produced by various exposure-
model driven adjustment methods we introduced; however, the RMSE were large in comparison to
the outcome-model driven adjustment methods. Thus, by weighing the bias-variance trade-off, our
proposed outcome-model driven adjustment methodology using AIC was recommended. Also, in
Chapter 4, we compared a time-constant exposure to a time-varying exposure, but did not investi-
gate the difference between low and high frequency spatial confounding. This difference would be

of interest for researchers looking to mitigate spatial confounding in spatiotemporal data.

5.2 Connection to Other Approaches

In the extension to spatiotemporal data, we solely focused on the extension of methods that
use thin-plate regression splines to reduce the bias due to spatial confounding through either the
modeling of the confounded spatiotemporal surface or the removal of the confounded spatiotem-
poral variation. However, as discussed in Section 2.1, there exist other cross-sectional methods
using various statistical techniques to mitigate spatial confounding bias. These techniques could
include using the spectral domain or using Gaussian Processes, to directly model spatiotemporal

variation (Guan et al., 2023; Wiecha et al., 2024; Schnell and Papadogeorgou, 2020; Marques et al.,
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2022). Since Gaussian Processes are implemented using a Bayesian procedure, the additional tem-
poral component requires selecting more priors and estimating more parameters, introducing more
choices for the researcher to make before running an analysis and increasing the overall compu-
tation time. However, it would be of interest to see out the extension introduced in Chapter 4
compare to extensions of methods beyond the implementation of TPRS.

All of the work discussed in this dissertation revolves around computing an association be-
tween an environmental exposure and a health outcome of interest while removing bias due to
spatial confounding. A majority of work mitigating confounding bias has been done in a causal
inference framework, as discussed in both Section 2.1 and Section 4.1. However, environmental
exposures are recorded as continuous measures where the exposure experienced by one individual
is related, via distance, to the exposure experienced by another individual in the study. This poses
two problems for causal inference methodologies. The first being that, for the majority of causal
procedures, the treatment, or exposure, is binary, making matching procedures such as computing
the propensity score much more challenging. Papadogeorgou and Dominici (2020) introduced a
causal procedure using an continuous exposure as the treatment, however restricts the individuals
in the study to be within a certain radius of the exposure sources. This restriction greatly re-
duces the number of individuals that would be able to be considered in large cohort environmental
epidemiology studies and would therefore not be applicable. The second problem that using envi-
ronmental exposures as the treatment for a causal inference methodology poses is that it breaks the
assumption of no interference, or that the outcome of an individual is unaffected by the treatments
assigned to other individuals. Papadogeorgou et al. (2019a) and Papadogeorgou et al. (2019b)
have proposed methods to combat the interference that spatial exposures pose to causal inference
through a distance adjusted propensity score and through the clustering of individuals in a study,
respectively; however, both of these methods are only applicable to cross-sectional studies and the

extension to time-varying data is nontrivial.
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5.3 Future Work

An important consideration when completing a survival analysis with a time-varying exposure
is the underlying time-scale assumed by the model. In Chapter 4, we assumed a follow-up time
using calendar months as the underlying time-scale for the survival models in the simulation study.
When age is included as a linear predictor in the exponential term of a PH model, a log-linear
relationship between age and the health outcome of interest is inherently assumed. This assumption
is one that needs to be considered in epidemiological studies and may not hold in analyses (Oakes,
1995; Cologne et al., 2012; Vyas et al., 2021). Rather than using the follow-up time, age can
be used as the underlying time-scale for survival models. This breaks the log-linear relationship;
however, makes implementing TPRS much more challenging as the TPRS are constructed over
calendar time, not the age of an individual. Investigating how to use TPRS to mitigate bias when
using age as a time-scale of a survival model would be of interest.

All methods investigated in this work rely on the assumption that TPRS basis can completely
model the underlying confounded structure. However, there is no simple way in an analysis to
determine whether this assumption is valid as the confounded variables are unmeasured, and so
the underlying confounded structure will always be unknown. It is unknown how the various
confounded surfaces would perform with time-varying spatial data. Also, none of the methods are
tested using a complex survey design (e.g. using survey weights). Using survey weights is common
in environmental epidemiology studies (Zhang et al., 2023), however, none of the simulations used
survey weights to test the mitigation effect of the methods proposed in this work. Further work is

needed to make conclusions for various survey designs.
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Appendix A

Supplemental Material for the Introduction

A.1 Multivariate Confounding Calculations

Let’s say we fit the model Y = X (3+e€ when, in actuality, the true modelis Y = X 3+Cd+e.

Then, assuming E[e] = 0, we can compute the bias of ,[;’ as

E[8] = E[(XTX) ' XTY]
= (XTX) ' XTE[Y]
= (XTX)"'XT(X8 + C9)
= (X" X)'X'XB+(X"X)'XTCs

=B+ (XTX)'XTCs. (A.1)

Therefore, 3 has a bias of (XTX) ' XTC4. If C is a confounder, not including it in the model

will impact the results.

A.2 Restricted Spatial Regression Methodology

Introduced by Hodges and Reich (2010) and extended by Hanks et al. (2015), we define y to be
a spatially varying outcome conditional upon the mean, p and additional covariates «. Addition-
ally, we assume, for a given link function, g(-), the mean of the outcome is a transformed function

of a spatially-varying covariates, X, and a zero-mean spatial random effect, 1, quantifying the
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random spatial variation present in the model. That is, we define

Y~ [ylp,~] (A.2)
g(p) =XB+n (A3)
n~ N(0,%,) (A.4)
B~ N(up+ Xps) (A.5)

where ¥ are covariance matrices; 3 are the fixed regression parameters on the covariates in X.
Under this framework, spatial confounding is defined as random effect collinearity between the
spatial covariates of interest, X, and the spatial random effect, 7.

To mitigate the multicollinearity, Hodges and Reich (2010) constrained the random effect to be

orthogonal to the spatial covariates fitting

9(p) = X0+ (I - Px)n (A.6)

instead of (A.3), where I is the identity matrix, Px = X (X TX) !XT is the projection matrix
onto the column space of X, and 9§ is the unconditional relationship between X and y. By con-
straining the random effect, the random effect is now independent of the spatially-varying covari-
ates, relieving the multicollinearity and therefore removing the spatial confounding. Hanks et al.
(2015) extended this framework to model the conditional relationship of X and y, conditional on

the random effect, 1, by transforming the unconditional effect such that 3 = § + (X T X)X Tn.
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Appendix B

Supplemental Material for Chapter 2

B.1 Additional Simulation Details

B.1.1 Simulation Study Information

Table B.1: Description of the degrees of freedom (df) used by the various methods in simulation study.

Response Type Method df Selector df Implemented
Continuous Spatial+ and gSEM  Fixed 300

KS Fixed 10

KS and Spatial+ AIC/BIC 3 to 50 incrementing by 1

55 to 100 incrementing by 5
125 to 300 incrementing by 25

Binary Spatial+ and gSEM  Fixed 200
KS Fixed 10
KS and Spatial+ AIC/BIC 3 to 50 incrementing by 1

55 to 100 incrementing by 5
125 to 200 incrementing by 25
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B.1.2 Additional Simulation Results

Results from Continuous Outcomes

Table B.2: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of /3, in the simulation where ¢1 = 150, ¢ = 10, ¢3 = 100, 0, = 0.1, and 0y = 1.
The median degrees of freedom (df) for each method is given for both the exposure and outcome model.

Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)

Unadjusted - 0.176  0.079 0.434 - -
Spatial+ Fixed 0.228 0.079 0.946 300 300
Spatial+ GCV 0.334 0.265 0.756 218.6 50.3
Spatial+ AIC 0.225 0.055 0.940 300 300
Spatial+ BIC 0.155 0.054 0.938 65 65
gSEM Fixed 0.228 0.055 0.876 300 300
gSEM GCV 0.329 0.259 0.746 218.6 50.7
KS AIC 0.127 0.011 0.960 - 33
KS BIC 0.108 0.022 0.920 - 9
KS Fixed 0.118 0.055 0.876 - 10
E-PS GCV 0.175 0.056 0.964 218.6 218.4
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Table B.3: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of 3, in the simulation where ¢ = 10, ¢3 = 100, o, = 0, and 0y, = 1. The median

degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
5 Unadjusted - 0.650 0.629 0.004 - -
Spatial+ Fixed 0.696 0.676 0.012 300 300
Spatial+ GCV 0.949 0.935 0.000 237.8 127.8
Spatial+ AIC 0.695 0.675 0.012 300 300
Spatial+ BIC 0.673 0.664 0.000 80 80
g¢SEM Fixed 0.696 0.676 0.008 300 300
¢SEM GCV 0.914 0.898 0.000 237.8 129.4
KS AIC 0.638 0.626 0.004 - 100
KS BIC 0.640 0.633 0.000 - 27
KS Fixed 0.665 0.660 0.000 - 10
E-PS GCV 0.682 0.670 0.000 237.8 237.6
50  Unadjusted - 0.279  0.207 0.210 - -
Spatial+ Fixed 0.312 0.186 0.876 300 300
Spatial+ GCV 0.499 0434 0.592 238.2 60.0
Spatial+ AIC 0.313 0.172 0.876 300 300
Spatial+ BIC 0.241 0.168 0.816 80 80
g¢SEM Fixed 0.312 0.186 0.824 300 300
¢SEM GCV 0.493 0.427 0.572 238.3 60.2
KS AIC 0.180 0.111 0.866 - 40
KS BIC 0.165 0.124 0.756 - 11.5
KS Fixed 0.197 0.164 0.562 - 10
E-PS GCV 0.264 0.177 0.886 238.3 238.1
150 Unadjusted - 0.188 0.084 0.442 - -
Spatial+ Fixed 0.275 0.083 0.946 300 300
Spatial+ GCV 0.410 0.318 0.784 238.2 49.3
Spatial+ AIC 0.276  0.083 0.946 300 300
Spatial+ BIC 0.190 0.069 0.928 80 80
¢SEM Fixed 0.275 0.083 0.872 300 300
¢SEM GCV 0.406 0.314 0.776 238.2 49.4
KS AIC 0.141  0.009 0.940 - 32
KS BIC 0.111 0.021 0.932 - 9
KS Fixed 0.123  0.091 0.874 - 10
E-PS GCV 0.219 0.075 0.956 238.2 238.0
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Table B.4: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of 3, in the simulation where ¢ = 10, ¢3 = 100, 0, = 2, and 0y = 1. The median
degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
5 Unadjusted - 0.129 0.119 0.020 - -
Spatial+ Fixed 0.021 0.010 0.922 300 300
Spatial+ GCV 0.034 0.029 0.586 34.5 81.0
Spatial+ AIC 0.034  0.029 0.590 22 22
Spatial+ BIC 0.055 0.051 0.190 6 6
gSEM Fixed 0.021 0.010 0.844 300 300
g¢SEM GCV 0.021 -0.004 0.844 34.5 58.3
KS AIC 0.028 0.020 0.748 - 39
KS BIC 0.042 0.038 0.388 - 11
KS Fixed 0.050 0.046 0.246 - 10
E-PS GCV 0.037 0.033 0.498 34.5 34.5
50  Unadjusted - 0.034 0.022 0.636 - -
Spatial+ Fixed 0.019  0.002 0.960 300 300
Spatial+ GCV 0.020 0.010 0.894 19.2 33.2
Spatial+ AIC 0.017 0.004 0.938 13 13
Spatial+ BIC 0.018  0.007 0.924 4 4
gSEM Fixed 0.019  0.002 0.888 300 300
gSEM GCV 0.018  0.000 0.914 19.2 21.7
KS AIC 0.016  0.002 0.946 - 15
KS BIC 0.017 0.005 0.946 - 4
KS Fixed 0.017  0.005 0.944 - 10
E-PS GCV 0.017  0.005 0.942 19.2 19.2
150 Unadjusted - 0.023  0.008 0.834 - -
Spatial+ Fixed 0.019 0.001 0.958 300 300
Spatial+ GCV 0.019  0.008 0.904 18.0 27.7
Spatial+ AIC 0.016  0.002 0.944 12 12
Spatial+ BIC 0.016  0.002 0.938 4 4
gSEM Fixed 0.019 0.001 0.890 300 300
¢SEM GCV 0.017 0.001 0.918 18.0 18.0
KS AIC 0.016  0.000 0.944 - 12
KS BIC 0.016  0.001 0.948 - 4
KS Fixed 0.016  0.002 0.948 - 10
E-PS GCV 0.016  0.002 0.944 18.0 18.0
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Table B.5: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence in-
tervals for the estimates of 3, in the simulation where ¢ = 10, ¢3 = 100, 0, = 0.1, and o, = 10. The
median degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
5 Unadjusted - 0.718  0.620 0.526 - -
Spatial+ Fixed 1.621  0.632 0.922 300 300
Spatial+ GCV 1.745 1.051 0.884 229.7 8.1
Spatial+ AIC 1.618 0.640 0.924 300 300
Spatial+ BIC 1.181 0.646 0.896 75 75
gSEM Fixed 1.621  0.632 0.872 300 300
g¢SEM GCV 1.745 1.051 0.880 229.7 8.1
KS AIC 0.703  0.486 0.860 - 5
KS BIC 0.767 0.615 0.742 - 3
KS Fixed 0.872  0.659 0.796 - 10
E-PS GCV 1.296 0.653 0.940 229.7 229.5
50  Unadjusted - 0.537 0.189 0.930 - -
Spatial+ Fixed 2.144  0.247 0.954 300 300
Spatial+ GCV 2.030 0.517 0.952 220.4 3.5
Spatial+ AIC 2.121  0.256 0.952 300 300
Spatial+ BIC 1.421 0.180 0.970 70 70
gSEM Fixed 2.144  0.247 0.892 300 300
gSEM GCV 2.030 0.517 0.950 220.4 3.5
KS AIC 0.691 0.020 0.960 - 3
KS BIC 0.679  0.150 0.948 - 3
KS Fixed 0.899 0.148 0.950 - 10
E-PS GCV 1.614  0.235 0.972 220.4 220.2
150 Unadjusted - 0.533  0.068 0.950 - -
Spatial+ Fixed 2.227  0.182 0.952 300 300
Spatial+ GCV 2.086 0.418 0.958 218.6 2.8
Spatial+ AIC 2.194  0.185 0.948 300 300
Spatial+ BIC 1.465 0.096 0.962 65 65
gSEM Fixed 2.227  0.182 0.890 300 300
¢SEM GCV 2.086 0.418 0.952 218.6 2.8
KS AIC 0.741 -0.071 0.956 - 3
KS BIC 0.698 0.045 0.946 - 3
KS Fixed 0.941 0.042 0.950 - 10
E-PS GCV 1.673  0.156 0.980 218.6 218.4
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Binary Outcome

Table B.6: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence in-
tervals for the estimates of (3, in the simulation where ¢; = 150, ¢o = 10, ¢35 = 100, o, = 0.1 and the
outcome is binary. The median degrees of freedom (df) for each method is given for both the exposure and
outcome model.

Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
Unadjusted - 0.131 0.031 0.886 - -
Spatial+ Fixed 0.472  0.091 0.898 200 200
Spatial+ GCV 0.392  0.055 0.928 180.1 8.4
Spatial+ AIC 0.472  0.091 0.898 200 200
Spatial+ BIC 0.372  0.058 0.934 100 100
gSEM Fixed 0.552 0.054 0.942 200 200
g¢SEM GCV 0.388 0.049 0.928 180.1 8.4
KS AIC 0.172 -0.026 0.948 - 6
KS BIC 0.149  0.009 0.954 - 3
KS Fixed 0.190  0.029 0.948 - 10
E-PS GCV 0.320 0.055 0.940 180.1 118.8
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Table B.7: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of /3, in the simulation where ¢o = 10, ¢3 = 100, 0, = 0 and the outcome is binary.
The median degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
5 Unadjusted - 0.327 0.308 0.056 - -
Spatial+ Fixed 0.599 0.496 0.588 200 200
Spatial+ GCV 0.478 0.394 0.674 185.7 30.7
Spatial+ AIC 0.599 0.496 0.588 200 200
Spatial+ BIC 0.533 0.445 0.600 150 150
gSEM Fixed 0.467 0.294 0.822 200 200
g¢SEM GCV 0.451 0.352 0.714 185.7 30.5
KS AIC 0.325 0.292 0.466 - 19
KS BIC 0.321 0.302 0.198 - 4
KS Fixed 0.355 0.334 0.198 - 10
E-PS GCV 0.454 0.398 0.592 185.7 128.1
50  Unadjusted - 0.175 0.103 0.712 - —
Spatial+ Fixed 0.558 0.238 0.894 200 200
Spatial+ GCV 0452 0.171 0.936 185.8 10.6
Spatial+ AIC 0.558 0.238 0.894 200 200
Spatial+ BIC 0.497 0.194 0.920 150 150
gSEM Fixed 0.598 0.124 0.922 200 200
gSEM GCV 0.456 0.157 0.934 185.8 10.6
KS AIC 0.179  0.031 0.964 - 7
KS BIC 0.166 0.074 0.922 - 3
KS Fixed 0.211  0.095 0.912 - 10
E-PS GCV 0.368 0.154 0.956 185.8 130.4
150 Unadjusted - 0.149  0.045 0.816 - -
Spatial+ Fixed 0.546  0.180 0.920 200 200
Spatial+ GCV 0.453 0.120 0.948 185.8 8.6
Spatial+ AIC 0.546  0.180 0.920 200 200
Spatial+ BIC 0.491 0.147 0.940 150 150
gSEM Fixed 0.614  0.089 0.936 200 200
¢SEM GCV 0.458 0.114 0.952 185.8 8.5
KS AIC 0.180 -0.011 0.962 - 5
KS BIC 0.153 0.028 0.956 - 3
KS Fixed 0.204  0.047 0.940 - 10
E-PS GCV 0.364 0.103 0.960 185.8 112.9
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Table B.8: Root mean squared error (RMSE), estimated bias, and coverage rates for 95% confidence inter-
vals for the estimates of 3, in the simulation where ¢o = 1, ¢3 = 100, g, = 0.1 and the outcome is binary.
The median degrees of freedom (df) for each method is given for both the exposure and outcome model.

¢1  Method df Selector RMSE Bias Coverage Median df Selected
(95% Nominal) (Exposure) (Outcome)
5 Unadjusted - 0.195 0.179 0.210 - -
Spatial+ Fixed 0.242  0.185 0.738 200 200
Spatial+ GCV 0.172  0.115 0.844 184.4 41.4
Spatial+ AIC 0.242  0.185 0.738 200 200
Spatial+ BIC 0.208 0.155 0.760 150 150
gSEM Fixed 0.292  0.046 0.928 200 200
g¢SEM GCV 0.148 0.071 0.990 184.4 414
KS AIC 0.113  0.079 0.864 - 26
KS BIC 0.123  0.105 0.662 - 5
KS Fixed 0.131 0.112 0.634 - 10
E-PS GCV 0.168 0.130 0.808 184.4 125.1
50  Unadjusted - 0.083 0.041 1.000 - -
Spatial+ Fixed 0.206  0.102 0.856 200 200
Spatial+ GCV 0.153 0.046 0.924 184.0 242
Spatial+ AIC 0.206  0.102 0.856 200 200
Spatial+ BIC 0.176  0.074 0.898 150 150
gSEM Fixed 0.200  0.020 0.952 200 200
gSEM GCV 0.145 0.024 0.928 184.0 23.8
KS AIC 0.081 -0.010 0.960 - 14
KS BIC 0.071 0.014 0.954 - 3
KS Fixed 0.078 0.018 0.952 - 10
E-PS GCV 0.130  0.050 0.938 184.0 126.2
150 Unadjusted - 0.073  0.015 1.000 - -
Spatial+ Fixed 0.204 0.091 0.876 200 200
Spatial+ GCV 0.153 0.037 0.926 184.0 22.0
Spatial+ AIC 0.204 0.091 0.876 200 200
Spatial+ BIC 0.171  0.064 0.902 150 150
gSEM Fixed 0.211 0.014 0.944 200 200
¢SEM GCV 0.145 0.016 0.934 184.0 21.9
KS AIC 0.084 -0.018 0.948 - 12
KS BIC 0.073  0.003 0.950 - 3
KS Fixed 0.079  0.008 0.944 - 10
E-PS GCV 0.130  0.040 0.948 184.0 126.5
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B.1.3 Restricted Spatial Regression

Restricted spatial regression (RSR) Hanks et al. (2015) is a Bayesian approach where the

unmeasured confounder is modeled by a spatial random effect, n ~ N(0,X). Under RSR, 7

is restricted to be orthogonal to the exposure and define n = (I — X(XTX) !X T)n where

X = [1,x]. We assume X has an exponential covariance structure and use a Metropolis-Gibbs

sampler to obtain the posterior means of both the conditional, 3., and unconditional 6 = (3, +

(XTX)"' X T estimates.

Table B.9: Root mean squared error (RMSE), estimated bias, and coverage rates (95% nominal) for re-
stricted spatial regression (RSR) conditional and unconditional simulation estimates of 5, when ¢o = 10

and ¢3 = 100.
Conditional Estimator Unconditional Estimator
01 o, o0, RMSE Bias Coverage RMSE Bias Coverage
5 0 1 0.661 0.658 0.000 0.650 0.629 0.004
0.1 1 0637 0.634 0.000 0.642 0.621 0.002
2 1  0.032 0.028 0.620 0.129 0.119 0.008
0.1 10 0.732 0.634 0.648 0.718 0.619 0.528
50 0 1 0.185 0.162 0.560 0.268 0.120 0.210
0.1 1 0.198 0.175 0.530 0.279 0.207 0.196
2 1 0.017 0.005 0.944 0.034 0.022 0.604
0.1 10 0.548 0.181 0.954 0.537 0.189 0.928
150 O 1 0.108 0.062 0.880 0.175 0.079 0.433
0.1 1 0.114 0.068 0.874 0.188 0.084 0.430
2 1 0.016 0.002 0.946 0.023 0.008 0.816
0.1 10 0.552 0.064 0.974 0.533 0.068 0.952
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B.2 Additional Data Analysis Results

To better understand jumps in point estimates seen in Figure 1 of the main text, we explored
the spatial structure of specific splines. We fit the PMs 5 concentrations for each census tract to
a TPRS basis with 20 df. We obtained the residuals of the census tract averaged PM, 5 values
for each observation. Then, for each census tract, we averaged the residual PM, 5 values for all
births in the tract and created a chloropleth map of these values across Colorado (Figure B.1a).
We repeated this procedure using 19 and 21 df. We followed the same procedure with BWGAZ,
except we included individual-level covariates in the model (Figure B.1b). We also created a plot
of the 21st spline in the TPRS basis across Colorado census tracts(Figure B.1c). In both plots,
the darker shades represent more negative values and the lighter shades represent more positive
values. We also computed the correlations between the mean residuals of PM, ;5 and BWGAZ
modeled with TPRS basis with 19, 20, and 21 df and the 20th, 21st and 22nd spline in the TPRS
basis, respectively (Table B.10).

Comparing Figures B.la and B.1b with Figure B.lc, we see similar patterning, but in the
inverse coloring, for Figures B.1a and B.1c. For example, in the northwest corner of Colorado, the
shading for the residual PM, 5 (Figure B.1a) indicate slightly positive values, and the corresponding
census tracts shaded by the 21st spline (Figure B.1c) indicate negative values of greater magnitude.
Thus, the 21st spline is negatively correlated with the residual PM, ; values (Table B.10). We
also note that the residual variation for models that include 20 df in the TPRS for both BWGAZ
and PM, 5 is more correlated with the 21st spline than it is for other splines (Table B.10). This
matching of spatial patterning and higher correlation creates a model that more accurately models
the underlying spatial trends across the state with the addition of a single spline; thus, creating a

jump in point estimates between the 20th and 21st spline.
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Figure B.1: Map of Colorado shaded by (a) residuals of modeling PM3 5 as a function of a TPRS basis with
20 splines, averaged at the census tract, (b) residuals of modeling BWGAZ as a function of the additional
individual-level covariates described in Section 2.4 and TPRS basis with 20 splines, averaged at the census
tract, and (c) the 21st TPRS basis spline. Tracts not included in our study are hashed out.
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Table B.10: Correlation between residuals and next spline in TPRS basis.

Model Next Spline in Basis
Outcome 20 21 22

PM, 5 0.123  -0.637 0.237
BWGAZ -0.072 0.100 0.006
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Appendix C

Supplemental Material for Chapter 4

C.1 Temporal Trends Equations

Table C.1: Functions used to create temporal trends used in simulation study.

Trend Shape Study Equation
Longitudinal ~ b,(¢) = —0.25(¢t — 5)

bit) - Limear g vl by() = —0.23( — 5.5)
bo(t)  Sinusoidal Both by (t) = 0.25sin(3¢)
bs(t)  Sinusoidal Both bs(t) = 0.25sin(2-t)
bs(t)  Sinusoidal Both ba(t) = 0.25sin(3¢ — 1)
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C.2 Longitudinal Mixed Model Simulation Results

Table C.2: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals
for the estimates of 3, in the mixed model simulations with a time-constant exposure where the within
person correlation is high (¢, = 1.5). The median degrees of freedom (df) for each method is reported for
the respective basis used in each model.

Method df Selector Subset Bias RMSE Coverage df Selected
(95% Nominal)  (Spatial)

Unadjusted - - 0.4894 0.5939 0.180 -
Preselect Fixed - 0.0614 0.1824 0.780 5
Preselect Fixed - 0.0111 0.1380 0.950 10
Preselect Fixed - -0.0111 0.2200 0.955 50
One Step AIC - -0.0030 0.1492 0.930 9
One Step BIC - 0.0395 0.1663 0.795 4
Proposed AIC - -0.0763 0.1843 0.935 24.5
Proposed = BIC - -0.0448 0.1432 0.895 7
Spatial+ Fixed - -0.0384 0.2839 0.945 100
Spatial+ Fixed Mean -0.0384 0.2839 0.945 100
Spatial+ Fixed Base -0.0384 0.2839 0.945 100
Spatial+ GCV - -0.0228 0.2818 0.945 31.8
Spatial+ AIC - -0.0383 0.2840 0.945 100
Spatial+ AIC Mean -0.0367 0.2801 0.950 100
Spatial+ AIC Base -0.0367 0.2801 0.950 100
Spatial+ BIC - -0.0384 0.2830 0.950 100
Spatial+ BIC Mean -0.0123 0.2227 0.955 46
Spatial+ BIC Base -0.0123 0.2227 0.955 46
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Table C.3: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals
for the estimates of 3, in the mixed model simulations with a time-constant exposure where the within
person correlation is low (o, = 0.5). The median degrees of freedom (df) for each method is reported for
the respective basis used in each model.

Method df Selector Subset Bias RMSE Coverage df Selected
(95% Nominal)  (Spatial)

Unadjusted - - 0.4943 0.5953 0.090 -
Preselect Fixed - 0.0717 0.1643 0.525 5
Preselect Fixed - 0.0202 0.0843 0.825 10
Preselect Fixed - -0.0059 0.0849 0.960 50
One Step AIC - -0.0008 0.0723 0.935 18
One Step BIC - 0.0165 0.0909 0.765 8
Proposed AIC - -0.0411 0.1045 0.930 65
Proposed  BIC - -0.0269 0.0761 0.900 15.5
Spatial+ Fixed - -0.0140 0.1135 0.935 100
Spatial+ Fixed Mean -0.0140 0.1135 0.935 100
Spatial+ Fixed Base -0.0140 0.1135 0.935 100
Spatial+ GCV - -0.0051 0.1126 0.940 64.2
Spatial+ AIC - -0.0139 0.1135 0.935 100
Spatial+ AIC Mean -0.0133 0.1118 0.940 100
Spatial+ AIC Base -0.0133 0.1118 0.940 100
Spatial+ BIC - -0.0139 0.1129 0.940 100
Spatial+ BIC Mean -0.0068 0.0881 0.965 46
Spatial+ BIC Base -0.0068 0.0881 0.965 46
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Table C.4: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the mixed model
simulations with a time-varying exposure where the within person correlation is high (o, = 1.5). The median degrees of freedom (df) for each
method is reported for the respective basis used in each model.

Method df Selector Basis Subset  Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)

Unadjusted - - - 0.7942  0.8056 0.000 - -
Preselect Fixed S - 0.4385 0.6271 0.080 5 -
Preselect Fixed S - 0.4547 0.6544 0.070 10 -
Preselect Fixed S - 04774  0.6950 0.075 50 -
Preselect Fixed ST - 0.8211 0.8360 0.005 5
Preselect Fixed ST - 0.1539 0.5309 0.180 10
Preselect Fixed ST - 0.0369 0.1651 0.615 50
Preselect Fixed S&T - 0.5206 0.6078 0.100 5 5
Preselect Fixed S&T - 0.5407 0.6275 0.095 10 10
Preselect Fixed S&T - 0.5657 0.6543 0.090 50 10
One Step AIC S - 0.4607 0.6666 0.075 8.5 -
One Step BIC S - 0.4363 0.6285 0.075 3 -
One Step AIC ST - 0.0218 0.0930 0.900 95

One Step BIC ST - 0.0411 0.1786 0.665 48

One Step AIC S&T - 0.5420 0.6334 0.085 8 7
One Step BIC S&T - 0.5176  0.6064 0.090 3 5
Proposed AIC S - 0.4607 0.6698 0.075 19 -
Proposed BIC S - 0.4367 0.6313 0.075 5 -
Proposed AIC ST - 0.0163  0.0920 0.905 95
Proposed BIC ST - -0.0162 0.1352 0.735 65
Proposed AIC S&T - 0.5437 0.6343 0.100 19 7
Proposed BIC S&T - 0.5171 0.6068 0.095 5 5
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Table C.5: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 5, in the mixed model
simulations with a time-varying exposure where the within person correlation is high (o, = 1.5). The median degrees of freedom (df) for each
method is reported for the respective basis used in each model (continued).

Method df Selector Basis Subset  Bias = RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Spatial+ Fixed S - 0.4870 0.7109 0.075 100 -
Spatial+ Fixed S Mean 0.4842 0.7082 0.080 100 -
Spatial+ Fixed S Base  0.4842 0.7082 0.080 100 -
Spatial+ GCV S - 0.4905 0.7094 0.075 22.1 -
Spatial+ AIC S - 0.4860 0.7088 0.075 90 -
Spatial+ AIC S Mean 0.4843 0.7079 0.080 100 -
Spatial+ AIC S Base  0.4839 0.7071 0.080 95 -
Spatial+ BIC S - 0.4898 0.7018 0.070 27 -
Spatial+ BIC S Mean 0.4768 0.6968 0.075 43 -
Spatial+ BIC S Base  0.4740 0.6893 0.070 32 -
Spatial+ Fixed ST - 0.0425 0.1304 0.850 100
Spatial+ GCV ST - -0.0053 0.0920 0.900 84.5
Spatial+ AIC ST - 0.0423  0.1304 0.850 100
Spatial+ BIC ST - 0.0429  0.1380 0.790 80
Spatial+ Fixed S&T - 0.5885 0.6759 0.075 100 10
Spatial+ GCV S&T - 0.5742  0.6628 0.080 21.7 9.2
Spatial+ AIC S&T - 0.5883  0.6757 0.075 100 9
Spatial+ BIC S&T - 0.5900 0.6772 0.075 32 4
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C.3 Longitudinal GEE Model Simulation Results

Table C.6: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals
for the estimates of 3, in the GEE model simulations with a time-constant exposure where the within
person correlation is high (p = 0.7). The median degrees of freedom (df) for each method is reported for
the respective basis used in each model.

Method df Selector Subset  Bias RMSE Coverage df Selected
(95% Nominal)  (Spatial)

Unadjusted - - 0.5059 0.6099 0.110 -

Preselect Fixed - 0.0584 0.1740 0.600 5

Preselect Fixed - 0.0266 0.1114 0.840 10
Preselect Fixed - 0.0104 0.1243 0.925 50
One Step QIC - 0.0116 0.1032 0.870 15
Proposed QIC - -0.0340 0.1196 0.930 49
Spatial+ Fixed - 0.0107 0.1508 0915 100
Spatial+ Fixed Mean 0.0107 0.1508 0915 100
Spatial+ Fixed Base 0.0107 0.1508 0915 100
Spatial+ QIC - 0.0090 0.1496 0.895 95
Spatial+ QIC Mean 0.0088 0.1502 0.920 100
Spatial+ QIC Base 0.0088 0.1502 0.920 100
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Table C.7: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals
for the estimates of /3, in the GEE model simulations with a time-constant exposure where the within
person correlation is low (p = 0.2). The median degrees of freedom (df) for each method is reported for the
respective basis used in each model.

Method df Selector Subset  Bias RMSE Coverage df Selected
(95% Nominal)  (Spatial)

Unadjusted - - 0.5043 0.6095 0.085 -

Preselect Fixed - 0.0584 0.1691 0.465 5

Preselect Fixed - 0.0256 0.0921 0.750 10
Preselect Fixed - 0.0041 0.0803 0.915 50
One Step QIC - 0.0064 0.0679 0.900 22
Proposed QIC - -0.0182 0.0922 0.935 95
Spatial+ Fixed - 0.0009 0.0973 0.935 100
Spatial+ Fixed Mean 0.0009 0.0973 0.935 100
Spatial+ Fixed Base 0.0009 0.0973 0.935 100
Spatial+ QIC - 0.0004 0.0968 0915 95
Spatial+ QIC Mean 0.0003 0.0964 0.940 100
Spatial+ QIC Base 0.0003 0.0964 0.940 100
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Table C.8: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the GEE model
simulations with a time-varying exposure where the within person correlation is high (p = 0.7). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model.

Method df Selector Basis Subset Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)
Unadjusted — - - 0.7631 0.7766 0.000 - -
Preselect Fixed S - 0.4135 0.5838 0.060 5 -
Preselect Fixed S - 0.4386 0.6173 0.055 10 -
Preselect Fixed S - 0.4742 0.6726 0.055 50 -
Preselect Fixed ST - 0.7915 0.8085 0.005 5
Preselect Fixed ST - 0.1715 0.4792 0.130 10
Preselect Fixed ST - 0.0451 0.1644 0.410 50
Preselect Fixed S&T - 0.5394 0.6071 0.040 5 5
Preselect Fixed S&T - 0.5648 0.6295 0.030 10 10
Preselect Fixed S&T - 0.5999 0.6635 0.030 50 10
One Step QIC S - 0.4834 0.6880 0.050 100 -
One Step QIC ST - 0.0176 0.0607 0.880 95
One Step QIC S&T - 0.5899 0.6577 0.040 36.5 8
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Table C.9: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals for the estimates of 3, in the GEE model
simulations with a time-varying exposure where the within person correlation is high (p = 0.7). The median degrees of freedom (df) for each method
is reported for the respective basis used in each model. (continued)

Method  df Selector Basis Subset Bias RMSE Coverage df Selected
(95% Nominal) (Spatial) (Temporal)

Proposed QIC S - 0.4838 0.6885 0.050 100 -
Proposed QIC ST - 0.0155 0.0606 0.870 100
Proposed QIC S&T - 0.6033  0.6686 0.040 100 9
Spatial+  Fixed S - 0.4850 0.6893 0.050 100 -
Spatial+  Fixed S Mean 0.4850 0.6893 0.050 100 -
Spatial+  Fixed S Base 0.4850 0.6893 0.050 100 -
Spatial+  QIC S - 0.4850 0.6893 0.050 100 -
Spatial+  QIC S Mean 0.4850 0.6893 0.050 100 -
Spatial+  QIC S Base 0.4843 0.6881 0.050 95 -
Spatial+  Fixed ST - 0.0167 0.0589 0.880 100
Spatial+  QIC ST - 0.0089  0.0959 0.825 95
Spatial+  Fixed S&T - 0.6098 0.6736 0.030 100 10
Spatial+  QIC S&T - 0.5986 0.6636 0.035 75 5
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C.4 Survival Model Simulation Results

Table C.10: Root mean squared error (RMSE), estimated bias, coverage rates for 95% confidence intervals
for the estimates of 3, in the PH model simulations with a time-constant exposure. The median degrees of
freedom (df) for each method is reported for the respective basis used in each model.

Method df Selector Subset  Bias  Relative RMSE Coverage df Selected

Bias (95% Nominal)  (Spatial)
Unadjusted - - 0.0797  0.5313  0.0999 0.37 -
Preselect Fixed - 0.0135 0.0897 0.0675 0.935 5
Preselect Fixed - 0.0038  0.0252 0.0732 0.950 10
Preselect Fixed - 0.0045 0.0303 0.1195 0.950 50
One Step AIC - 0.0112  0.0746  0.0706 0.890 4
One Step BIC - 0.0243  0.1622 0.0684 0.875 3
Proposed AIC - -0.0090 -0.0601 0.0658 0.945 6
Proposed BIC - 0.0082  0.0549 0.0607 0.945 3
Spatial+ Fixed - 0.0049  0.0329 0.1429 0.940 100
Spatial+ Fixed Mean 0.0049 0.0329 0.1429 0.940 100
Spatial+ Fixed Base  0.0049 0.0329 0.1429 0.940 100
Spatial+ AIC - 0.0049  0.0329 0.1429 0.940 100
Spatial+ AIC Mean 0.0050 0.0333 0.1430 0.940 100
Spatial+ AIC Base  0.0050 0.0333 0.1430 0.940 100
Spatial+ BIC - 0.0049  0.0329 0.1429 0.940 100
Spatial+ BIC Mean 0.0054 0.0357 0.1443 0.920 100
Spatial+ BIC Base  0.0054 0.0357 0.1443 0.920 100
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