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ABSTRACT OF THE DISSERTATION

On Model Determination,
Prediction and Statistical Learning:

The Case of Space-Time Data

by

Gregory Luke Watson
Doctor of Philosophy in Biostatistics
University of California, Los Angeles, 2021

Professor Donatello Telesca, Chair

Problems of model determination, prediction and statistical learning for space-time data arise
in many fields. Evaluation metrics developed for independent data are overly optimistic in
the dependent context of space-time data and are unreliable for model selection, tuning and
averaging. This dissertation makes three contributions to the field of space-time prediction
with applications in air pollution exposure modeling. First, it formalizes the prediction
error associated with the spatial interpolation of space-time data and investigates a variety
of cross-validation (CV) procedures for estimating that error. Consistent with recent best
practice, location-based CV is shown to be appropriate for estimating spatial interpolation
error as in our analysis of California wildfire data. Interestingly, commonly held notions
of bias-variance trade-off of CV fold size do not trivially apply to dependent data, and we
recommend leave-one-location-out (LOLO) CV as the preferred prediction error metric for

spatial interpolation.

Second, this evaluation framework was applied to compare the predictive accuracy of ten
machine learning algorithms on the spatial interpolation of maximum daily 8-hour average
ozone during California wildfires in 2008, the first such analysis of ozone during a wildfire

event. Gradient boosting and random forest, both ensembles of tree-based models, were the
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best performing models, having the lowest LOLO CV estimates of prediction error.

Third, it introduces treeging, a new machine learning algorithm for space-time prediction
that enriches the flexible mean structure of regression trees with a kriging covariance model
into the base learner of an ensemble algorithm. The combination of a flexible mean structure
with the dependence structure of a traditional spatial statistics model yields a prediction

tool that performs well across a variety of simulation scenarios and several case studies.
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CHAPTER 1

Introduction

Problems of model determination, prediction and statistical learning for space-time data
arise in many fields. Space-time data by definition are indexed by spatial location and time,
and a nearly universal feature of such data is dependence across the space-time domain. This
dependence is of profound importance for the application of statistical learning procedures
for two reasons. First, many statistical learning techniques assume data are independent
(conditional on any covariates). Violations of this independence assumption may render
models inefficient, and worse can render model evaluation procedures and estimators of pre-
diction error inconsistent and therefore inappropriate for use on space-time data. Second,
dependence makes prediction ambiguous as a concept, because different relationships be-
tween the space-time index of the training data and the data to be predicted are possible. It
is critical in this context to clearly articulate the type of prediction desired for a particular

application and select an evaluation procedure that targets that prediction error.

The contributions of this dissertation are motivated by applications in air pollution expo-
sure modelling. Air pollution is a major threat to human health, and epidemiological studies
of its health effects rely on predictions of air pollution concentrations when and where they
are not observed. Machine learning algorithms have become an attractive alternative to tra-
ditional statistical prediction models for this predictive task. However, understanding how
well they perform and comparing them to traditional models requires the development of
appropriate model evaluation metrics. This dissertation introduces such a framework and
compares the performance of a number of prediction tools using simulations and air pollution
data collected during California wildfires. It also proposes a new machine learning algorithm

for space-time prediction that combines the strengths of traditional statistical models with



those of the best performing machine learning algorithms.

1.1 Space-Time Data

Space-time data are indexed by spatial location and time. This indexing is important,
because observations of many space-time phenomena exhibit dependence across space and
time. Quite often, for example, observations taken close together in space or time tend to be
more similar than those taken farther apart. As a consequence, knowledge of the value of an
observable at one space-time location imparts information on the value at another location.
In contrast, observations that are independent supply no information on each other. The

amount of information provided by another observation is the strength of the dependence.

This dependence generally persists after the effects of other related quantities (i.e., co-
variates) have been taken into account. In many contexts, observations are marginally de-
pendent, but are reasonably assumed to be independent conditional on the covariates upon
which they depend. Space-time data are usually not independent conditional on covariates,
a critical distinction from many other types of data. Unless otherwise noted, throughout this
document when data, random variables or stochastic processes are described as dependent
or independent data, we mean conditional dependence or independence given any relevant

covariates.

1.2 Space-Time Prediction

Various types of prediction may be desired in the context of space-time data. These include
replication, imputation, forecasting, spatial extrapolation and interpolation. Each type of
prediction is defined by a different relationship between the prediction cases and the observed
training data. For example, forecasting is the prediction of cases at times subsequent to
those at which the training data were observed. Replication is the prediction of observations
from an entirely new realization of the space-time field. For independent data, in contrast,

only one type of relationship exists between the training data and the prediction cases:



independence. We focus primarily on spatial interpolation within the space-time domain
motivated by wildfire air pollution data. Repeated measurements of air pollution were taken
by stationary monitors. The predictive (interpolation) goal is to predict the air pollution

time series at unmonitored locations within the spatial domain of the observed data.

In addition to observations of the quantity of interest, there is often ancillary data avail-
able which can be exploited for prediction, e.g., as covariates in a regression approach. To be
useful in this manner, covariates must be observed at both the prediction and training loca-
tions. It may be difficult to observe covariates at prediction locations in some contexts, e.g.,
forecasting, but for interpolation they are often available. Land use, meteorological data,
satellite retrievals, and the output of atmospheric chemistry numerical simulation models

are some of the covariates that may be useful for interpolating air pollution data.

1.2.1 Dependence Models

Traditional approaches to interpolation of spatial or space-time data have focused on the
dependence between observations (Cressie, 2015a). The most common of these is kriging,
named after South African engineer Danie Krige, who published the method for estimating
ore grades at gold mines in 1951 (Krige, 1951; Matheron, 1963). Kriging is the best linear
unbiased prediction (BLUP) given a covariance model that describes the dependence between
observations and the prediction case. It is a special case of the BLUP for generalized least
squares (Goldberger, 1962) and is the maximum a priori (MAP) prediction of a Gaussian
process (GP) model with suitably chosen priors (Banerjee et al., 2014). Its strength lies in
its ability to exploit the spatial or space-time dependence between observations to predict
at unobserved locations. The complexity of the dependence models used for kriging varies
tremendously from very simple covariance functions assuming isotropy to quite complicated

models.

While kriging is the most commonly used method of spatial interpolation, many other
approaches have been proposed. Thiessen triangulation, an example of Voronoi tesselation,

partitions a spatial region into polygons so that every point in the spatial domain is assigned



to the polygon circumscribing the observed data point to which it is closest (Okabe et al.,
2000). Another type of interpolating model is inverse distance weighting, in which the value
of the process at at a point is predicted as a weighted sum of the other observations. The
weights are assigned proportional to the inverse distance of an observation from the point at
which prediction is desired (Lu and Wong, 2008). Nearby observations thus receive higher
weight than those farther apart. Thin-plate splines interpolate across the spatial domain
with smooth functions (Hutchinson and Gessler, 1994). One advantage of kriging over these
approaches is the probability model it supplies for estimating prediction error (Jerrett et al.,

2005).

An important drawback to kriging and most Bayesian GP models is the linear mean
structure. More flexible models have been proposed to allow nonlinear effects. These include
geographically weighted regression (Brunsdon et al., 1996), thin-plate splines (Paciorek et al.,
2009), varying coefficient models (Berrocal et al., 2010; Szpiro et al., 2010) and treed Gaussian
process (Gramacy and Lee, 2008). These approaches have conceptual appeal, but each has
drawbacks. The principal difficulty is the lack of available software that can accommodate

space-time data sets of the size used in epidemiological studies of air pollution.

1.2.2 Machine Learning

More recently, machine learning algorithms with flexible mean structures, have become pop-
ular for spatial and space-time prediction. Their popularity is no doubt motivated by the
well known successes of machine learning algorithms on a variety of prediction problems.
These models generally assume observations are independent of each other (conditional on
the covariates) because they were developed for use on data where this is a reasonable as-
sumption. This assumption is obviously wrong on most spatial and space-time data sets, but
these algorithms still perform very well. Many different techniques have been employed for
air pollution prediction models, including generalized additive models (Liu et al., 2009), sup-
port vector machines (Weizhen et al., 2014), gradient boosting (Zhan et al., 2017), random

forest (Hu et al., 2017), neural networks (Di et al., 2016, 2017), and generative adversarial



networks (Gao et al., 2020). Boosting and random forest made the best predictions of par-
ticulate matter in two comparison of machine learning algorithms (Reid et al., 2015; Watson
et al., 2019). Both are ensembles of trees, each of which models the data using random splits
of the covariate space. This provides a very flexible mean structure and naturally accounts

for interactions between covariates and model selection.

1.2.3 Model Evaluation

Estimating prediction error is critical for comparing, tuning and averaging models. However,
assessing model predictive performance is not straightforward in the context of space-time
data. For independent data, cross-validation (Stone, 1974) and bootstrap (Efron, 1979)
provide powerful nonparametric estimators of prediction error. The naive application of
these techniques to dependent data results in overly optimistic estimates (Roberts et al., 2017;
Watson et al., 2020b). When the data can be partitioned into groups that are independent of
other groups, this bias can be overcome by choosing the group as the sampling unit. Spatial
and space-time data, however, cannot be partitioned into independent units. Each type of
space-time prediction (see section 1.2) corresponds to a particular definition of prediction
error. Only by clearly conceptualizing the predictive task and selecting an estimator that
targets the appropriate measure of prediction error is it possible to evaluate space-time

prediction models.

1.3 Air Pollution Epidemiology

Air pollution is a major threat to human health, animal health and the environment. Millions
of people die each year from airborne pollutants (Chuang et al., 2011; Kim et al., 2015).
Among the most toxic airborne pollutants are particulate matter and ground-level ozone.
Particulate matter (PM) is simply liquid or solid particles suspended in the air (World Health
Organization, 2013) and is the most dangerous air pollutant to human health (Kim et al.,

2015). There are many natural sources of PM, including volcanoes, wild fires and dust



storms (Misra et al., 2001). The primary anthropogenic sources are fuel combustion and

wearing of roadways and vehicles from motor vehicle traffic (De Kok et al., 2006).

The toxicity of PM depends largely upon the size of the particles, because that dictates
how far they can penetrate into the lungs of living organisms (Esworthy, 2013). Consequently
particles are usually classified based on their diameter as coarse PM (diameter less than
10 pm), i.e., PMjq or fine PM (diameter less than 2.5 pm), i.e., PMy 5 (Atkinson et al., 2010).
Particulate matter has been linked with increased mortality (Samoli et al., 2008; Laden
et al., 2000), a host of pulmonary conditions including decreased lung function (Brauer
et al., 2012), shortness of breath (Guaita et al., 2011), exacorbated asthma (Reid et al.,
2019; Cadelis et al., 2014; McCormack et al., 2011; Silverman and Ito, 2010). PM has also
been linked with increased risk of cardiovascular disease hospitalization and mortality (Brook
et al., 2010, 2004), heart attack (Dominici et al., 2006), cardiac arrithmyia (Kim et al., 2012;
Zanobetti et al., 2013) and diabetes (Pearson et al., 2010). It has also been associated with
increased school absences in children (Ransom and Pope, 2013; Marcon et al., 2014) and

negative economic impact (Hou et al., 2012).

Ozone at ground level is also toxic to human and animal health (Bell et al., 2004; Stocker
et al., 2013). It has been linked with increased mortality (Bell et al., 2004), decreased respi-
ratory function, exacerbation of chronic obstructive pulmonary disease (COPD), bronchitis,
emphysema, and asthma (Reid et al., 2019; Silverman and Ito, 2010; Guarnieri and Balmes,
2014; Lee et al., 2014; National Research Council, 2008). The effects of long term expo-
sure are less well understood, but likely include increased respiratory and cardiopulmonary
mortality (Khaniabadi et al., 2017; Crouse et al., 2015; Jerrett et al., 2009; Turner et al.,
2016; Sousa et al., 2013), decreased lung function (Hwang et al., 2015), the progression of

emphysema (Barr et al., 2016) and increased susceptibility to influenza (Kesic et al., 2012).

Inferring the long-term health effects of air pollution is difficult, but critical to amelio-
rating its negative consequences. Experimental studies are unethical, and so studies are
necessarily observational. The goal is typically to infer the effect of exposure to a pollutant

on health outcomes using a regression analysis. Population health outcome data may be



available from administrative data, but the amounts of pollutants to which individuals have
been exposed is usually unknown. Information on pollutant exposure is usually restricted
to measurements made by sparsely distributed air-pollution monitors and numerical simula-
tions that attempt to model atmospheric processes computationally, usually reporting their

output over a regular grid (Jerrett et al., 2005).

Epidemiological analyses of air pollution require estimates of pollution concentration at
the locations at which health outcome data are available (Ryan and LeMasters, 2007). These
locations generally do not coincide with the locations of the monitoring network or the simu-
lation grid. This difference of spatial domains is referred to as spatial misalignment (Gryparis
et al., 2008). Quantifying pollution concentrations at locations where it is not observed is
challenging on account of its small-scale spatial variability (Hoek et al., 2008). To reconcile
this misalignment between the locations at which pollution and health outcome data are
available, researchers often construct a pollution surface over the entire spatial domain of

interest, which includes the spatial domain of the health outcome data.

1.4 Overview

This dissertation makes three contributions to the field of space-time prediction with ap-
plications in air pollution epidemiology. Chapter two formalizes the prediction error as-
sociated with spatially interpolating space-time data and investigates a variety of cross-
validation (CV) procedures for estimating that error. Illustrating these techniques on Cali-
fornia wildfire data, it identifies leave-one-location-out (LOLO) CV as the preferred predic-
tion error metric for spatial interpolation. Chapter three applies the LOLO CV framework
to evaluating a set of ten machine learning algorithms for the spatial interpolation of ozone
data recorded during California wildfires in 2008. Gradient boosting and random forest were
the best performing models. Chapter four introduces treeging, a new machine learning algo-
rithm for space-time prediction that enriches the flexible mean structure of regression trees
with a kriging covariance model into the base learner of an ensemble algorithm. Finally,

chapter five closes with a discussion.



CHAPTER 2

Prediction & Model Evaluation for Space-Time Data

Evaluation metrics for prediction error, model selection and model averaging on space-time
data are understudied and poorly understood. The absence of independent replication makes
prediction ambiguous as a concept and renders evaluation procedures developed for indepen-
dent data inappropriate for most space-time prediction problems. Motivated by air pollution
data collected during California wildfires in 2008, this manuscript attempts a formalization
of the true prediction error associated with spatial interpolation. We investigate a variety
of cross-validation (CV) procedures employing both simulations and case studies to provide
insight into the nature of the estimand targeted by alternative data partition strategies.
Consistent with recent best practice, we find that location-based cross-validation is appro-
priate for estimating spatial interpolation error as in our analysis of the California wildfire
data. Interestingly, commonly held notions of bias-variance trade-off of CV fold size do not
trivially apply to dependent data, and we recommend leave-one-location-out (LOLO) CV as

the preferred prediction error metric for spatial interpolation.

2.1 Introduction

Space-time interpolation is an important task in air pollution epidemiology for estimating
exposure over a continuous space-time domain within which pollutants have been observed
at discrete locations and times. This task is often cast as an exercise in prediction, but in
certain contexts goes by other names, including downscaling, data fusion, land use regression
and infill prediction. A wide variety of deterministic, statistical and machine learning models

have been used to interpolate spatial or space-time data, indicative of the ongoing and diverse



interest in the problem (Van Donkelaar et al., 2015; Reid et al., 2015; Watson et al., 2019;
Berrocal et al., 2020). The selection, tuning and evaluation of interpolation models typically
uses cross-validation (CV) to estimate prediction error. CV is appealing, because it is easy

to perform and allows for the comparison of different classes of prediction models.

While CV is widely used, its behavior in the context of space-time dependence is inad-
equately understood. FEfron famously characterized CV estimation of prediction error for
independent data (Efron, 1983), but little has been done to extend this formalization to the
case of dependent data, for which independent replication in not observable. Space-time
dependence complicates model evaluation in two ways: (1) evaluation procedures devel-
oped for independent data are generally inappropriate, because they underestimate the true
error (Roberts et al., 2017); (2) multiple types of prediction are possible due to different rela-
tionships between the training data and the data to be predicted, (e.g., forecasting as opposed
to spatial interpolation), whereas prediction is unambiguous in the context of independent
data. There is growing awareness in the literature that independent model evaluation pro-
cedures should not be naively applied to models fit to space-time data, prompting various
alternatives. Motivated by air pollution data collected during California wildfires in 2008,
we provide a formalization of the true prediction error associated with spatial interpolation
and investigate a variety of CV procedures using simulations and case studies. Particulate
and gaseous air pollution from wildfires often display extreme spatiotemporal heterogeneity;,

which makes this a particularly germane example with which to interrogate prediction error.

We restrict our discussion to approaches that estimate prediction error per se, notably
excluding information criteria, which are popular tools for model comparison. We note that
some information criteria require a likelihood to be computed, which may not exist for some
prediction algorithms, and that the large number of proposed information criteria makes a
thorough discussion infeasible. We also operate without concern for consistency of model
selection, focusing on evaluation metrics that estimate prediction error. In a model selection
context our goal is to select the best predicting model, i.e., that with the lowest expected

prediction error. We do not require that such a procedure converge to the true model if



indeed a true model were to exist.

The remainder of this chapter proceeds as follows. Section 2.2 introduces a motivating
case study on wildfire pollution; Section 2.3 reviews prediction error estimands and estima-
tors first for independent data and then for space-time dependent data, formalizing the true
prediction error associated with spatial interpolation; Sections 2.4 and 2.5 investigate the be-
havior of these estimators using a battery of simulations and two case studies; and Section 2.6

summarizes estimator performance and offers recommendations for best practices.

2.2 Motivating Application

Daily measurements of ozone (8-hour maximum) and 24-hour average PMy 5 (particulate
matter smaller than 2.5um in diameter) were recorded at monitors across the state of Cal-
ifornia from May 1, 2008, through September 30, 2008. Within this time period a large
complex of wildfires burned for several weeks in northern California, shrouding much of the

state in smoke and exposing its populace to toxic pollutants.

Inferring the health consequences of exposure to these pollutants is typically done in two
stages: (1) a space-time prediction model trained on the monitor data and fine-resolution
covariates translates pollution measurements from the coarse space-time resolution of the
monitors to the much finer spatial resolution of health outcome data, and (2) health out-
comes are regressed on predicted pollution exposure adjusting for potentially confounding
covariates. The two-stage approach breaks a challenging problem into two more manageable
tasks, although uncertainty or inaccuracy in exposure predictions can induce bias in the
subsequent epidemiological analysis (Szpiro and Paciorek, 2013). Avoiding or correcting for

this bias is an active area of research. This manuscript concerns the first stage.

10



2.3 Prediction Error: Estimands and Estimators

2.3.1 The Case of Independent Replication

Let z = {z,...,2,} denote n independent and identically distributed (iid) samples from an
unknown probability distribution F'; such that zy,..., 2, ~;q F. We assume z; = {y;,X;},
where y; € R denotes a real-valued outcome, and x; € RP denotes a random vector of
p covariates. In this context, a common framework often used to formalize the notion of
prediction error relies on the existence of an independent and identically distributed test

point zg = {yo, X0} ~ F.

Let 1(xq,2) : R"*™"*? — R define a prediction rule that maps the training data z and a
covariate vector xg to a real number that serves as a prediction for yy. Discrepancies between
Yo and its predicted value may be quantified by a loss function, Q{yo, n(xp,z)} : R? — RT,
mapping yo and its prediction 7(xg,z) to a non-negative real number. This loss function is
easily generalized to quantify prediction across multiple test points, zg = {201, ..., Zom }, by
summing the loss at individual points, i.e., Q{yo,7(Xo,2)} = 37", Q{yo;, n(X0;,2)}. Given

the training data z, the true error of a prediction rule trained on z is

Err = Ep|Q{yo,n(x0,2)}]; (2.1)

the expected loss incurred by 7(-), where Er is an expectation taken with respect to proba-

bility distribution F', over the state space of zy (Efron, 1983).

We operate under the assumption that F'is unknown, as is typical in many applications.
In this context, the expected loss in equation 2.1 cannot be computed in closed form, and the
definition of estimators of Err with good operating characteristics becomes a surprisingly
formidable problem (Efron, 2004). Some progress is often made by constructing estimators

which rely on the separation of training and testing through data partitions.

For example, K-fold cross-validation (CV) (Stone, 1974) partitions the training data z
into K disjoint subsets often referred to as folds, z(") = {y®M,xM} ... z) = {yF) (O}

usually of equal or nearly equal size, where K is an integer between 2 and n, so that z =

11



Ulez(k), and z® Nz = & for k # ¢. The prediction rule 7 is trained K times, each time
excluding one subset, with the withheld subset serving as a test set on which to evaluate the
prediction rule trained on the rest of the data. The K-fold CV estimator of prediction error

averages the loss function evaluated over each of the withheld subsets,
1o 1
77 (CVK) (k) (k) (=k) 29
err K;nkQ{y ,n (x50} (2.2)

where z(™%) is the training data excluding the k-th fold, i.e., z(-%) := z \ z®)| and ny, is the

number of observations in z®*).

In a similar fashion, one may rely on the bootstrap (Efron, 1979). The procedure gener-
ates B data sets, zj, ..., z}, by resampling n observations with replacement from the training
data z. For each bootstrap dataset z; (b =1,...,B), let z*, = z \ z; denote the training
data withheld from the b-th bootstrap sample. The out-of-bag estimator of Err is defined

as follows,
1 B
16’/7“\7’(b00t) — E Z Q {y*—bv n (x*_b, ZZ)} .
b=1

When the training data, z, are independent samples from F’ and have finite, positive variance,
the bootstrap estimator converges in distribution to the true error (Bickel and Freedman,
1981). Further refinements of these two basic estimators are reported in (Zhang, 1995) and

(Efron and Tibshirani, 1997).

A more direct estimator of Err is often used in practice when n is large. In this setting,
one relies on a validation set z* consisting of m samples from F' independent of z. The
expectation in equation 2.1 may be approximated by averaging the loss function over the

validation set, yielding the validation error,
1 m
err* = — n(xi,z
Qi (x4

where {y;,x}} is the i-th validation sample. Because the validation set consists of indepen-
dent samples from F', it is an unbiased estimator of the true error with a variance dependent

on the number of validation samples m.
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Reliance on the basic idea of training a prediction rule on a subset of the data and
evaluating it on a different (i.e., disjoint or independent) subset might be proscribed in the
absence of independent replication. The use of cross-validation is, however, prevalent in
several applications of machine learning to spatial and space-time data. Therefore, in the
following section we attempt to clarify the role of data-partition strategies in space-time

analysis.

2.3.2 Prediction Error Estimands for Space-Time Data

We characterize the sampling structure of space-time data using the formalism of marked
point processes (Mgller and Waagepetersen, 2007). Specifically, given a bounded spatial
region S C R?, we assume that data is observed at a spatial point pattern s = {sy, s, ..., 5},
s; €8, (i=1,2,...,n). Associated with each spatial location s;, we observe a time series
of real-valued outcomes y(s;) = {y(si,t1),...,y(Si,tm,)}, as well as a matrix of real-valued
covariates X(s;) = {x(si,t1),...,X(Si,tm;)} € RP*™i where m; is the length of the time
series observed at s;. The collection of outcomes and covariate information at location s;
is denoted as z(s;) == {y(s;), X(s;)} and may be formally characterized as a point-process

mark at location s;.

Within this framework, a space-time dataset is composed of a spatial point pattern s
with associated marks z(s) = {z(s1),...,2(s,)}, and sampling distribution F{s,z(s)} =
Fy(s)F.s{z(s) | s}, which may be represented hierarchically as the marginal distribution of

the point pattern Fy times the conditional distribution of the marks Fys.

In this setting, the notion of prediction is inherently ambiguous until one qualifies how
a test data point is to be obtained. In particular, spatial interpolation is formally inter-
preted as the conditional prediction at location sy ~ Fs of y(s¢), given X(sg) and z(s). Let
1 (X(s0),z(s)) represent a prediction rule, and Q{y(so),n(X(s0),z(s))} be a loss function,
both analogous to our definitions in Section 2.3.1. Given a training marked spatial pattern

z(s), the interpolation error of n(-) trained on z(s), is naturally defined as

Errs = Eps,2(s0)} (@Y (50), 1(X(50),2(s))}] ; (2.3)
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the expected loss incurred by 7)(-), where Epgy, »(s0)} 15 an expectation taken with respect to

probability distribution F', over the joint state space of {so, 2(s0)}.

We note that, in the definition of Err, the spatial point pattern distribution F(-), need
not coincide with the one defining the observed point pattern s. It could be useful, for
instance, to use a sampling schedule for s, proportional to the density of the population at
risk. In this example, the use of exogenous information may be critical when the goal is one
of providing spatial interpolation for environmental stressors, because predictive accuracy is

much more important in populated areas.

2.3.3 Prediction Error Estimators for Space-Time Data

The formalism introduced in Section 2.3.2 will serve as a guiding framework for the char-
acterization of structured data partition strategies defining prediction error estimators for

space-time data.

Standard K-fold CV (equation 2.2) is still commonly used on space-time data (Reid
et al., 2015; Guo et al., 2017) despite acknowledgement in the spatial statistics community
that its estimates are too optimistic (Watson et al., 2019; Roberts et al., 2017). In light
of the estimand defined in (2.3), unstructured data partitions are unlikely to exclude data
associated with specific locations, making it very likely that locations represented in the test
set also appear in the training data. Rather than targeting the spatial interpolation error,
naive CV estimators appear to target the imputation error, i.e. the expected loss incurred

by a prediction rule n(-) for unobserved time points at observed locations.

We are not the first to point out these problems with standard K-fold CV. For example,
Roberts et al. (2017) advocate for the use of spatial or space-time blocking as structured data
partition strategies targeting prediction errors in spatial and space-time data. Specifically,
the spatial (or space-time) domain is divided into rectangular (or cubic) regions that serve
as a data-partition unit. The sizing of data blocks aims to reduce or eliminate the impact of
spatial (or space-time) dependence on estimates of prediction error, in an effort to replicate

estimators defined in iid settings. This approach thus appears to target a form of replication
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error, i.e. the expected loss incurred by a prediction rule 7(-) for a new realization of the
marked space-time process, which is critically different from the spatial interpolation error

defined in (2.3).

Alternatively, spatially buffered CV has been proposed for mitigating the effect of spatial
dependence for prediction error estimation and model selection (Le Rest et al., 2014; Poh-
jankukka et al., 2017). These strategies pick one or more spatial locations for each test fold
and train the model on observations located beyond a buffer distance from the test locations.
The usual goal is to pick a buffer distance that excludes observations from the training data
that have residual spatial correlation with the test data. This is the same goal as spatial
blocking and appears to similarly target the replication error. Smaller buffers that do not
entirely remove spatially dependent training data appear to target a spatial extrapolation
error, i.e., the error associated with predicting at a spatially distant (but not independent)

location.

The key to defining a structured CV strategy for the estimation of the interpolation
error in (2.3), is naturally implied by the sampling structure of the marked point process
introduced in Section 2.3.2. More precisely, let z (S(i)) be the set of observations across all
locations, except for s;. We define the leave-one-location-out cross-validation (LOLO-CV)

estimator of Err, as,

err LOLO = ZQ {y (si),n(X(s4),2 (S(i)))}, (2.4)

in which the CV fold left out of model training is the entire time series of observations
taken at a particular location. This is analogous to the leave-one-out CV estimator in the
iid setting, except the CV resampling unit is no longer individual observations but rather
every observation taken at an individual location. Defining each CV fold as the observations
taken at one location ensures that predictions are always being evaluated at a location
excluded from the data on which the prediction rule n(-) was trained. This intuitively mimics
interpolation in which the goal is to predict the time series at an unobserved location. This
intuition is presumably the motivation for a number of authors using LOLO-CV (Keller

et al., 2017; Watson et al., 2019), even though, to our knowledge, our analysis is the first to
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attempt a formalization of the target estimand in (2.3).

LOLO-CV can be generalized to partition data over multiple locations. Specifically,
we partition the observed point pattern s into K disjoint location-subsets or spatial folds,
st ... s with associated marks z(s(), ..., z(s%)), so that s = UX_ s and s*) Ns®) =

(), for k # . The K-fold leave-location-out (LLO)-CV estimator of Errg is defined as,

erry o) = %Znik > Q{y(si), n(X(s:),2(s" )},

k=1 ’iES(k>

where z(s(™) is the set of observations at all locations excluding the spatial points in s,

and ny, is the number of locations in spatial fold k.

Setting K = n yields the leave-one-location-out (LOLO) cross-validation estimate of

_ —~ (LOLO
prediction error, errg )

in (2.4). LLOg-CV trains and evaluates K models so that when
K is smaller than n, LLOg is computationally expedient compared to LOLO-CV. Setting

K =10 is a common choice, presumably on analogy to the iid setting (Lee et al., 2016).

As in the independent case, there is a bias-variance tradeoff between these estimators. In
the context of independent data, the LOO estimator has lower bias, but higher variance than
K-fold CV estimators for K > 1. In the dependent setting, however, removing locations
from the data can result in hard to predict sources of bias, and the standard wisdom that
suggests 10-fold CV as a rule of thumb estimator (Kohavi et al., 1995) for balancing bias and
variance may not apply. Estimator bias depends on the dependence structure, the density
of observed locations and the number of observations in each time series. We elucidate some
of these aspects in our simulation studies, showing that LOLO CV seems to be the best for
typical studies in which the observed data include a relatively small number of locations and

a relatively large number of time points.

LOLO-CV and LLO-CV use the empirical distribution of locations F(s) in computing
the average loss of 77. The observed locations provide an estimate of the spatial intensity
function, which weights the average loss more heavily in areas with more observed locations.
If prediction error is to be taken as the expectation over a uniform spatial field, then using the

empirical spatial intensity may introduce sampling bias (Diggle et al., 2010; Gelfand et al.,
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2012). In epidemiological applications, however, it is often desirable to define prediction error
over a non-uniform sampling intensity, with the preferential sampling pattern of pollution
monitors providing critical information into the relative importance of different locations. If
it is desirable to define prediction error as the expected loss over a different location sampling
intensity, it is foreseeable to apply corrections to errFOLO) and eprPFOK) | This could be used
to estimate the expected loss uniformly across the spatial region or to incorporate ancillary
information, for example, direct estimates of population density if prediction error were to
be more heavily weighted where the population were more dense. These corrected estimators

are not investigated in this manuscript.

2.4 Simulation Study

To illustrate the behavior of these prediction error estimators in the context of dependent
data, we perform a series of simulation studies. Each simulation is conducted over a dense
space-time grid with a small subset of the grid locations sampled as observed locations. Six
covariates and the outcome were simulated over the space-time grid. The covariates were
simulated from a Gaussian process with a separable covariance function and a sinusoidal
mean function. The outcome was simulated from a Gaussian process with a separable co-
variance function and a mean function that depended on the first three covariates with linear,
sigmoidal and threshold effects respectively. The remaining three covariates are spurious.

The precise form of each mean and covariance function is detailed in section 2.A.1.

For a given model, the true prediction error is computed as the mean square error (MSE)
of predictions made over the unobserved portion of the grid by a model trained on the ob-
served data. Each estimator of prediction error is then computed over the observed data
and compared to the true prediction error. To help elucidate the impact of sample size
and dependence structure on estimator behavior and motivated by air pollution data sets,
we chose two different numbers of observed monitors, 50 and 150, and two sets of spatial
dependence parameters, corresponding to low and moderate dependence. Table 2.A.3 in

section 2.A.3 lists the parameters of each simulation scenario. Points near the boundary of
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the grid have fewer nearby points, which can result in unexpected edge effects. To avoid
this, only points sufficiently far from the grid boundary were eligible for selection as ob-
served locations. We evaluated four estimators of prediction error: (1) naive 10-fold CV,
(2) LLOyo CV, (3) LOLO CV and (4) buffered leave-location-out CV on three different mod-
els: linear regression, random forest and space-time Kriging. These models were selected as
examples of the three main classes of models used in the literature: (1) simple regression
models, (2) machine learning models with flexible mean structures that assume independent
data, and (3) Kriging models with rigid mean structures but relatively flexible covariance
models. These three models are far from a comprehensive list and are intended to illus-
trate the behavior of different CV procedures on simple, but different classes of prediction

strategies.

2.4.1 Simulation Results & Discussion

Figure 2.1 depicts the true error and four estimates for each model across the 100 replicates
of each simulation scenario. Across all three models, LOLO CV (turquoise) and LLO;q CV

(green) appear to target the true error (blue).

Naive 10-fold CV (yellow) is very optimistic for random forest and Kriging, especially
when spatial dependence is low or relatively few locations are observed. The information
provided by observations at other time points at the location of the data point being predicted
is apparently very informative for models flexible enough to exploit it. Naive CV is less
optimistic for simple linear regression, because it is much less flexible than random forest or

Kriging and consequently worse at exploiting this information.

The optimism of naive 10-fold CV is less pronounced as the number of observed locations
or the spatial dependence increases for all 3 models. In these cases, the other observed
locations are more predictive of the test location, making naive CV’s access to observations
for other timepoints at the test location less advantageous and thereby reducing its optimistic
bias. Interestingly, the naive 10-fold CV estimates of prediction error for Kriging become less

stable for longer time series despite the corresponding additional data, suggesting that naive
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10-fold CV is particularly unreliable for techniques that rely upon the dependence structure

for prediction.

The LOLO estimates of prediction error tend to be slightly smaller and less biased (i.e.,
closer to the true error) than LLO;j, for two reasons. First, LLOq generally uses smaller
data sets for training because its folds are larger, and the additional training data available
to LOLO reduces its bias. This result is well-known in cross-validated studies of indepen-
dent data. Second, withholding more locations further hinders the LL.Oy( training models
because it removes the information they provide on other locations due to the spatial de-
pendence between locations. This does not occur in the independent setting where there is

no dependence between observations.

This effect makes the bias-variance trade-off of CV fold size more complicated than in
the independent case. For independent data, as the fraction of the data used in the training
data increases, the bias decreases, but the variance increases. Leave-one-out CV includes all
but 1 observation in the training data and has smaller bias but greater variance than 10-fold
CV, which includes 90% of the data in the training data. For data exhibiting space-time
dependence, this relationship need not hold. Whether LOLO CV has higher variance than
LLO1p CV depends on the dependence structure, the number of observed locations and the

length of the time series observed at each location.

Spatially buffered CV (orange) is pessimistic (i.e., biased upward) in all cases, which is
consistent with the suggestion that it may target a spatial extrapolation error rather than
the interpolation error. For a fixed buffer size, its pessimism is greater for higher spatial
dependence, since the locations within the buffer that are withheld from the training model
are more highly correlated with the observations being predicted. Its pessimism is lower
when more locations are observed, because the additional locations beyond the buffer may

partially make up for the loss of information associated with withholding observations within

the buffer.

Figure 2.2 plots MSE against CV estimates of MSE for each of the 3 models for an

example simulation scenario. The CV estimates generally correlate fairly well with the true
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Figure 2.2: Scatter plots of the true MSE computed over the unobserved grid against CV
estimates of MSE for (a) Simple Linear Regression, (b) Random Forest, and (c) Kriging.

The grey line depicts y = x, i.e., perfect correlation.

MSE, suggesting they are not simply accurate on average, but provide useful estimates for
a particular data set. The optimistic bias of naive 10-fold CV and the pessimistic bias of
buffered CV are evident from their deviation from the line of perfect correlation. As in
figure 2.1, these biases are more pronounced for random forest and Kriging on account of

their greater flexibility.

It is useful to characterize prediction error as a function of the conditional variance of
the outcome to be predicted given the observed data. This conditional variance effectively
quantifies the information that the training data provides on the point to be predicted and
can be computed exactly in a simulation setting (see section 2.A.4 for detail). Figure 2.3
summarizes our findings for simulation scenario 3. In panel (a), we report density estimates
and 95% pointwise intervals of the conditional variance for the true error and each cross-

validated estimator, using 300 bootstraps of the simulation replicates.

How closely the conditional variance distribution for an estimator matches the true distri-
bution (blue) corresponds to how accurately it estimates the true prediction error. LOLO CV
(turquoise) is most similar to the true error with a slightly greater distribution due to the
slightly smaller size of the LOLO training data. LLO;q CV (green) is also similar to the

true distribution, but the larger fold size increases the conditional variance because of the
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correspondingly smaller size of the training data. The conditional variance for naive CV is
much lower than that of the true distribution and it peaks so sharply near 0 that it is difficult
to make out in the figure. This difference in conditional variance describes the optimistic
bias of naive CV: the training data is much more informative for prediction points than the
truth, corresponding to a much lower conditional variance and overly optimistic estimates

of interpolation error.

Figure 2.3 includes the conditional variance for three spatially buffered CV estimators of
increasing buffer size. As the buffer size increases so does the conditional variance, because
a larger buffer corresponds to more spatially distant and therefore less informative training
data. This explains the pessimistic bias of buffered CV in estimating interpolation error.
As the buffer size is reduced and less distant locations are included in the training data,
buffered CV approaches LOLO CV, becoming equivalent when the buffer size is smaller

than the closest spatial distance between observations.

Figure 2.3 (b) depicts the median and 95% pointwise confidence bands for LOWESS (lo-
cally weighted smoothing) curves estimating the mean true and estimated errors as a function
of conditional variance for each model over 300 bootstraps of the simulation replicates. As
expected, the true error increases with conditional variance. LOLO and LLO;, CV also
exhibit this relationship, approximating the true error curve quite well for all three models.
At larger values of conditional variance there are relatively few data points and consequently
greater uncertainty around the estimated curves. This figure shows quite clearly why naive
10-fold CV is such a poor estimator. Because naive 10-fold CV includes observations taken
at the same locations as the outcomes being predicted, the conditional variances are very

small compared to the conditional variance of the outcome at unobserved locations.

The medium buffer size spatially buffered CV is also depicted, which consistently over-
estimates the true error except for Kriging at high conditional variance. This may simply
result from the greater uncertainty due to the relatively few observations with high con-
ditional variance, but it may also reflect the sensitivity of Kriging to nearby observations,

which are withheld from model training in spatially buffered CV.
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Our results in Figure 2.3 (b) also allow for an interesting comparison of predictive models.
Kriging predicts very well (i.e., has low MSE) when the conditional variance is small, because
it explicitly uses the space-time dependence between data points. Its accuracy falls off
substantially, however, as the conditional variance increases. Random forest and simple
linear regression ignore this dependence, which reduces their accuracy when the conditional
variance is small (especially for simple linear regression), but their performance falls off less

quickly at higher conditional variance than does Kriging.

2.5 Case Study

Over the weekend of June 20-21, 2008, thousands of lightning strikes in northern California
ignited a complex of wildfires that would burn for several weeks, shrouding much of the state
in smoke and exposing its populace to toxic pollutants. We set out to showcase how different
model evaluation strategies compare, when the goal is producing fine resolution interpolation

of pollutant exposure across the state of California.

More precisely, 186 ozone monitors recorded a total of 25,236 measurements of 8-hour
maximum ozone, and 136 PMs 5 monitors made 14,247 PM, 5 measurements from May 1,
2008, through September 30, 2008, with most monitors recording one observation per day.
Linear regression, random forest and universal Kriging (i.e., Kriging with covariates) inter-
polating prediction models for ozone and PM, 5 were fit separately to each week of the data
using land use, meteorological, satellite and numerical simulation covariates, which are de-
tailed in table 4.A.2 in section 2.A.1. The LOLO, LLOy, and naive 10-fold CV estimates of
prediction error were computed for each model. To assess the impact of time series length
on the prediction error estimators, this procedure was repeated on progressively longer,

non-overlapping intervals of 1, 2, 4 and 8 weeks.
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Figure 2.4: Prediction error as a function of training data size for random forest, Kriging
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2.5.1 Case Study Results & Discussion

Figure 2.4 depicts LOLO, LLO;, and naive CV prediction error estimates on the ozone (a)
and PMy 5 (b) monitor data for increasingly long subsets of the data. Just as in the sim-
ulations, the LOLO and LLO; estimates are similar, and LLOq tends to be slightly more
pessimistic. Estimated prediction error generally increases slightly with time series length.
While additional timepoints add information, they also increase the prediction burden. This
is particularly true if the temporal process is nonstationary, which figure 2.5 suggests may

be the case at least for the ozone data.

The naive 10-fold CV estimates are consistently optimistic compared to the location-
based CV estimates. This optimism is considerably more pronounced for random forest than
for Kriging or simple linear regression on the ozone data. The naive 10-fold CV estimates
are apparently less biased for simple linear regression, because it lacks the flexibility to fully
exploit the more highly dependent folds. Kriging, on the other hand, is very flexible, but
its performance depends upon accurately estimating the covariance function, which may
be quite difficult especially if the process is nonstationary. The optimism of the naive 10-
fold CV ozone estimates for random forest increases with time series length, suggesting that
the additional training data at the location where prediction is being made exacerbates the

bias.

Figure 2.5 depicts prediction error estimates for models trained and evaluated separately
on each weeklong subset of the data. Most of the estimates for ozone increase dramatically
in the second half of the study period. This suggests that the process is nonstationary and
that the WRF-Chem model may be miscalibrated for this time period, which may both be
due to the wildfires that occurred during this time. Interestingly, the naive CV estimates for
random forest do not exhibit this trend with estimates staying in approximately the same
range across the entire study, clearly indicating once more the dangers of using naive CV for

flexible models fit to dependent data.

Figure 2.5 (a) also demonstrates the perils of using naive CV for model selection, aver-

aging or tuning (including variable selection). Consider the week of July 28, 2008, which is
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bolded along horizontal axis of the figure. Comparing models via naive CV, random forest
is the best model by a wide margin with an estimated MSE of 0.042, compared to 0.070 and
0.074 for Kriging and the simple linear regression respectively. In contrast, using LOLO or
LLO;o Kriging has the lowest MSE. Model ranking is thus not invariant to choice of evalu-
ation metric, which means that naive CV is inappropriate for any procedure that depends
upon the relative ranking of predictive performance. These includes model and variable se-
lection, model parameter tuning and model averaging, which often uses relative performance

to compute model weights (Van der Laan et al., 2007).

2.6 Discussion

The simulation and case study results confirm that location-based CV techniques are fairly
robust estimators of interpolation error over several classes of models, consistent with recent
best practice. Naive CV is shown to be highly unreliable for interpolation error estimation as
well as for model comparison on space-time data. Buffered CV, which excludes observations
within a buffer distance from the training data, is overly pessimistic and appears to target the
replication error—the expected error for predicting a new instance of the entire space-time
process—rather than the interpolation error, which explicitly conditions upon the observed
portions of the space-time field. It also requires selecting the buffer distance, which may be
difficult and prompt ad hoc decisions regarding the search window. In addition, even for
independent data, CV procedures that include a tuning parameter (e.g., the buffer distance)

may not be consistent (Dudoit and van der Laan, 2005).

LOLO and LLO;g CV both appear to target the true interpolation error with LLOq
generally displaying a greater pessimistic bias. This is partially due to the larger amount of
data in the LOLO training folds, which is analogous to the well-known bias-variance tradeoff
in CV fold size for independent data. Reserving more locations from model training as the
test fold in LLO;¢ CV eliminates portions of the space-time field from the training data. How
this impacts estimates of prediction error depends upon the strength and distribution of the

space-time dependence, time series length and spatial sampling intensity. It can be the case
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that LOLO CV has lower bias and lower variance than LLO;o. Consequently we recommend
LOLO CV for estimating interpolation error unless it is computationally infeasible, in which

case LLOy is a reasonable alternative.

This judgment is an empirical one, as there is a lack of theoretical characterization of
these procedures in an asymptotic setting. Asymptotics are challenging for CV even in the
case of independent data, which admits to replication. In a space-time setting asymptotics

may be characterized in multiple ways increasing the difficulty of the problem.

Random forest, Kriging and simple linear regression were selected because they are pop-
ular examples of 3 model classes frequently used for spatial or space-time interpolation.
This gives us confidence that the behavior of the estimators observed here will hold across
spatially interpolating models more generally. The models may not be the optimal models
for these or other interpolation problems. Gradient boosting (Watson et al., 2019; Reid
et al., 2015) and sometimes deep learning neural networks have outperformed random forest
in previous studies. Kriging models with more flexible mean structures (Berrocal et al.,
2010) or less stringent assumptions on the form of the covariance function may outperform
the Kriging models considered here. The ability to reliably compare these and any other
interpolation techniques is precisely the motivation behind this work, and the consistent
relationship between CV estimators of prediction error demonstrated here will likely hold
across a wide variety of models. Crucially this includes methods that accommodate high
dimensional data. This is particularly important for Kriging models, which have tradition-
ally been limited to relatively small data sets due to the matrix inversion involved, which
does not scale well either in computations (O(n?)) or memory usage (O(n?)) Cressie (2015a).
There are now a variety of computationally expedient approaches that have improved the
scaleability of Kriging-style models, including Gaussian process approximations (Katzfuss,
2017) and nearest neighbor Gaussian process models (Datta et al., 2016). See Heaton et al.

(2019) for a recent summary and comparison of these and other approaches.

More useful than the specific guidance this work suggests for the appropriate choice

of CV techniques for evaluating interpolation models is its formal discussion of prediction
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error estimation for space-time data. While there has been growing acknowledgment in the
literature that naively applying unstructured CV on space-time data is ill advised, there is
a lack of clarity on what prediction error means in the presence of space-time dependence.
Nowhere is this more obvious than in the recent trend towards reporting naive, location-
based and timepoint-based CV estimates of prediction error while offering no guidance or
discussion on which is appropriate for the problem at hand (Brokamp et al., 2018; Hu et al.,
2017).

This work fills this void, distinguishing estimators that target interpolation error from
those that appear to target replication, imputation or extrapolation errors. The appropriate
space-time prediction error depends entirely upon the predictive problem at hand. Identi-
fying the relevant space-time prediction error for a particular problem and then selecting
an evaluation method for that specific prediction error is the appropriate model evaluation

procedure.

We have not dealt with issues related to consistency of model selection, focusing strictly
on prediction error estimation. A model selection procedure is generally described as consis-
tent if the probability it selects the true model goes to 1 as n — co. Leave-one-out (LOO)
CV is known to be an inconsistent criterion for model selection on independent data, al-
though it can be adapted to reclaim consistency for at least certain classes of models (Shao,
1993). We do not expect location-based CV procedures to provide consistent selection of
the true model. Nevertheless they may be quite useful for selecting/averaging models on the

basis of a principled assessment of predictive performance.
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2.A Appendix

2.A.1 Case Study Covariates

Covariate Data Source

Monitor Latitude U. S. Environmental Protection Agency
Monitor Longitude U. S. Environmental Protection Agency
Elevation (m) National Digital Elevation Model

Date U. S. Environmental Protection Agency
Dew Point (°K) Rapid Update Cycle

Boundary Layer Height (m) Rapid Update Cycle

Surface Pressure (Pa) Rapid Update Cycle

Relative Humidity (%) Rapid Update Cycle

Temperature at 2 m (°K) Rapid Update Cycle

U-Component of Wind Speed (m/s) Rapid Update Cycle

V-Component of Wind Speed (m/s) Rapid Update Cycle

Inverse Distance to Nearest Fire (m~1) Fire Inventory from NCAR v1.5
Annual Average Traffic within 1 km Dynamap 2000, TeleAtlas

Agricultural Land Use within 1 km (%) 2006 National Land Cover Database
Urban Land Use within 1 km (%) 2006 National Land Cover Database
Vegetation Land Use within 1 km (%) 2006 National Land Cover Database
Normalized Difference Vegetation Index Landsat Data

Nitrogen Dioxide (log molecules/cm?) Ozone Monitoring Instrument Satellite

WRF-Chem Carbon Monoxide (log moles/day) WRF-Chem
WRF-Chem PMy 5 (log kg/day) WRF-Chem
WRF-Chem Ozone (log 8 Hour Maximum) WRF-Chem
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2.A.2 Simulation Procedure

Covariates for the simulations described in section 3 were generated from a 6-dimensional Gaussian

process (GP) with mean function px(s,t) and covariance function (s, t), i.e.,
Xl, ceey X6 ~ GP(ux(S, t), E(S, t)),

where s indexes spatial locations and ¢ indexes time. A combination of sinusoidal functions was

selected for the mean function to induce some periodicity across space and time,

fix (s,t) = sin(t) sin(s1) cos(s2) + cos(t) (cos(sl) n Sin(SQ)) ’

250u;  125uq 125u3 250u4
where uq, ..., uq are uniformly distributed random variables, i.e., u, ..., uq ~ U[0, 1].
The space-time covariance function X(s, t) was constructed as the product of a spacial covariance

function Xg and a temporal covariance function X, i.e., 3(s,t) = XsX;. These were parameterized

as squared exponential covariance functions,

2
s1—8
Ys(s1,82) =exp (—H122H> +ely,,

Us

_ [t — to?
Zt(tl,tz) = exp _’1)72 + GInt,
i

where ||-|| is the Euclidean norm, vy and v; scale dependence as a function of distance, and el,,,

and el,, are diagonal matrices that add a small constant for numerical stability.

The simulation outcome y was simulated from a GP with mean function p, (s, t) and covariance
function (s, t),
y ~ GP(py(s,t),X(s, 1)), (2.5)

where

fiy(s,t) = 0.521 — 0.5I(z2 > 0.1) + (1 + exp(—x3)) '

The outcome is independent of the remaining 3 covariates, x4, x5, and xg, which were included as

spurious covariates to assess the robustness of prediction models.
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2.A.3 Simulation Parameters

) _ Observed Spatial Temporal )
Scenario Replicates Locations Days

Locations Dependence Dependence

1 100 50 Low Moderate 400 10
2 100 50 Low Moderate 400 20
3 100 50 Moderate Moderate 400 10
4 100 50 Moderate Moderate 400 20
5 100 150 Low Moderate 400 10
6 100 150 Low Moderate 400 20
7 100 150 Moderate Moderate 400 10
8 100 150 Moderate Moderate 400 20

2.A.4 Conditional Variance

Simulation outcome y(s,t) was simulated over a space-time lattice from a Gaussian Process with
mean function p,(s,t) and covariance function 3(s,t) (see Section S2). Let y = {y(si1,t1), ...,
Y(Sn,tm)} denote y over the n spatial locations and m timepoints of the simulation lattice, and Xy
its covariance matrix. Let y* denote any subset of y and y° its complement, i.e., y¢ =y \ y*. The
covariance matrices of y* and y© are Yy« and Xy respectively, which are submatrices of 3, with
the rows and columns corresponding to y* and y* respectively. The conditional covariance matrix
of y* given y¢ is

hI-

— —15v
yrlye = Sy — DyryeTyd T

yye
where Yy«yc is the submatrix of ¥y, with rows corresponding to y* and columns to y“. The

conditional variance of y* | y¢ is the diagonal of Yy« |ye.
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CHAPTER 3

Machine Learning Models Accurately Predict Ozone

Exposure during Wildfire Events

Epidemiologists use prediction models to downscale (i.e., interpolate) air pollution exposure where
monitoring data is insufficient. This study compares machine learning prediction models for ground-
level ozone during wildfires, evaluating the predictive accuracy of ten algorithms on the daily 8-hour
maximum average ozone during a 2008 wildfire event in northern California. Models were evaluated
using a leave-one-location-out cross-validation (LOLO CV) procedure to account for the spatial and
temporal dependence of the data and produce more realistic estimates of prediction error. LOLO
CV avoids both the well-known overly optimistic bias of k-fold cross-validation on dependent data
and the conservative bias of evaluating prediction error over a coarser spatial resolution via leave-k-
locations-out CV. Gradient boosting was the most accurate of the ten machine learning algorithms
with the lowest LOLO CV estimated root mean square error (0.228) and the highest LOLO CV
R? (0.677). Random forest was the second best performing algorithm with an LOLO CV R2
of 0.661. The LOLO CV estimates of predictive accuracy were less optimistic than 10-fold CV
estimates for all ten models. The difference in estimated accuracy between the 10-fold CV and
LOLO CV was greater for more flexible models like gradient boosting and random forest. The
order of estimated model accuracy depended on the choice of evaluation metric, indicating that 10-
fold CV and LOLO CV may select different models or sets of covariates as optimal, which calls into
question the reliability of 10-fold CV for model (or variable) selection. These prediction models are
designed for interpolating ozone exposure, and are not suited to inferring the effect of wildfires on
ozone or extrapolating to predict ozone in other spatial or temporal domains. This is demonstrated
by the inability of the best performing models to accurately predict ozone during 2007 southern

California wildfires.
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3.1 Introduction

Ground-level ozone is toxic to humans, animals and plants and contributes significantly to climate
change as the third most important greenhouse gas (World Health Organization, 2013; Menzel, 1984;
Bell et al., 2004; Stocker et al., 2013; Smith et al., 2009; Silva et al., 2017; Fowler et al., 2008).
Short-term exposure is linked to increased mortality (Bell et al., 2004), decreased respiratory func-
tion, exacerbation of chronic obstructive pulmonary disease (COPD), bronchitis, emphysema and
asthma (National Research Council, 2008; Sousa et al., 2013; Guarnieri and Balmes, 2014; Lee et al.,
2014). Long-term exposure has been linked with respiratory and cardiovascular mortality (Turner
et al., 2016; Crouse et al., 2015), decreased lung function (Hwang et al., 2015) and the progression

of emphysema (Barr et al., 2016).

Wildfires contribute to the formation of ozone in the lower atmosphere (troposphere) by releas-
ing volatile organic compounds (VOCs) and nitrogen oxides (NOx), which react in the presence
of sunlight to form ozone (Val Martin et al., 2006; Jaffe and Wigder, 2012). Fires upwind of
large population centers can expose millions or even tens of millions of people to ozone and other
pollutants (Wu et al., 2006). Climate change is expected to intensify wildfires, which will likely
increase the prevalence of wildfire-related ozone exposure Jaffe and Wigder (2012); Confalonieri

et al. (2007).

The health effects of wildfire-induced ozone exposure are poorly understood. A study of hos-
pital admissions in Porto, Portugal, in 2005 while wildfires were burning nearby, indicated ozone
was significantly associated with cardiovascular disease admissions, but not with respiratory ad-
missions (Azevedo et al., 2011). This analysis, however, did not control for weather or land-use
covariates. During a bushfire in southeastern Australia, respiratory emergency department visits
were significantly associated with PMy( (particulate matter 10 um or smaller in diameter), but not

with ozone (Tham et al., 2009).

A key challenge facing epidemiological analyses of air pollution exposure is quantifying pollu-
tion concentrations where people live, which may be distant from regulatory monitoring sites. This
is particularly difficult for wildfire-related pollution, because wildfires often ignite far from urban
regulatory monitoring sites, and satellite evidence indicates that traditional monitoring networks

are too sparse to capture smoke plume variation and dynamics (Reid et al., 2015). Epidemiologists
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attempt to overcome this difficulty by constructing exposure models to predict pollution concen-
tration at unmonitored locations and times. The prediction of a quantity across a domain, such as
a spatial region, based on observations of that quantity at discrete locations within that domain is

referred to as downscaling or interpolation, and is an example of infill prediction.

The simplest downscaling exposure models rely upon the tendency of nearby observations to
be more similar than those farther apart to interpolate between pollution monitor observations
without the use of additional information (i.e., without covariates). This tendency is an example
of spatial (or space-time) dependence. Kriging is a very commonly used method for interpolating
observations, modeling air pollution concentrations as the best linear unbiased prediction (BLUP)
given the data and mean and covariance functions selected by the researcher and estimated from
the data (Stein, 2012). Kriging tends to perform relatively well when monitoring data is dense, but

model accuracy degrades at locations or times distant from monitor observations.

To improve accuracy, especially when monitoring density is sparse, researchers have employed
regression models that incorporate ancillary information as covariates. These models are referred
to as land use regression in the literature, but the covariates need not pertain to land use, and
increasingly include satellite retrievals, meteorological data, and less frequently the output of at-
mospheric chemistry numerical simulation models. Land use regression models have been used for
modeling air pollution exposure at least since the Small Area Variations in Air quality and Health
(SAVIAH) study in 1997 (Briggs et al., 1997) with numerous examples appearing subsequently.
While these regression models include covariate information, they have often assumed linear, ad-
ditive covariate effects. This assumption makes the effects easy to interpret but is too stringent
to predict air pollution concentrations accurately. These models cannot accommodate nonlinear
effects or interactions between covariates unless they are specified by the analyst a priori. They
also lack a mechanism for variable selection, requiring the analyst to manually select covariates or

employ a separate variable selection procedure.

These limitations have prompted the development of more flexible models that allow for nonlin-
ear effects including spatially or spatiotemporally varying-coefficient models (Gelfand et al., 2003).
These models generally fit covariate effects with smooth functionals that need not be linear and
may be indexed by space or space-time, which allows the covariate effects to differ across space

and time. These models are an improvement over the very stringent restrictions set on covariate

36



effects in linear, additive models, but they often rely on research code, making them less accessible
to other researchers. In our experience we have also found that these more sophisticated models

do not scale well to realistic space-time data settings.

These challenges have motivated researchers to turn to more flexible models that do not re-
quire such stringent assumptions, including a variety of machine learning algorithms, which have
been shown to be very useful for prediction (Robert, 2014), especially random forest (Caruana
and Niculescu-Mizil, 2006), gradient boosting (Ferreira and Figueiredo, 2012) and neural net-
works (Goodfellow et al., 2016). They may lack the straightforward interpretability of linear
regression, but this is of secondary concern when prediction is the primary objective, and vari-
able importance scores have been developed for many such methods to quantify the contribution

of each covariate.

Generalized additive models (Liu et al., 2009), support vector machines (Lu and Wang, 2005;
Weizhen et al., 2014), gradient boosting (Zhan et al., 2017) and deletion/substitution/addition
(Beckerman et al., 2013) have been used to model particulate matter exposure. Neural networks (Di
et al., 2016, 2017) and random forest (Hu et al., 2017; Zhan et al., 2018a; Brokamp et al., 2018)
have been used to model both particulate matter and ozone concentrations. A comparison of 11
machine learning models indicated that random forest, gradient boosting and bagged trees predict
PMa 5 (particulate matter smaller than 2.5 pum in diameter) concentrations well during a wildfire
event (Reid et al., 2015). Random forest, boosting and Cubist performed well in a comparison of 8
machine learning tools predicting PMs 5 in British Columbia (Xu et al., 2018). Here we conduct a
similar analysis using ten machine learning algorithms to model ozone exposure during a wildfire air
pollution event for the first time, evaluating their predictive accuracy for use as land use regression

models.

Comparing and evaluating prediction models for dependent data is challenging. Cross-validation
(CV) and the bootstrap are commonly used model evaluation procedures that repeatedly fit a
model to a training subset of the data and evaluate the accuracy of its predictions on a different,
test subset, combining the performance across multiple test subsets into a nonparametric estimate
of prediction error. For data that are spatially and temporally dependent (i.e., autocorrelated),
however, these procedures can be overly optimistic, because of the dependence between training

and test subsets (Roberts et al., 2017).
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In the case of daily air pollution monitoring observations, we wish to estimate the average error
made by a downscaling model when predicting at a new location within the spatial domain of the
data. Including observations in the training data that were taken at the same monitors as the
test set observations provides an unrealistic amount of information on the test data, because of
the strong correlation between observations taken at the same location. This produces estimates
of prediction error that are biased downward, especially for flexible models which tend to overfit
to a greater degree than less flexible models when trained on dependent data. The true prediction
error associated with predicting at a new location would be greater than these estimates, because

the model could not have been trained on any observations recorded at a new location.

When dependence is restricted to observations within the same group or cluster, consistent (i.e.,
asymptotically unbiased) estimates of prediction error can be recovered by resampling groups rather
than individual observations. It is unrealistic, however, to assume that spatially dependent data
are nested within independent groups of observations. Modified cross-validation schemes have been
used on pollution exposure data that partition the data into spatial grid cells (Zhan et al., 2017)
or monitor locations (Lee et al., 2016; Zhan et al., 2018b). Such approaches attempt to reduce the
dependence between training and test data sets by placing all observations at a particular location
or within a particular region into the same cross-validation fold. In this vein, we use leave-one-
location-out (LOLO) cross-validation, which defines each CV fold as the observations recorded at
a single monitor location (Just et al., 2015). This does not partition the data into independent
groups, but estimates the error associated with predicting the time series of ozone observations
at a new location, conditioning upon the observed monitor data. By using all the observations
at a single location as the test set, LOLO CV ensures that no observations from this location
appear in the training set, which would result in unrealistically low estimates of prediction error.
It also avoids the overly conservative bias of leave-k-locations-out CV, which tends to overestimate

prediction error because it uses substantially fewer observations for model training.
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Table 3.1: Covariates for ozone prediction.

Covariate Data Source

Monitor Latitude U. S. Environmental Protection Agency
Monitor Longitude U. S. Environmental Protection Agency
Elevation (m) National Digital Elevation Model

Date U. S. Environmental Protection Agency
Dew Point (°K) Rapid Update Cycle

Boundary Layer Height (m) Rapid Update Cycle

Surface Pressure (Pa) Rapid Update Cycle

Relative Humidity (%) Rapid Update Cycle

Temperature at 2 m (°K) Rapid Update Cycle

U-Component of Wind Speed (m/s) Rapid Update Cycle

V-Component of Wind Speed (m/s) Rapid Update Cycle

Inverse Distance to Nearest Fire (m™!) Fire Inventory from NCAR v1.5
Annual Average Traffic within 1 km Dynamap 2000, TeleAtlas

Agricultural Land Use within 1 km (%) 2006 National Land Cover Database
Urban Land Use within 1 km (%) 2006 National Land Cover Database
Vegetation Land Use within 1 km (%) 2006 National Land Cover Database
Normalized Difference Vegetation Index Landsat Data

Nitrogen Dioxide (log molecules/cm?) Ozone Monitoring Instrument Satellite
WRF-Chem Carbon Monoxide (log moles/day) WRF-Chem

WRF-Chem PMs 5 (log kg/day) WRF-Chem

WRF-Chem Ozone (log 8 Hour Maximum) WRF-Chem

39



3.2 Materials and Methods

3.2.1 Data

One hundred ground-based ozone monitors administered by the United States Environmental Pro-
tection Agency (EPA) made hourly observations from which the daily maximum 8-hour averages
were computed across northern California between May 6, 2008 and September 26, 2008 for a total
of 13,487 observations. We selected this time period with the goal of estimating ozone exposures
before, during, and after a spate of wildfires that afflicted northern California in late June and
July of 2008. The mean maximum 8-hour average concentration was 36.2 ppb, and the standard
deviation was 13.6 ppb. During the study, the maximum 8-hour average exceeded 70 ppb 236 times
and exceeded 75 ppb 107 times. Most exceedances occurred while the fires were burning (153 and
75 respectively), although this time period is one of high solar intensity when high concentrations
of ozone are expected. It is not our objective, however, to quantify the contribution of wildfires to
ozone formation, but simply to downscale ozone concentrations during a wildfire event for subse-
quent epidemiological analysis. Figure 3.1 depicts the temporal evolution of monitor observations

throughout this time period.

Twenty-one covariates were also collected for the monitor locations, including location, eleva-
tion, date, atmospheric weather data (dew point, boundary layer height, surface pressure, relative
humidity, temperature, and wind speed), inverse distance to the nearest fire, traffic, land use infor-
mation (agricultural, urban, and vegetation), tropospheric nitrogen dioxide (NOg) vertical column
density and predictions of daily total carbon monoxide concentration (CO), particulate matter
(PMs.5) and daily maximum 8-hour average ozone. Table 4.A.2 lists the covariates and their

sources.

Monitor elevation was determined from the 2010 National Elevation Dataset for California.
The date of each observation was encoded as the continuous covariate, Julian date. The U.S.
National Centers for Environmental Prediction’s Rapid Update Cycle atmospheric prediction model
provided hourly predictions of dew point, planetary boundary layer height, surface pressure, relative
humidity, temperature, and the U and V components of wind speed, which were averaged into daily

values U.S. Department of Commerce National Oceanic and Atmospheric Administration (2018).

Inverse distance to the nearest fire was included as a covariate. The Fire Inventory from
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Figure 3.1: The daily empirical distribution of maximum daily 8-hour average ozone between

May 6 and September 26, 2008 at 100 northern California monitoring sites.

NCAR (FINN) v1.5 provided estimates of fire point locations in California during the study pe-
riod (Wiedinmyer et al., 2011). Fire points occurring within 5 km of each other were clustered
and circumscribed by a polygon using the ArcGIS Aggregate Points tool, and the distance between
each monitoring site and the closest point on the nearest fire cluster polygon was determined on
each day using the ArcGIS Near tool. On days with no fire in California, distance to the nearest
fire was undefined. Conceptualizing this undefined distance as equivalent to the nearest fire cluster
being infinitely far away, inverse distance to fire was defined as 0 for observations taken on days

with no fires in California and as the inverse of the distance to the nearest fire cluster otherwise.

Dynamap 2000, a TeleAtlas product, was used to compute the annual average of roadway traffic
within 1 km of each monitor (Reid et al., 2015). The National Land Cover Database for 2006 (Fry
et al., 2011) was used to calculate the percentage of urban development (codes 22, 23, and 24),
agriculture (codes 81 and 82) and other vegetation (codes 21, 41, 42, 43, 52, and 71) within 1 km

of each monitor.

The normalized difference vegetation index (NDVI) quantifies the density of green vegetation on

a scale between -1 and 1 by measuring the visible and near-infrared light reflected at a location via
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remote sensing. The chlorophyll in healthy vegetation absorbs most of the visible light and reflects
much of the near-infrared light to which it is exposed, giving locations with more vegetation a
higher NDVI score. NDVI for each monitor location was extracted from the NDVI remote sensing

raster surface and included as a covariate.

Nitrogen dioxide (NO3) was estimated on each day at monitor locations (if available) using the
Berkeley High-Resolution (BEHR) NOs tropospheric column density retrieved from NASA’s Ozone
Monitoring Instrument (OMI) satellite, which has an overpass time of 1:30 local time (Levelt et al.,

2006) and a resolution varying between 13 x 24 km to 42 x 162 km.

Predictions of daily total carbon monoxide (CO) and PMs 5 and the maximum daily 8-hour
average ozone concentration were extracted for each day from the Weather Research and Forecasting
with Chemistry (WRF-Chem) 3.2 model. WRF-Chem is a regional chemical transport model that
simulates meteorology and behavior of atmospheric gases and aerosols (Powers et al., 2017; Pfister

et al., 2011b). Appendix 3.A.1 details the WRF-Chem inputs and options used for our simulations.

3.2.2 Statistical Analysis

Each observation comprises an outcome, y;, the log maximum 8-hour average ozone on a given day at
a given monitoring location, and a vector of covariates, x; = (z;1, ..., ip)’,i = 1,...,n, where n is the
number of observations, and p is the number of covariates. The vector of outcomes, y = (y1, ..., yn)’,
and the matrix of covariates, X = (x1,...,X;)’, together compose the data, D = {X,y}. Ozone
observations were log transformed to reduce the impact of heteroscedasticity (non-constant variance
across the range of a variable), as data exploration revealed the variance was substantially greater
than the mean at high values. The maximum daily 8-hour average ozone from the WRF chemical
transport model (WRF-Chem) was also log transformed to have the same scale as the outcome.

All other covariates were transformed to have a mean of 0 and variance of 1.

Ten predictive algorithms were trained and evaluated on these data: elastic net regression, gen-
eralized additive models (GAM), gradient boosting, k-nearest neighbor regression, lasso regression,
linear models, multivariate adaptive regression splines (MARS), neural network, random forest,
and support vector machines with a radial basis kernel (SVM). All of the models except for neu-

ral networks were fit using models available in version 6.0 of the caret R package (Kuhn et al.,
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2018). Neural networks were given special consideration on account of their growing popularity
as machine learning prediction tools and especially the recent publication of papers using a neural
network with inverse distance weighted convolutional layers to predict ozone and particulate mat-
ter (Di et al., 2016, 2017). We tested a neural network that mimicked those models, employing
inverse distance weighting to create convolutional spatial, temporal and space-time layers using
the keras R package (Allaire and Chollet, 2015). These models were less accurate than a standard
feedforward neural network, and so we have reported the results of that network here. Training
each prediction model produces a prediction rule n(x, Dr), which is a function of Dp, the data on
which it was trained, and a vector of covariates, x, mapping them to a prediction for y | x, which

is often used as an estimator of F(y | x), the conditional expectation of y given x.

The models were tuned, selected, and evaluated using cross-validated estimators of root mean
square error (RMSE) and R?, which are both functions of the mean square error (MSE). The MSE
of a prediction rule n(x, Dr), where Dy is the data with which n was trained, may be estimated
using a test data set Dy, as

MSE(Dw,n(x, Dr)) = Z n(x;, Dr))?, (3.1)
Y jeDw

where n,, is the number of data points in Dy. If Dy and Dy are disjoint, (i.e., if  was not
trained using any part of Dy ), then this is an out-of-sample estimator of the MSE. RMSE may be
estimated by the square root of M SE, and R? is estimated by
MSE(Dw,n(x, Dr))
2

R*(Dw ., n(x,Dr)) =
O 10 D) =S e 01— )

: (3-2)

where g, = ngt > jeDw Yi 1 the mean outcome in Dyy. For ease of notation, the function argu-

ments for MSE, RMSE, and R? are hereafter suppressed.

Two different cross-validation (CV) strategies were employed for model evaluation: 10-fold
cross-validation and leave-one-location-out (LOLO) cross-validation. For 10-fold CV, the data
were randomly partitioned into 10 non-overlapping subsets, each containing one tenth of the data.
Each subset served as the test data for models trained on the other nine tenths of the data, resulting
in ten different pairs of training and test sets, with each observation appearing in one test set and
the nine training sets not paired with that test set. This yielded 10 estimates of MSE for each
model, which were averaged into an overall estimate of MSE, from which the 10-fold CV estimates

of RMSE and R? were computed.
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Ten-fold cross-validation is widely used for estimating prediction error; however, it is known
to be overly optimistic for dependent data (Roberts et al., 2017). Data recorded by air pollution
monitors are expected to exhibit spatial or space-time dependence. To more accurately estimate the
downscaling error associated with predicting ozone at an unobserved location, RMSE and R? were
estimated using LOLO CV, in which a model is trained on data from all but one location, and its
prediction error is computed for the observations at the withheld location. This process is repeated
with observations at each location serving as the withheld test set once, and the resulting errors are
averaged into the LOLO CV estimate of prediction error. Unlike 10-fold CV in which observations
are distributed among folds uniformly at random, LOLO CV ensures that no observations from the
test location may appear in the training data. This provides a realistic estimate of the downscaling
prediction error associated with predicting ozone observations at a new location within the same

region as the monitoring data.

Most predictive machine learning algorithms depend upon one or more parameters whose values
must be set prior to fitting the model. Algorithm performance can vary greatly depending on
these parameter values, and it is often desirable to select values that optimize some criteria in an
attempt to improve model performance. The process of choosing values for these parameters is often
referred to as tuning and the parameters themselves as tuning parameters (or hyperparameters).
In our analysis, most tuning parameter values were selected by comparing the performance of
candidate values on 25 bootstrap samples of the data using the caret R package (Kuhn et al.,
2018). Parameters for k-nearest neighbors and GAM were specifically tuned for LOLO CV in an
attempt to stabilize the LOLO CV prediction error, as these models made extremely poor LOLO
predictions using bootstrap-selected tuning parameter values. Appendix 3.A.3 in the supplemental
material details these tuning procedures and their results. Substantial effort was taken in selecting
the number of layers, nodes, activation functions and distance weighting functions for the neural
network. The most accurate model was a feedforward neural network with one hidden layer of
21 nodes using a rectified linear unit activation function without the inverse distance weighting

functions and convolutional layers employed in previously published models (Di et al., 2016, 2017).

To investigate the transferability of a model trained on data in one region to another, i.e., its
ability to extrapolate rather than downscale, the predictive performance of the two best models

trained on the 2008 northern California wildfire period—those two with the lowest LOLO CV
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Figure 3.2: 10-fold and leave-one-location-out cross-validated estimates of RMSE and R? for

downscaling ozone prediction models.

estimates of RMSE—was evaluated on data collected during a 2007 wildfire event in southern
California. The southern California data consisted of 5,978 daily 8-hour maximum ozone values

recorded at 72 monitors between September 1, 2007 and November 28, 2007.

3.3 Results and Discussion

Figure 3.2 graphically depicts the cross-validated estimates of RMSE and R? for each algorithm
using 10-fold CV and LOLO CV. In every case, the 10-fold CV RM SE was lower than the LOLO
CV RMSE, and the 10-fold CV R? was higher than the LOLO CV R2. Gradient boosting had
the lowest 10-fold CV RMSE (0.186 log ppm), lowest LOLO CV RMSE (0.228 log ppm), highest
10-fold CV R? (0.784), and highest LOLO CV R? (0.677). Random forest placed second in all four
categories. The table in Appendix B lists exact values for RMSE and R? for each model. These
results answer the two primary questions posed by this study, demonstrating that machine learning
methods can downscale ozone during a wildfire with reasonable accuracy and identifying gradient

boosting and random forest as performing particularly well.
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Figure 3.3: The leave-one-location-out (LOLO) cross-validated estimates of RMSE averaged
over the study period (May 6, 2008-September 26, 2008) are plotted at each monitor loca-
tion for gradient boosting (left) and random forest (right). These average prediction error
estimates were then smoothed throughout the study region using a two-dimensional spline-
on-sphere smoother to provide a visual estimate of how downscaling predictive performance

may vary across the spatial domain.
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The 10-fold CV estimates of RMSE and R? were optimistic compared to those of LOLO CV
for all ten models. This over optimism of 10-fold CV is intuitive, because of the strong dependence
between test and training observations from the same monitor location. The 10-fold CV estimators
are also unreliable for model selection. The ordering of model performance is not invariant to the
choice of evaluation criterion, which is demonstrated here by the evaluation of the neural network.
It is the worst performing model when evaluated by LOLO CV, but is sixth best according to 10-
fold CV. The ordering of GAM, MARS and k-nearest neighbors also differ, though the magnitude

of those differences is not as substantial.

The difference between the 10-fold and LOLO cross-validated estimates of performance was
smaller for relatively inflexible models like lasso, elastic net, and linear regression than for the other
models, whose greater flexibility enabled them to better exploit the more highly dependent folds of
10-fold CV. The large difference for k-nearest neighbor regression is due to the strong dependence
between observations recorded at the same monitor location. In 10-fold CV, the nearest neighbors
of an observation are very likely to be other observations taken at that location. In LOLO CV, no
observations taken at the test location appear in the training data. It is no surprise that this yields

substantially higher estimates of prediction error.

Figure 3.4 plots 10-fold and LOLO CV predictions against observed daily 8-hour maximum
average ozone for gradient boosting and random forest. The CV prediction for each point is the
predicted value when it appears in the test fold of the CV procedure. Points that fall on the grey
diagonal line are perfectly predicted. The tighter clustering of points around this line in the 10-fold
CV plots corresponds to the more accurate predictions made when test set monitor locations are

included in the training data.

The neural network performed less well than in previous applications for predicting ozone and
particulate matter over a spatial grid across the continental United States (Di et al., 2016, 2017).
The recent popularity of convolutional neural networks is largely due to their performance on
image-processing problems. Gridded spatial (or space-time) data bear a much greater resemblance
to image data than do the point process monitor data upon which they were evaluated here. It is
also possible that alternate specifications of the network architecture could improve performance,
but developing such a model goes well beyond the scope of this comparison, which is limited to

readily available algorithms that do not require substantial expertise in model specification or
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Figure 3.4: 10-fold and leave-one-location-out (LOLO) cross-validated gradient boosting and

random forest predictions plotted against observed daily 8-hour maximum average ozone on

the log scale.
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implementation. At least in this context neural networks do not succeed as an automatically
regularized statistical learning tool (i.e., as a black box), but their performance in other studies
suggests they may work well as a highly specialized tool designed using domain knowledge specific

to a particular application.

The magnitude of the difference between the LOLO and 10-fold CV estimates of prediction error
has meaningful consequences for estimating exposures for subsequent epidemiological analyses.
Downscaled exposure is often used as the covariate of interest in analyses seeking to infer the
health consequences of air pollution without accounting for prediction uncertainty. The more
realistic estimates of prediction error provided by LOLO CV offer better insight into whether it is
reasonable to ignore this uncertainty. This may motivate improvements to epidemiological models

to account for exposure measurement error.

The increased accuracy of LOLO CV comes at a computational cost. When the number of lo-
cations exceeds 10, LOLO CV is more computationally expensive than 10-fold CV. In this analysis,
there are 100 monitor locations and therefore 100 folds in LOLO CV, corresponding to approxi-
mately 10 times the computational burden of 10-fold CV. Grouping monitor locations into folds is
an appealing strategy to alleviate this burden (Zhan et al., 2018b), however, it estimates predic-
tion error over a different spatial resolution than LOLO CV, and will result in overly conservative

estimates.

The top two models, gradient boosting and random forest, are both ensembles of tree-based
models that provide very flexible mean structures. Their excellence suggests that the mean struc-
ture characterizing the relationship between covariates and ozone likely includes interactions, non-
linearities and possibly discontinuities. These results do not demonstrate that the underlying
chemical processes by which ozone forms are similarly complicated, but that seems likely. The
10-fold CV estimates of RMSE and R? were similar to, although slightly lower than, those reported
in a similar analysis of machine learning exposure models for PMs 5 during the same wildfire time
period (Reid et al., 2015). Tree-based ensembles were also the best performing models in that study,
suggesting that algorithms with flexible mean structures can produce useful exposure models for
ozone and PMs 5 during wildfire events. Traditional exposure models have focused on modeling the
dependence between observations, while employing a simple mean structure. The machine learning

models evaluated here assume independent observations, but offer much greater flexibility in mod-
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eling the mean. This approach is expected to provide more accurate predictions distant from the
observations on which the model was trained than methods that rely upon the dependence between
observations. Combining the flexible mean structure of tree-based ensembles with the dependence

structures of traditional spatial statistics models is a promising avenue for future work.

An interesting related analysis would be assessing the effect wildfires have on ozone formation.
Doing so would require additional numerical simulations from the WRF-Chem model that exclude
wildfire emissions from its inputs. With the data currently available to us, it is impossible to
disentangle the effect of wildfires from the other inputs of the WRF-Chem model. This inferential
problem is also quite different from the downscaling task which is the focus of this study and
may require an entirely different modeling approach. A model that provides excellent downscaling

predictions may not be useful for drawing scientific inference.

Another interesting question is whether ozone formation was NOx-limited or VOC-limited.
During a wildfire the chemical regime is primarily determined by the amount and conditions of
the wildfire fuel, leading to rapid changes in NOx and VOC sensitivity from day to day and even
within the course of a day. Understanding this would require a fully separate chemical analysis of
air quality conditions in northern California that is beyond both the scope of this paper and the
scope of our data, as we lack data on VOC concentrations. One previous study, however, examined
the changes that occurred in atmospheric chemistry when wildfire plumes interacted with urban

pollution during these fires (Singh et al., 2012).

We also lack information on chlorofluorocarbon (CFC) emissions, which break down ozone and
thus influence ozone concentrations. If data on these compounds were available during the study
period, we could include them as covariates in an attempt to improve predictions. The absence
of data on VOC and CFC emissions does not invalidate the downscaling enterprise. Downscaling
models are constructed to combine the available information, whether from observational processes
or complex computational models like WRF-Chem, into accurate predictions within a particular
domain. They are not scientific models and do not necessarily imply anything about the chemical
or physical mechanisms by which pollutants form and move. Using flexible models strictly for
downscaling also protects us from biases in the WRF-Chem output. We need not validate the
accuracy of the WRF-Chem simulations; we simply rely on the models to learn the relationship

between this output and observed ozone concentrations.
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Figure 3.5: Pairwise normalized gradient boosting and random forest variable importance
scores for models trained on the full data. The light grey line denotes equal importance in

the two models.

Figure 3.5 plots covariate importance scores for random forest and gradient boosting models
fit to the full data. Random forest variable importance was calculated as the mean decrease in
residual sum of squares resulting from splitting on that covariate averaged across all the trees of
the forest. Variable importance for gradient boosting was calculated by permuting that covariate’s
values and computing the average difference in MSE between predictions made with permuted and
un-permuted values (Breiman, 2001). The variable importance scores for the two models were
normalized to sum to one for ease of comparison. Most covariates are close to the grey diagonal,
which indicates equal importance in the two models. Longitude, WRF-Chem ozone and time
were the three most important covariates for both models. WRF-Chem is constructed to estimate
atmospheric ozone and so it is not surprising that it has a high importance score. Longitude, latitude
and time can proxy for unobserved factors, but also calibrate the effect of other covariates similar
to space- or time-varying coefficient models. This calibration may be especially important for the
numerical outputs of the WRF-Chem model. Longitude is likely particularly important because it
can be used to index many of the significant geographical features of northern California that run
approximately North-South, including the coast, San Joaquin Valley, coastal and Sierra Nevada

mountain ranges. These geographical features may be associated with important, unobserved
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Figure 3.6: The extrapolation error made by gradient boosting and random forest models
trained on the 2008 data and predicting ozone during the 2007 southern California fire.
The mean RMSE at each location is smoothed throughout the study region using a two-

dimensional spline-on-sphere smoother.

information that is not captured by the other covariates including VOC and CFC concentrations.

Neither model when trained on the northern California 2008 wildfire data accurately predicted
ozone exposure in southern California in 2007. The predictions from both models had negative
R2, indicating that their predictions were less accurate (i.e., had higher estimated MSE) than
the sample mean of the southern California ozone monitors, which by definition has an R? of 0.
In fairness to gradient boosting and random forest, in an out-of-domain prediction problem, the
sample mean is unknown, and therefore cannot be used as a prediction rule. When downscaling
gradient boosting and random forest models were fit to the 2007 southern California wildfire data,
they had LOLO CV errors comparable to the LOLO CV errors reported above. These models
accurately downscaled ozone observations during the southern California wildfire (just as they did
for the northern California data), but they did not extrapolate well outside of the domain in which

they were trained.

This is not surprising and illustrates the proper interpretation of our modeling efforts, which is
statistical downscaling (i.e., interpolating) within the observed space-time domain. The substan-
tial decrease in predictive accuracy between within-domain (i.e., downscaling) and out-of-domain

(i.e., extrapolating) predictive performance suggests that the relationships between covariates and
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ozone exposure differ in space and time and demonstrates the dangers of using a downscaling
model for extrapolation. Within the observed space-time domain, space and time can proxy for
unobserved spatially-indexed covariates in flexible models like gradient boosting and random for-
est, improving downscaling predictions, but impeding straightforward extrapolation to different
space-time domains where the relationship between these unmeasured covariates and space-time
may be different. One referee suggested that the difference in ozone precursors between regions,
specifically whether ozone formation is NOx-limited or VOC-limited, is likely one such unobserved,

spatially-indexed covariate hindering spatial extrapolation.

As a further check, we repeated this extrapolating procedure excluding latitude, longitude and
time from the covariates. The domains of the other covariates were comparable between the two
data sets, with the exception of a few low values for surface pressure in the southern California
data. Excluding spatial and temporal covariates improved predictive accuracy, reducing LOLO
CV RMSE from 0.587 to 0.499 for gradient boosting and 0.544 to 0.462 for random forest. As
expected, space-time covariates improve downscaling predictions but worsen extrapolating predic-
tions, because the unobserved information indexed by these covariates differs in other regions and

at different times.

The scale on which prediction is performed is also important and application specific. In this
analysis we performed prediction on the log scale to normalize the variance, but also because it
balances large and small errors allowing accurate predictions to be made at both large and small
concentrations. We believe this is a natural scale for the intended subsequent applications of our
predictions in epidemiological analyses of pollution health effects. Prediction on the untransformed,
original scale would more heavily weight predictions at high ozone concentrations. This may be
useful for some applications, but we prefer to balance predictive accuracy at low and high concen-

trations for our application.

The comparison performed here demonstrates that machine learning prediction algorithms,
especially ensembles of tree models like gradient boosting and random forest, can accurately down-
scale ozone concentrations during wildfire events. We believe they would downscale ozone similarly
well in the absence of wildfire events. The models we consider here, however, did not accurately
extrapolate beyond the space-time domain on which they were trained. This analysis also demon-

strates that the choice of evaluation metric is critical to understanding predictive performance.
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Metrics that ignore the dependent structure of the data, including k-fold CV, are overly optimistic
and unreliable for model selection. LOLO CV is a superior alternative that accounts of the spa-
tial dependence of the data in evaluating model predictive performance, resulting in more reliable

estimates of predictive performance.

3.A Appendix

3.A.1 WRF-Chem Simulation Inputs

The WRF-Chem model estimates concentrations of trace species in the atmosphere by simulating
meteorological conditions and chemical behavior of atmospheric gases and aerosols (Powers et al.,
2017; Pfister et al., 2011b). Simulations for this analysis were conducted with version 3.2 of the
WRF-Chem model using the RRTMG longwave and shortwave radiation scheme (Iacono et al.,
2008), Grell 3D Cumulus Parameterization (Grell and Dévényi, 2002), Bougeault and Lacarrere
(BouLac) TKE boundary layer scheme (Bougeault and Lacarrere, 1989), unified Noah land sur-
face model (Ek et al., 2003) and the Monin-Obukhov (Janjic Eta) Surface Layer scheme (Janji¢,
1996). Regional transport of airmasses from regions not included in the WRF-Chem domain were
accounted for by using output from the global Model for OZone And Related chemical Tracers
(MOZART)-4 chemical transport model for chemical and upon National Centers for Environmen-
tal Prediction (NCEP) Final Analysis (FNL) for meteorological spatial and temporal boundary
conditions (Pfister et al., 2011a). Other model inputs included a 2008 California anthropogenic
emissions inventory supplied by Jeremy Avise at the California Air Resources Board via private
correspondence in 2010 and also referenced in Pfister et al. (2011), online biogenic emissions using
the Model of Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther et al., 2006) and
fire emissions estimated by FINN v1.5 (Wiedinmyer et al., 2011).

3.A.2 CV Estimates of RMSE and R?

Table 3.2 reports LOLO CV and 10-fold CV estimates of RMSE and R? for each of the 10 models.
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Table 3.2: Comparison of downscaling ozone prediction models using 10-fold and leave-one-

location-out cross-validation for the 2008 California wildfire period (May 6-Sept 26, 2008).

LOLO 10-fold
. . LOLO 10-fold
Model CV RMSE CV RMSE . .
CV R* CV R?
(log ppb)  (log ppb)

Gradient Boosting 0.228 0.186 0.677  0.784
Random Forest 0.233 0.203 0.661  0.751
Support Vector Machines 0.243 0.216 0.632 0.714
Multivariate Adaptive Regression Splines 0.246 0.229 0.623  0.673
Generalized Additive Model 0.255 0.218 0.596  0.706
Lasso 0.260 0.250 0.581 0.612
Elastic Net 0.260 0.250 0.581  0.612
Linear Model 0.260 0.250 0.580  0.612
k-Nearest Neighbors 0.263 0.241 0.570  0.640
Neural Network 0.266 0.239 0.560  0.652
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3.A.3 Tuning Parameters

The tuning parameter value for k chosen by the default tuning procedure in the caret R package for
k-nearest neighbor regression provided very poor LOLO predictions. To find a value for k, which
denotes the number of neighboring observations averaged for prediction, that gave lower LOLO
estimates of prediction error, we evaluated the LOLO CV prediction error with %k set at every
integer from 1 to 50, selecting 19 as the best choice for k, as it corresponds to the lowest LOLO

CV RMSE. Figure 3.7 graphically depicts the results of this tuning procedure.
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Figure 3.7: LOLO CV RMSE for k-nearest neighbor regression models for values of k
ranging from 1 to 50. The model with £ = 19 was selected as best, because it had the lowest

LOLO CV RMSE.

Similarly for GAM, the default caret procedure provided very poor LOLO CV predictions,
motivating a similar tuning procedure for the basis dimension for the thin plate regression splines
which relate covariates to the outcome. This is argument k to the s() function of the R mgev
package. We evaluated the LOLO CV RMSE for the GAM model with basis dimensions ranging
from 3 to 15. Three is the smallest basis dimension allowed for a second-order penalty term, which
is the default for thin plate regression splines (Wood, 2003). A basis dimension of 3 resulted in the

lowest LOLO CV RM SE, and consequently we selected this as the value of the tuning parameter.
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CHAPTER 4

Treeging

Treeging combines the flexible mean structure of regression trees with the covariance-based pre-
diction strategy of kriging into the base learner of an ensemble prediction algorithm. In so doing,
it combines the strengths of the two primary types of spatial and space-time prediction models:
(1) models with flexible mean structures (often machine learning algorithms) that assume inde-
pendently distributed data, and (2) kriging or Gaussian Process (GP) prediction models with rich
covariance structures but simple mean structures. We investigate the predictive accuracy of treeg-
ing across a thorough and widely varied battery of spatial and space-time simulation scenarios,
comparing it to ordinary kriging, random forest and ensembles of ordinary kriging base learners.
Treeging performs well across the board, whereas kriging suffers when dependence is weak or in
the presence of spurious covariates, and random forest suffers when the covariates are less infor-
mative. Treeging also outperforms these competitors in predicting atmospheric pollutants (ozone
and PMs 5) in several case studies. We examine sensitivity to tuning parameters (number of base
learners and training data sampling proportion), finding they follow the familiar intuition of their
random forest counterparts. We include a discussion of scaleability, noting that any covariance ap-

proximation techniques that expedite kriging (GP) may be similarly applied to expedite treeging.

4.1 Introduction

Spatial or space-time prediction of a quantity based on observations of it at other locations or times
(or both) is a common problem in fields as diverse as environmental health, real estate and mining.
Formally, the problem is to predict the value of a random field Y (d) at a new spatial or space-time
location dy € D given n observations of the field at other locations, y(d) = [yi(d1), ..., yn(dn)],

where d is the spatial (D C R?) or space-time (D C 7R?) coordinates that index the field.
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Ancillary information in the form of covariates X(d) = [X;(d),..., Xp(d)] is generally available, in
which case the goal is to predict Y (dy) | X(do),z(d), where z(d) = {y(d),X(d)} is the observed
data. The conditional expectation E[Y (dy) | X(dp),z(d)] is the usual predictive target, because it
is the minimal mean squared error (MSE) prediction of Y (dp) | X(dp),z(d).

If we suppose Y (d) | X(d) is composed of a mean function f of the covariates at d plus an error

€(d) that is independent of X(d) and has expectation 0, i.e., E[e¢(d)] = 0, then
Y(d) | X(d) = f[X(d)] + (d). (4.1)

The second moment of ¢(d) encodes the spatial or space-time dependence between values of the
random field. In particular, let X[dy,ds] := Cov[e(dy), e(d2)], where ¥ is a positive semidefinite
function defining the covariance between €(d;) and €(dz) (and therefore between Y (d;) and Y (dz))
for any dy,ds € D. In this setting, the conditional predictive target is decomposed as the sum of

the mean function and the expected conditional error,
E[Y (do) | X(do),z(d)] = f[X(do)] + E[e(do) | z(d)]- (4.2)

It will be useful to characterize alternative prediction techniques based on the assumptions they

make regarding these two terms.

The dominant traditional approaches to spatial and space-time prediction, especially for inter-
polation, use simple mean structures to model f and rely primarily on exploiting the spatial or
space-time dependence of the random field for prediction. The mean function is usually assumed
to be linear in the covariates, i.e., f[X(dy)] = X(dp)'3, where 3 € RP. There is a rich literature
on covariance estimation in this context, ranging from simple parametric functions of the distance
between points (Cressie, 2015b; Gelfand et al., 2010) to sophisticated anisotropic functions (Pa-
ciorek and Schervish, 2006; Sang and Huang, 2012). Given an estimate of the covariance function,

Y, prediction proceeds by computing the best linear unbiased predictor (BLUP),

A

Y (do)[X(do), z(d) = X(do)'B + X03(d) [y (d) — X(a)B], (4.3)

where 3 := $(d, d) is the n x n estimated covariance matrix of the observed data, 3g := 3(do, d)
is the estimated covariance of the prediction location with the locations of the observed data, and

B =[X(d)S(d)"1X(d)] X (d)'S(d) y(d). This prediction procedure is widely known as kriging

after Danie Krige (Krige, 1951), the mining engineer who proposed it, and is a special case of the
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BLUP for generalized least squares (Goldberger, 1962). It is also the maximum a posteriori (MAP)
prediction of Y (dp) of a Bayesian Gaussian process (GP) model with an uninformative prior on 3
and an equivalent covariance structure. The common types of kriging in the literature (ordinary,
universal, with external drift, etc.) amount to differences in which if any covariates are included in
X(d). We remain general in notation but primarily ensivision a universal kriging model with the

coordinates and additional covariates in X(d) (Cressie, 2015a; Gelfand et al., 2010).

While the dependence structure in equation 4.3 is potentially very flexible, the mean structure
is quite rigid, and X (dg)’8 may be a very poor estimator of the true mean f[X(do)]. In particular,
assuming f is linear and additive in the covariates is dubious, and the lack of regularization promotes

overfitting.

In stark contrast stand a bevy of machine learning algorithms with flexible mean structures
that have become popular for spatial and space-time prediction (Watson et al., 2019; Xu et al.,
2018; Reid et al., 2015). These models estimate f with a flexible, possibly nonparametric f , but
usually assume that, observations of the random field are independent of each other conditional on
the covariates, i.e., that Var[e(d;), e(d2)] := 0 for d; # da. From this it immediately follows that the
expected conditional error in equation 4.2, Fle(dp) | z(d)] must be 0, an obviously false assumption
in many spatial or space-time contexts. So while f[X(dy)] may be flexible enough to approximate
f[X(dp)], it is a biased estimator of E[Y (dp) | X(dp),z(d)]. There are certain exceptions to this

characterization in the literature, and we defer a discussion of their merits to section 4.7.

The linear mean structure often assumed in kriging (and many other GP-based procedures) and
the working independence assumpion often made by machine learning tools are simply not realistic.
However, their complementary strengths suggest they might be combined into an algorithm with
flexible mean and covariance structures. We take precisely this approach, enriching regression trees
with a kriging covariance model, and then ensembling them into a new prediction algorithm which
we call treeging, a portmanteau of tree and kriging. Treeging is implemented in a freely available

R package at https://github.com/gregorywatson/treeging.

The remainder of this manuscript proceeds as follows. In the next section, we present the
treeging algorithm. In sections 4.3 and 4.4, we illustrate its use on spatial and space-time data
respectively, including extensive simulations and case studies. Section 4.5 investigates how perfor-

mance depenends upon tuning parameters, and section 4.6 discusses treeging in the context of large

60



data sets. Finally, we close with a discussion.

4.2 'Treeging

4.2.1 Mean Structure

We define treeging as an ensemble of base learners named treeges, which are regression trees enriched
with kriging. A regression tree is a heuristically defined model that recursively partitions the
covariate space according to the values of covariates, modeling the conditional expectation of Y (d)

given X(d) as .
E[Y (d)[X(d)] = f[X(d), 8] = Y _ fe[X(d), 0]1[X(d) € ], (4.4)
=1

where X7, ..., X partition the covariate space, and f;[X(d), 8] gives the conditional expectation
Y (d)|X(d) for observations with covariates that are in &, (the (-th leave). When a constant leaf
model is employed, i.e., when f,[X(d),8,] = 0y, the regression tree corresponds to a linear model
with an n x L design matrix X,(d) with a column for each leaf in the tree. The elements of each
row of X, (d) are 0 except for a 1 at the element corresponding to the leaf of the tree in which the
covariates associated with that row reside, i.e., [X;(d)];r = 1[X(d;) € Ay]. Substituting X, (d) for

X(d) in equation 4.3 provides an alternative BLUP,

Y (o)X (do), 2(d) = X+ (do)'B; + £03(d) " [y(d) — X+(d)B]. (4.5)

The superlative designation of the BLUP as best suggests uniqueness but obscures the fact that
the BLUP is specific to the choice of mean and covariance functions. Selecting an alternate mean

function in equation 4.5 thus provides an alternate BLUP.

Like regression trees, treeges exhibit low bias and high variance in their predictions on account of
their tendency to overfit. Random forest improves upon the predictive performance of a single tree
by combining many in an ensemble using bootstrap samples and random subsets of the covariates to
reduce the variance of the predictions (Breiman, 2001). Motivated by this straightforward yet highly
effective strategy, we ensembled treeges by training each one on a random subset of the training
data sampled without replacement, combining their predictions via a simple average. The size of
the subsample is a parameter that can be tuned, and by default we set to be m = round(0.632n),

because this is approximately the expected proportion of observations that appear in a bootstrap
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Table 4.1: True and estimated mean and dependence structures for spatial or space-time

prediction.
Mean Structure Dependence Term
Truth JX(do)] Ele(do) | 2(d)]

Kriging X (do)'B £0%(d)~y(d) — X(d)8]

1 Regression Tree X, (do)' B, 0
I Treege X, (do) B, 508 (d) ™ [y(d) — X, (d)3,]

Random Forest & sz1 x ) (dp)’ B(Tb) 0

Treeging 2300, XO (a8 LY, 508 (@) [y(d®) - X (d®) 8]

sample of size n (Efron and Tibshirani, 1997). We also mimic random forest in considering a subset

of the covariates at each split. The resulting treeging prediction for Y (dp) is

T - t
¥ (do) | X(do), 2(d) = 1 > {X@ (doy B + 55 (4) " [y(@®) - X1 (a®) BP]} . (46)

where t = 1, ..., T indexes treeges, and a superscript (¢) indicates the data subset, design matrix or

estimate for the t-th treege.

Table 4.1 lists the mean and dependence structures for kriging, random forest, a single treege
and treeging. The limitations of kriging and random forest are apparent as is the manner in which

they have been combined into treeging.

4.2.2 Covariance Estimation

Because a treege uses the same covariance structure as kriging, it accommodates any covariance
estimation procedure that works for kriging. This makes available the wide variety of covariance
structures developed for kriging, including procedures that iteratively estimate the mean and co-
variance, and importantly allows for the incorporation, of domain specific knowledge (Stein, 2005;
Lloyd, 2010; Boisvert et al., 2009). It is also possible to use different covariance function estimators

for different treeges within a treeging ensemble. The default covariance estimation strategy used
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for the results in this manuscript employs spherical covariance functions. Briefly, for each treege
we fit a spherical variogram function to the empirical variogram of the regression tree residuals to
estimate the parameters of a spherical covariance function. For space-time data, we fit separable
spherical covariance functions to the spatial and temporal distances. The details of these procedures
may be found in the appendix. One convenient feature of the spherical covariance function is that
covariance decreases to 0 at a finite distance unlike other common choices, such as the exponential

function. This can be exploited for computational expediency as we discuss in section 4.6.

4.2.3 Treeging Algorithm

Algorithm 1 describes the treeging algorithm in pseudocode for predicting a vector of outcomes,
y(do). For each of the T treeges, a random subsample of size round(np) of the observed data is used
to train a regression tree. Using an optimization procedure, the parameters of a spherical semi-
variogram, ¢ are fit to the residuals of the regression tree, eg) (d(t)), and their pairwise distances,
hij = Hdl(»t) - dg-t)H, for i,7 = {1,...,round(np)}. The estimated spherical parameters ¢*) provide
an estimate of the covariance function, . Using this covariance function and the regression tree

design matrix X® (d), the treege prediction can be computed according to equation 4.5. Averaging

the predictions of the T treeges yields the treeging prediction, y(dy).

4.3 Spatial Treeging

We investigated the suitability of treeging for spatial interpolation by comparing it to random
forest, kriging and a kriging ensemble in a series of simulations and two case studies. The kriging
ensemble is constructed using the same subsampling and ensembling procedures as treeging, but
with a linear mean structure for the base learners rather than the tree-based mean structure of
treeges. Kriging ensembles are not commonly used, however, we included it in the comparison to
discern the predictive gains or losses associated with treeging’s flexible mean structure from those

of ensembling.

We used R? as our primary measure of predictive accuracy, which is the ratio of the mean
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Algorithm 1 Treeging
1: procedure TREEGING(z(d), dy, Xo(do),p,T")

2: fort <+ 1to71 do

3: z (d") « A random subset of size round(np) from z(d)

4: {X(Tt)(d), ,B(Tt)} + Train a regression tree on z (d®)

5: e (d®) « y (a®) — X (a®)' g

6: v (h; ") + Fit spherical semi-variogram to el (d®) and pairwise distances
7: f]gj) — X (dl(-t), dg-t); go(t)) 1,7 =1,...,round(np)

8: iét) — X (do, d®: go(t))

6 FOde) XA + 5050 [y (@) — X (@) 8]

10: end for

1 y(do) « 73—, ¥(do)

12: end procedure

squared prediction error to the variance,

Sy — 0i)?
ST 47)

where 3 is the mean of y. This is often interpreted as the proportion of the variation in y explained

R2<yay) =1-

by predicted values y, but the R? can be negative if it is a worse predictor than ¢, which is quite
possible in out-of-sample prediction in which case the sample mean is unknown. In the simulation
setting, the true R? can be computed. In the case studies, we estimate the R? using 10-fold

cross-validation (CV), denoting the estimate as R%v

4.3.1 Spatial Simulation Study

We simulated 1,029 spatial random fields across a variety of covariate effect sizes and levels of spatial
dependence. In each case, the field was generated from a Gaussian process with a mean function
depending on 3 covariates, one with a linear effect, one a threshold effect, and one a sigmoidal effect
to mimic what is often encountered in environmental pollution studies. The mean function was
scaled up or down using an effect size multiplier to elucidate the relationship between predictive

performance and covariate effect size. The appendix provides the mean function and simulation
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parameters. We randomly selected 100 locations in a spatial domain as the observed data on which
to train the models, and assessed their predictive accuracy over a 21 x 21 grid of points across
the spatial field under 4 different covariate scenarios: (i) the 3 informative covariates, (ii) the
3 informative covariates plus 17 spurious covariates, (iii) 2 of the 3 informative covariates selected
at random, and (iv) 2 of the 3 informative covariates plus the 17 spurious covariates. In addition,
the spatial coordinates were included as covariates in all cases. These 4 scenarios were constructed
to reflect some of the common challenges encountered in spatially dependent data. Often there are
potentially informative ancillary data, but which covariates are informative is unknown a priori,

and not all relevant covariates may be available.

Figure 4.1A depicts the predictive R? for each model under each covariate scenario as a function
of the spatial dependence, which is assessed as the mean correlation between the prediction loca-
tions and the five nearest training data points. The results are smoothed using a LOWESS curve to
facilitate comparison. Not surprisingly, there is a general increasing trend in R? as spatial depen-
dence increases for all models across every scenario, as increased spatial dependence corresponds to
additional information with which to predict Y (d) over the unobserved grid. This increase is less
pronounced for random forest, which ignores dependence, although it is able to make some gains,

because the spatial coordinates are included as covariates.

The kriging ensemble is the best performing model when trained on all three informative
coviarates without any spurious covariates (scenario i), with treeging second best until it is over-
taken by kriging at high levels of dependence. In the presence of spurious coviarates (scenario ii),
treeging is the best model with the kriging ensemble performing comparably at high levels of de-
pendence. In scenarios iii and iv, kriging and the kriging ensemble perform very poorly. Across all
four scenarios, random forest performs respectably, but treeging outpferforms it across the board
with a small margin between them at low spatial correlation that increases as dependence gets

stronger.

Figure 4.1B plots the marginal effect size multiplier against R? for the same set of simulations.
Across all four covariate scenarios there is again a consistent relationship between treeging and
random forest. When the effect size multiplier is 0, the covariate effects are 0 and random forest
performs poorly. Treeging performs noticeably better, although it is also not particularly accurate.

As covariate effect strengths increase, the R? for both treeging and random forest increases rapidly
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Figure 4.1: Spatial Simulation Model Comparison: Predictive accuracy (R?) as a function of
(A.) spatial dependence, (B.) covariate effect size, and (C.) both. In (C.) the color of each
dot depicts the highest R? model for the simulation at that combination of the effect size

multiplier and mean correlation.
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with random forest gradually closing the gap between them. Kriging and ensembled kriging perform
fairly well when trained on all the informative covariates (scenarios i and ii) with the ensemble
generally superior. At 0 effect size they have higher R? than treeging and random forest, but are
overtaken as effect size increases. In scenarios iii and iv, however, they perform very poorly with
R? decreasing as covariate effect size increases. Despite this additional predictive information, the

mean structure of kriging is apparently too rigid when an informative covariate is withheld.

Figure 4.1C plots effect size against mean correlation with the color of each dot depicting the
best (i.e., highest R?) model for that simulation. At low effect sizes (the left edge), kriging and
ensembled kriging are generally best except when there is very little or no spatial dependence.
When there is low dependence (the bottom edge), random forest and treeging are best. With the
exception of scenario i, when there is substantial spatial dependence and effect size, treeging tends

to be best.

4.3.2 Spatial Case Studies

We compared the predictive accuracy of the same set of models on daily 8-hour maximum average
ozone and 24-hour average fine particulate matter (PMs 5) concentrations during wildfires in Cali-
fornia in 2008 (Watson et al., 2019). Data were collected from 100 ozone and 45 PMjy.5 monitors
over 118 and 120 days respectively. In addition to these data, 15 covariates including atmospheric
weather data, land use information and chemical transport model predictions were collected along
with the spatial coordinates. These covariates and their sources are listed in the appendix. To
compare their accuracy at strictly spatial interpolation, we considered each day of the data as a
distinct data set and estimated predictive accuracy using 10-fold CV, taking the average of each
day’s 10 folds as the estimated R%V for that day. In Section 4.4.2 we evaluate interpolation on
the entire data set in our discussion of space-time treeging, which is a more realistic approach to

interpolation on these data.

Figure 4.2 depicts the average R%V on each day for each of the models on PMs 5 and ozone
as box and whisker plots. For both pollutants, treeging was the most accurate model (ozone
}AR%V: 0.62, PMsy 5 Rzov: 0.58), performing slightly better than random forest (ozone R?)V: 0.61,
PMsy 5 RZCV: 0.56). For ozone, the kriging models are somewhat less accurate on average (kriging

R%V: 0.43, ensemble }?20‘/: 0.48), and worryingly have substantially higher variance. For PMy s,
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Spatial Case Study: Ozone Spatial Case Study: PM 2.5
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Figure 4.2: Spatial Case Studies Model Comparison: 10-fold CV estimates of R? were pro-
duced for each day, treating each day as an independent spatial data set. The resulting
distribution of estimates is summarized for each model as a boxplot, with the darkened

central line indicating the median }?%V across all days for that model.

this variation is even greater, and the CV }A%%V is also much lower (kriging R%V: 0.00, ensemble
RZCV: -0.24). These results suggest that kriging models may be less stable than models with built-in

feature selection like treeging and random forest.

4.4 Space-Time Treeging

Space-time treeging considers prediction of a random field Y (d) indexed over a 3-dimensional space-
time domain, D C R3. In the context of space-time data, multiple types of prediction are possi-
ble (Watson et al., 2020b). We consider here the suitability of treeging for space-time interpolation,
a common type of space-time prediction in which repeated measurements are taken at a set of lo-
cations and the predictive goal is to predict the entire time series at new spatial locations. This
specific predictive target is motivated by typical applications in environmental pollution studies,
which require the estimation of pollutant concentration as a potential source of exposure at unob-

served spatial locations (Watson et al., 2020b).

68



4.4.1 Space-Time Simulation Study

We conducted a second battery of simulations to investigate the predictive accuracy of space-time
treeging. The random field Y (d) was sampled as a Guassian process over a time series of length
30 at each of 40 training locations and an 11 x 11 grid of test locations. The spatial dependence,
temporal dependence and covariate effect sizes were varied to investigate their impact on predictive
accuracy. The precise details and the functional forms of the covariates may be found in the
appendix. Similarly to the spatial simulation study described above, we considered four covariate

scenarios.

Figure 4.3 shows the results of the simulation study. Figure 4.3A depicts predictive R? as
a function of the mean correlation between test points and the five training points with which
they are most highly correlated. The functional relationship between mean correlation and R? is
estimated using a LOWESS curve for each of the four models. In all four of the covariate scenarios,
treeging (blue) and random forest (green) have nearly identical R? when the mean correlation
is 0, i.e., when there is no dependence, which is the left hand extreme of the plots. As the mean
correlation increases, the R? for random forest increases slightly, while that of treeging improves
more rapidly, resulting in increasing divergence between these two curves. Treeging better exploits
the additional information in the increasing dependence between training and test points, because it
expliticly models this dependence, while random forest assumes there is none. Kriging (orange) and
ensembled kriging (red) also improve as the mean correlation increases, since they too model the
space-time dependence. Kriging is consistently below the kriging ensemble, which is not surprising
given the well known improvements in predictive accuracy associated with ensembling base learners.
As the dependence increases, the kriging ensemble overtakes random forest in each of the covariate
scenarios around a mean correlation of 0.2. At sufficiently high dependence in the spurious covariate

scenarios (ii and iv), its performance is comparable to treeging.

Figure 4.3B depicts predictive R? as a function of covariate effect size for the same set of
simulations. Again kriging lags the kriging ensemble by a consistent amount. When the effect
size multiplier is 0, the covariates have no effect on the outcome, aside from possible marginal
associations with space or time resulting from the space-time dependence, random forest has the
worst R? in all four scenarios, because it relies exclusively on the relationship between the covariates

and the outcome. Not surprisingly it is at this extreme that treeging excels random forest by the
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Figure 4.3: Space-Time Simulation Model Comparison: Predictive accuracy (R?) as a func-
tion of (A.) spatial dependence, (B.) covariate effect size, and (C.) both. In (C.) the color of
each dot depicts the highest R? model for the simulation at that combination of the effect

size multiplier and mean correlation.
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largest margin. It is also at this extreme that the kriging models tend to predict better than
treeging. It would seem that treeging’s flexible mean structure hurts its accuracy in the absence
of informative covariates, likely on account of the greater potential for overfitting. As the effect
size multiplier increases, the covariates exert a stronger effect, treeging and random forest surpass
the kriging models on the strength of their flexible mean structures, and random forest gradually
closes the gap with treeging as the information in the covariates dominates that of the space-time

dependence.

Figure 4.3C combines the marginal plots of figures 4.3A and 4.3B, plotting effect size against
mean correlation with each simulation as a single dot. The color of the dot indicates which of
the four models had the highest R? for that simulation. While this depiction ignores the margin
of victory by which a model is best, it nonetheless offers a useful graphical summary of model
performance. In all four covariate scenarios, the kriging models tend to perform best at very low
effect sizes (the left edge of the plots). Random forest, and to a lesser extent, treeging tend to be
best at very low mean correlation (the bottom edge of the plots). In between, treeging tends to
dominate across a wide swath of the plots. This nicely illustrates the benefits of treeging—while it
may not be the best model in all cases, it is the generally the best when both the mean structure

and dependence structures are informative and competitive when only one is.

4.4.2 Space-Time Case Studies

We evaluated the space-time predictive performance of treeging using the same PMs 5 and ozone
data used in section 4.3.2 for spatial case studies. To provide insight into the potential impact of
time series length, we estimated predictive accuracy on increasingly long subsets of the data from
one to eight weeks. We used 10-fold location-based CV to estimate predictive accuracy in which
the monitor locations were partitioned into 10 folds, so that all observations taken at a particular
spatial location fall in the same fold. This is critical to avoid overly optimistic estimates of spatial

interpolation prediction error (Watson et al., 2020b).

Figure 4.4 graphically depicts the R%V case study results. For both PMy 5 and ozone, treeging
is the best performing model, followed by random forest then ensembled kriging and lastly kriging.
For PMy 5, the difference in R%V between treeging and random forest is very slight. For ozone,

however, treeging does provide a substantial improvement over random forest. This suggests that
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Figure 4.4: Space-Time Case Studies Model Comparison.

the covariates may be more informative for interpolating PMjy 5, similar to simulation scenario iii,
while there may be informative covariates for ozone that are not contained in this data, as in

simulation scenario iv.

The chv for kriging and to a lesser extent ensembled kriging are both lower and more highly
variable than treeging and random forest in figure 4.4. The accuracy of kriging could potentially be
improved with the use of a more sophisticated covariance estimation procedure. This may benefit
kriging relative to random forest, but a more accurate covariance model would also benefit treeging,
which can use any covariance structure that kriging can. The greater variability of kriging estimates
reflects the potential for overfitting with a rigid mean structure that lacks a mechanism for feature
selection. This is mitigated to some extent by the model averaging in the ensemble, but there is

still greater variability than the tree-based ensembles.

4.5 Parameter Tuning

The two primary tunable parameters of treeging are the number of treeges and the subsample
proportion. Figures 4.5 and 4.6 depict predictive R? (simulation) or ]:Z%V (case studies) for a

variety of values of these parameters. In all cases, there is a substantial improvement in predictive
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Figure 4.6: Tuning the Subsample Proportion

accuracy from 1 to 5 treeges, after which it generally increases until leveling off at 50 treeges. In
some cases there may be evidence of subsequent improvement, but based on these results we set
50 as the default number of treeges. There is, of course, no guarantee this choice will be optimal
for a particular problem. Computing time increases with the number of treeges, which may be an

important consideration in the context of medium or large data.

Similarly, predictive accuracy increases initially with subsample proportion p and levels off.
In both the spatial and space-time case studies, it seems to level off at a higher proportion for
PMs 5 than for ozone. In the spatial simulations there may be some evidence of an interesting
divergence between scenarios in which all the informative covariates are observed (i and ii) and
those in which an informative covariate is withheld (iii and iv). There appears to be a decrease
in predictive accuracy for iii and iv for p > 0.75, whereas accuracy continues to increase for i
and ii. It may be that higher subsample proportions can exacerbate the effects of overfitting when

the covariates are misspecified. These results reinforce our default choice of p = 0.632, motivated
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by 0.632 being the expected proportion of the observations that appear in a bootstrap sample.
There is a computational discount on the order of p3, which again may be relevant for medium or

large data.

4.6 Large Data Set Approximations

Treeging is computationally intensive. However, it is feasible whenever kriging is. The compu-
tational complexity of kriging is o(n?®), making each treege approximately o(p®n3) and a naive,
sequential implementation of treeging o(Tp3n?), where p is the subsample proportion and T is the
number of treeges in the ensemble. Considerable gains can be made by parallelization, since treeges

are fit independently.

Additional gains can be made by exploiting sparsity in X, (d) and spherical covariance matrices.
The treege design matrix X, (d) has one nonzero element per row, a 1 at the column corresponding
to the leaf in which the covariates associated with that row reside. Consequently, only only L
of its nL entries are nonzero, where L is the number of leaves in the treege. The estimated
covariance matrix ¥ also tends to be sparse when a spherical covariance model is used, because
the spherical covariance function decreases to 0 at a finite distance. Multiplying sparse matrices
is generally substantially faster than dense matrices. The treeging R package uses the sparse
matrix multiplication routines of the Basic Linear Algebra Subprograms (BLAS) via the Recpp
package (Dongarra, 2002; Eddelbuettel et al., 2011).

Treeging can also take advantage of strategies that have been developed to improve the scaleabil-
ity of kriging or Bayesian Gaussian process regression, such as Nearest-Neighbor Gaussian Pro-

cesses (Datta et al., 2016).

4.7 Discussion

Treeging is an effective, new tool for spatial and space-time prediction. By enriching the flexible
mean structure of regression tree base learners with the covariance structures of Gaussian process
prediction and ensembling them, it combines the strengths of the two major classes of space-time

prediction algorithms. While it is not the optimal model in all scenarios, it is clearly the best
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performing overall, whereas kriging suffers when dependence is weak or the mean structure is

misspecified and random forest suffers when the covariates are uninformative.

Treeging offers clear advantages over alternatives that often rely on assumptions of smoothness
and structural encoding of covariate effects (Berrocal et al., 2010; Szpiro et al., 2010). These do not
offer the black box benefits of ensembling strategies that automatically learn regression surfaces,
requiring subject level knowledge on the number of basis functions and how to encode covariates.
The generative adversarial networks that have recently been applied to spatial interpolation prob-
lems (Zhu et al., 2020; Manepalli et al., 2020; Watson et al., 2020a; Gao et al., 2020) similarly require
some level of subject knowledge, with expected performance of deep learning networks depending

on a large number of tuning structures.

Treed Gaussian processes (TGP) (Gramacy and Lee, 2008) and RF-GLS (Saha et al., 2021)
are the most closely related approach to treeging in the literature. TGP is a Bayesian regression
tree with a GP at each leaf. This provides a very flexible probability model, but practically does
not scale even to small air pollution space-time data sets like the approximately 13,000 observation
ozone case study considered here, and convergence of MCMC over the space of regression trees
remains challenging. It is likely and the goal of future work to show that treeging approximates
the MAP (maximum a posteriori) under a particular, restrictive version of TGP. Work on RF-GLS

explores some of the theoretical considerations related to treeging.

A number of extensions and improvements to treeging present themselves as useful avenues for
future work. Naive ensembling could be extended to include a formalized notion of additivity and
a formal optimization strategy, motivated by the well-known successes of boosting including on
space-time air pollution problems (Watson et al., 2019; Reid et al., 2015). Localized subsampling
may provide a useful alternative for treege construction, pariticularly in the precense of training
data sampling bias. Random forest variable importance metrics may provide insight into the
contribution of particular covariates within a treeging ensemble. One could also explore bootstrap
strategies for uncertainty quantification and possibly investigate the role of out-of-bag (OOB) error
as estimator of interpolation error. Some work in IID cases has been published making use of the
OOB error for random forest uncertainty quantification (Zhang et al., 2019). Finally, one could

consider different flexible models for the mean structure.
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4.A Appendix

4.A.1 Spatial Simulations

The three informative and 17 spurious spatial simulation covariates were sampled from a Gaussian
process with mean 0 and an independent covariance function. The spatial field, Y (d), was sampled

from a GP with a mean function py (d) depending on three covariates:
py (d) = 1% {X1(d) + 1[Xa(d) > 0] — 1[X2(d) < 0] + 3[1 + exp(—2X3(d) + 3)] '}, (4.8)

where a is the covariate effect size multiplier that scales up or down the strength of the covariate
effects. An isotropic exponential covariance function was employed, ¥(dy, d2) = exp(—||d; — da||/v),
where v is a parameter determines the strength of spatial dependence for points on the random

field that are a distance of ||d; — da| apart.

The values of 1 and v were varied to investigate model performance under a variety of circum-
stances. The values of the effect size multipler, n, were {0,0.1,0.2...,2}, and v varied from zero to
1.25, taking the following values, {0, 0.05, 0.1, 0.125, 0.15, 0.175, 0.2, 0.225, 0.25, 0.275, 0.3, 0.325,
0.35, 0.375, 0.4, 0.425, 0.45, 0.475, 0.5, 0.525, 0.55, 0.575, 0.6, 0.625, 0.65, 0.675, 0.7, 0.725, 0.75,
0.775, 0.8, 0.825, 0.85, 0.875, 0.9, 0.925, 0.95, 0.975, 1, 1.025, 1.05, 1.075, 1.1, 1.125, 1.15, 1.175,
1.2, 1.225, 1.25}.

The unobserved grid of spatial locations at which Y (d) was simulated was the cartesian product
of 21 evenly spaced points begining at 0 and ending at 10. The observed data were simulated at

100 locations randomly selected with uniform probability {(s1,s2) : s1,s2 € (0,10)}.
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4.A.2 Case Study Covariates

Covariate

Data Source

Monitor Latitude

Monitor Longitude

Date!

Elevation (m)

Boundary Layer Height (m)

Surface Pressure (Pa)

Relative Humidity (%)

Temperature at 2 m (°K)
U-Component of Wind Speed (m/s)
V-Component of Wind Speed (m/s)
Inverse Distance to Nearest Wildfire (m~1)2
Annual Average Traffic within 1 km
Agricultural Land Use within 1 km (%)
Urban Land Use within 1 km (%)
Vegetation Land Use within 1 km (%)
Normalized Difference Vegetation Index
Nitrogen Dioxide (log molecules/cm?)

WRF-Chem PMg 5 (log kg/day))?

WRF-Chem Ozone (log 8 Hour Maximum)*)

U. S. Environmental Protection Agency
U. S. Environmental Protection Agency
U. S. Environmental Protection Agency
National Digital Elevation Model
Rapid Update Cycle

Rapid Update Cycle

Rapid Update Cycle

Rapid Update Cycle

Rapid Update Cycle

Rapid Update Cycle

Fire Inventory from NCAR v1.5
Dynamap 2000, TeleAtlas

2006 National Land Cover Database
2006 National Land Cover Database
2006 National Land Cover Database
Landsat Data

Ozone Monitoring Instrument Satellite
WRF-Chem

WRF-Chem

I Date was included for space-time simulations only.

2 Proximity to wildfires was incorporated as inverse distance to the nearest wildfire. See Watson

et al. (2019) for details.

3 Only included as covariate for PMjy 5 case studies.

4 Only included as covariate for ozone case studies.
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4.A.3 Spherical Covariance Estimation

The default covariance estimation procedure for treeging fits a spherical variogram to the empirical
variogram of the spatial or temporal residuals. For space-time treeging, we assume separability and
separately fit spatial and temporal spherical covariances, multiplying them together to estimate the
space-time covariance. The residuals are the difference between the fitted and observed training

outcomes, i.e.,
e(d) = y(d) —y(d), (4.9)

where y(d) = T(X(d), ) for treeging and y(d) = X(d)3 for kriging. The empirical variogram is

k) = g S () =yl (110)
|di—d;]<o
and the spherical variogram is
0 h=0
v(h, 7, s,a) = a—l—(s—a)(%—%) O<h<r (4.11)
s h>r,
and spherical covariance function is
s h=0
C(h,r,s,a) = (s—a)( —%—I—%) O<h<r (4.12)
0 h>r.

4.A.4 Space-Time Simulations

Covariates for the space-time simulations were generated from a Gaussian process (GP) with mean 0
and a separable covariance function Y x (d) = X x(s)Xx(t), where d = (s,t). Exponential covariance
functions with randomly selected range parameters were used for ¥ x(s) and X x(¢). The random

field mean py [X(d)] was a nonlinear function of the first 3 covariates,

iy [X(d)] = n{3X1(d) + 3[Xa(d) < 0.1] — 3[Xa(d) > 0.1] + 2{1 + exp~2X5(d)]} " + Xi(d)Xj(d)},
(4.13)
where 7 is the covariate effect size multiplier that can be scaled up or down to simulate stronger

or weaker covariate effects, and ¢ and j are 2 of the 3 informative covariates selected at random.
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Values of the effect size multiplier n were {0,0.2,0.4,...,2}. The additional covariates were included

as spurious covariates in scenarios B and D to assess the robustness of prediction models.

A separable covariance function was used for Y (d) with independent exponential spatial and
temporal covariance functions. The ranges were varied across the following ranges to investigate
the effects of varying levels of spatial and temporal dependence. Values for the spatial covariance
range were 2 — y/u for v € {0,0.25,0.5,...,4}. Values for the temporal covariance range were
{0,25.,5,7.5,10}.

The unobserved grid of spatial locations at which Y (d) was simulated was the cartesian product
of 11 evenly spaced points begining at 0 and ending at 10. The observed data were simulated at
40 spatial locations randomly selected with uniform probability {(s1,s2) : s1,s2 € (0,10)}. Both

the observed and unobserved data were simulated over 30 consecutive timepoints, yielding a total

of 1,200 observed data points and 3,630.
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CHAPTER 5

Discussion

Model determination, prediction and statistical learning in the context of space-time data can be
challenging. Predictive goals should be clearly articulated so that appropriate evaluation metrics
may be selected for model training, tuning and evaluation. This dissertation presents a framework
for model evaluation and prediction error estimation for the spatial interpolation of space-time data

and proposes a new prediction algorithm.

Chapter two formalized the prediction error associated with spatial interpolation of space-time
data and investigated cross-validation (CV) procedures to elucidate the estimands they target.
Random forest, kriging and a simple linear model were used as diverse, representative models for
illustrating evaluation metric performance. Consistent with recent best practices, the simulation
study indicated that the naive application of model evaluation metrics developed for independent
data is overly optimistic while location-based CV procedures are appropriate for estimating spatial
interpolation error. The standard intuition regarding the bias-variance trade-off of CV fold size
does not extend trivially to space-time data, making leave-one-location-out (LOLO) CV the rec-
ommended metric, although 10-fold location-based CV is an acceptable substitute when LOLO CV
is too computationally burdensome. This determination is made empirically, as theoretical guaran-
tees for CV procedures are difficult to establish even in the case of independent data, which admits
to replication. There may be room for future work in this direction, although it is not immediately

obvious how one might proceed.

Using this model evaluation framework, chapter three assessed the predictive performance of
ten machine learning algorithms for spatially interpolating ozone data during a major wildfire
event. The earlier version of the work in this chapter published in Environmental Pollution was
the first such analysis of ozone concentrations during a wildfire event using machine learning al-

gorithms (Watson et al., 2019). In this comparison, models with flexible mean structures tended
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to perform better than those with rigid means. Gradient boosting and random forest had the
lowest LOLO-CV estimates of prediction error, suggesting that ensembled tree-based models work
particularly well. This is not altogether surprising, as these models are known to perform well in a
variety of settings. Their ability to automatically accommodate interactions, nonlinear effects and

spurious covariates seems relevant for predicting atmospheric phenomena like air pollution.

Consistent with the findings of chapter two, naive 10-fold CV provided unreliable estimates
of prediction error and a different ranking of model performance. Its over optimism was more
pronounced for more flexible models apparently on account of the ability of these models to exploit
the additional information on the prediction case present in the naive CV folds. The difference in

model ranking indicates that naive CV is also unreliable for selecting, tuning or averaging models.

The spatial interpolation provided by the gradient boosting model tested on this data was used
in two subsequent epidemiological analyses of the health consequences of air pollution exposure
during the wildfire event. The first of these found that ozone concentration was associated with
increased asthma emergency department visits (Reid et al., 2019). The second of these studies
is forthcoming and has identified differential impacts of ozone and PMsy 5 by race/ethnicity and
socioeconomic status. These findings are of increasing significance as wildfire severity and frequency

increase.

Chapter four introduced treeging, a new machine learning algorithm for space-time predic-
tion that enriches regression trees with a kriging covariance structure to form the base learner of
an ensemble tool. This approach was motivated by the differing strengths of traditional models,
which focus on space-time dependence, and machine learning algorithms, which offer flexible mean
structures. The choice of a tree-based ensemble for the mean function was suggested by the excel-
lent performance of random forest and boosting in chapter two and other analyses. In extensive
spatial and space-time simulation studies that included four different covariate scenarios, treeg-
ing performed well. While kriging tends to perform poorly in the presence of spurious covariates,
non-linear effects or non-additive mean structures, and machine learning tools like random forest
suffering when the covariates are not informative, treeging performs well across the board and in
many case was the best (lowest MSE) model. It also performed well in spatial and space-time case

studies using the ozone and PM, 5 wildfire data.

A number of possible extensions and promising avenues for future work suggest themselves.
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Formalizing prediction error estimands for other types of space-time prediction including forecasting
and spatial extrapolation and investigating the appropriateness of potential estimators will likely

prove useful as it has for spatial interpolation.

Incorporating the location-based resampling strategies explored here into model tuning and
averaging could provide improved predictive performance. For example, procedures like random
forest that use bagging to construct dissimilar base learners for the purposes of reducing the variance
of an ensembled prediction could use location in selecting bootstrap samples. Similarly, location-
based CV estimators of prediction error will provide more reliable weights for combining prediction

models than naive estimators.

The use of spatially interpolated predictions in two-step epidemiological analyses of the health
effects of air pollution suggests there may be utility in a combined, one-step procedure. Predicting
air pollution as a first step and then using it as a covariate in a subsequent regression model ignores
the uncertainty in the prediction model. Combining the procedure into a single analysis may allow
for better propagation of uncertainty, but also increases the complexity of the problem and precludes
multiple secondary analyses from a single set of interpolating predictions. An alternative could be
to incorporate prediction uncertainty into the secondary regression model using techniques for

addressing measurement error.

There are a number of potential directions for future work involving treeging. Assessing whether
variable importance metrics and uncertainty quantification approaches developed for random forest
translate to treeging may be useful. More sophisticated approaches to model averaging such as
developing a formal optimization strategy or introducing localized sampling as an alternative to
naive subsampling. Establishing the precise connection with treed Gaussian processes would be
interesting. In addition, a number of computational improvements may be possible to improve its

computational efficiency and thereby increase the size of the data sets on which it may be used.
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