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Abstract

Estimating global policy impacts in unprecedented contexts with interdisciplinary
econometric approaches

by
Ian Bolliger
Doctor of Philosophy in Energy and Resources
University of California, Berkeley

Professor Solomon Hsiang, Chair

Global policy challenges, such as addressing climate change and improving global health,
require coordinated international efforts. Enacting such policies is often hampered by diffi-
culties in quantifying the public benefit brought about by action. Without this information,
policy decisions may focus primarily on the costs of action and thus disproportionately harm
the groups for which inaction enacts the most damage. While classical econometric ap-
proaches are designed to identify policy impacts, they fall short when globally representative
data is missing or when present or future contexts have no clear historical precedent. In
these situations, new approaches are needed to incorporate evolving global data sources,
such as satellite imagery, and process-based understanding from relevant fields, such as cli-
mate science or epidemiology. This dissertation leverages recent computational advances
to develop and apply scalable tools for incorporating these data and models into policy im-
pact estimation. Specifically, the first chapter describes a novel method for quickly extracting
socio-environmental measurements using satellite imagery and machine learning. The second
and third chapters describe applications of interdisciplinary methods to (a) project climate-
driven changes to hurricane damages and (b) estimate the effect of COVID-19 policies on
the pandemic’s spread. In general, the findings suggest that the previously unmeasured
benefits of global action in these contexts are substantial, and they demonstrate how such
interdisciplinary approaches can better inform policy-making for complex global challenges.
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Chapter 1

Introduction

Addressing global problems, from climate change to poverty to international conflict, often
requires coordinated policy and action across a large number of stakeholders. Numerous
challenges hinder our ability to cooperate in solving such problems, including political and
ideological differences and competing incentives. Often, these challenges are made particu-
larly difficult by a lack of clear data on the effects that proposed action would bring. This
ambiguity can facilitiate status quo behavior because groups may argue that the “costs out-
weight the benefits”. For example, addressing climate change necessitates investment in
clean technologies in addition to large-scale structural change (UNEP 2019). Those who
stand to lose from such changes may argue that their costs are larger than those of climate
change itself.

The lack of quantitative information on the impacts of policy action can present a par-
ticular challenge to marginalized groups. By definition, the incentives of those who possess
power in the current environment are likely to motivate maintenance of this status quo, even
when implementing change would improve global welfare. Communities without power will
thus be disproportionately harmed by the choice of inaction; however, without evidence to
quantify this harm, it can be difficult to overcome the inertia of the status quo. In no way
will an analysis of policy impact alone eliminate this canonical power dynamic. However, by
providing tools with which to directly compare the state of the world in the presence and ab-
sence of policy, it can provide evidence to support efficient and effective action. In turn, this
quantitative evidence can help overcome personal and political incentives that drive inaction.
The metrics used in such impact analyses must themselves be appropriate for the decision
at hand. However, if these metrics fully account for the welfare of marginalized groups, it
can lend voice to communities whose needs are often underrepresented in policy-making.

Econometrics and causal statistics comprise a broad set of tools often employed to pro-
vide insight in these situations. By comparing current contexts to similar situations in the
historical record, we can develop estimates of what a counterfactual world would look like
were some action to be taken. This can help quantify the impacts of that policy with respect
to metrics of societal welfare and has been employed in countless prospective and retrospec-
tive “impact analyses”. These approaches rely on the ability to construct some comparable
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scenario in the historical record in which we can observe how the outcomes we care about
differ across some dimension that could be affected by action. However, we increasingly deal
with problems for which such analogs are not easily identified in traditional data sources.

This dissertation develops and applies interdisciplinary methods that enable the appli-
cation of econometric approaches in these “low-data” contexts. My goal with this work is
twofold. The first is the desire to provide actionable information to guide action on pressing
global issues. The second is to develop a class of methodology that can be more broadly
applied to new challenges that emerge and fit this criteria. Broadly, the classes of impact
estimation problem that I seek to answer with the tools portrayed in this dissertation also
fall into two classes.

The first class consists of “measurement problems”. These are problems for which a
meaningful historical analog exists, but for which we lack the observational capacity to
incorporate that information. A canonical example of this case is the effect of development
programs on rural welfare. Collecting data from rural areas is challenging and expensive, and
it thus hinders our ability to obtain the measurements that are necessary to understand the
effects of a given program. Recent growth in earth observation technology provides a pathway
for increasing our observational capacity. For example, multiple research efforts have sought
to use satellite imagery to overcome data gaps in our knowledge of global poverty (Jean,
Burke, et al. 2016; Perez et al. 2017). Presently, the generation of meaningful information
from such efforts often requires a high degree of both domain expertise and computational
sophistication. In Chapter 2, I develop a platform for facilitating rapid scaling of our ability
to estimate socioenvironmental metrics. My goal is that this work can enable novel impact
analyses in data poor regions.

The second class consists of “precedent problems”. These are problems for which we
simply have never experienced an analogous event, and thus for which no amount of improved
measurement could help identify the impact of a policy. A salient example is the early stages
of the current COVID-19 pandemic. Modern society has never experienced a contagion
like this, and thus we have had a limited understanding of how large-scale anti-contagion
policies will affect the spread. Policies such as widespread school closures, for example,
carry massive societal costs but could drastically limit mortality from the virus. A lack of
precedent limits the applicability of traditional econometric approaches alone in identifying
the trade-offs inherent in such decisions, yet approaches from other disciplines have also faced
challenges. Many early epidemiological forecasts of disease burden, for example, have not
proven accurate (IHME COVID-19 health service utilization forecasting team and Murray
2020). In these situations, process understanding can be merged with statistical analyses to
help develop a more robust understanding of how actions will affect the overall burden of the
pandemic. In Chapter 3 I demonstrate this approach, blending a retrospective econometric
analysis with an epidemiological forecast model to quantify the infections that have been
averted by anti-contagion policies.

Another example of this second class is the broad array of societal impacts brought about
by climate change. Humanity has never lived in either a 1.5° or a 3° warmer world. Because
we do not have these analogs to compare to, econometric tools alone will not be able to
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estimate the avoided societal costs of limiting global warming to 1.5°. In this case, we must
again leverage understanding of fundamental processes from other disciplines to augment
a statistical analysis by generating estimates of these yet unrealized realities. Rather than
epidemiology, here we borrow from earth system science. This interdisciplinary approach
has led to the growth of climate econometrics (S. Hsiang 2016) as a discipline designed to
address this exact challenge. While significant progress has been made on identifying the
broad effect of increasing global temperatures, the societal impacts of changing extreme
weather frequencies and intensities remains uncertain. In Chapter 4, I construct and apply
a physical-econometric model to estimate the impact of climate change on 21st century
hurricane damages in the U.S.

The three chapters of this dissertation share the goal of providing novel insights into key
policy settings through the blending of modeling methodologies from multiple disciplines.
In Chapter 2, I apply a unique machine learning algorithm to earth observation data to
improve the quality of information provided by that data. In Chapter 3, I parameterize
epidemiological forecasts with econometric outputs. And in Chapter 4 I blend a variety
of tools from climate science, hydrodynamics, actuarial science, and econometrics. Despite
this united goal, the chapters differ broadly in the context of the questions they seek to
answer. Chapter 2 defines an approach to generating broadly applicable socioeconomic and
environmental datasets; Chapter 3 answers a timely public health question; and Chapter 4
addresses a key unknown in our understanding of climate risks. To me, this breadth of
context is an indicator of the value of these interdisciplinary statistical approaches in large-
scale policy analysis.

A key finding across all of these studies is that process understanding is crucial to inform-
ing robust statistical analysis in the “low-data” yet “high-consequence” contexts I investi-
gate. Even in Chapter 2, where I demonstrate a domain-agnostic and generalizable predictive
model, the power of the method comes from its speed and the corresponding ability to thor-
oughly validate its performance. I find that it performs far better for some prediction tasks
than others, likely indicative of the complexity of the underlying data generating processes.
In the other two chapters, process modeling represents a critical step in producing estimates
of the impact of global action.

An equally important finding is that statistical tools can unlock the use of process under-
standing in societally meaningful settings. For example, the methods I develop in Chapter 4
to empirically link modeled flooding to economic losses facilitate the use of recent advances
in accurate, high-resolution hydrodynamic models. Without the tools introduced in that
chapter, previous economics literature often relied on simpler statistical relationships that
could not leverage contemporary advances in the physical sciences.

It is this broader ability to integrate statistical and process-driven analyses that I hope
is demonstrated through this dissertation. Similarly, it is this approach that I hope to carry
forward into future work that both builds from the modeling platforms I have developed and
applies a similar intellectual framework to new and emerging global challenges.



Chapter 2

A Generalizable and Accessible
Approach to Machine Learning with
Global Satellite Imagery

Combining satellite imagery with machine learning (SIML) has the potential
to address global challenges by remotely estimating socioeconomic and environ-
mental conditions in data-poor regions, yet the resource requirements of SIML
limit its accessibility and use. We show that a single encoding of satellite im-
agery can generalize across diverse prediction tasks (e.g. forest cover, house
price, road length). Our method achieves accuracy competitive with deep neu-
ral networks at orders of magnitude lower computational cost, scales globally,
delivers super-resolution predictions, and facilitates characterizations of uncer-
tainty. Since image encodings are shared across tasks, they can be centrally
computed and distributed to unlimited researchers, who need only fit a linear
regression to their own ground truth data in order to achieve state-of-the-art
SIML performance.

This chapter is adapted from (Rolf et al. 2020). The overall project was led by Esther
Rolf, Jonathan Proctor, Tamma Carleton, and the author of this thesis. It was originally
conceptualized by Solomon Hsiang and Benjamin Recht. Dr. Hsiang coordinated the writing
of the submitted manuscript, along with substantial contributions from the aforementioned
project leaders and Dr. Recht. In addition to overall project contributions, the author
of this thesis managed and coordinated contributions to the project’s source code (https:
//github.com/bolliger32/mosaiks); performed data acquisition, processing, and analysis
for the housing price prediction task; developed Figures 2, 3, S3, S6, S8, and S17; developed
theory on the super-resolution applications; and adapted the analysis pipeline to run with a
GPU on the reproducibility platform Code Ocean.


https://github.com/bolliger32/mosaiks
https://github.com/bolliger32/mosaiks
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Introduction

Addressing complex global challenges—such as managing global climate changes, population
movements, ecosystem transformations, or economic development—requires that many dif-
ferent researchers and decision-makers (hereafter users) have access to reliable, large-scale
observations of many variables simultaneously. Planet-scale ground-based monitoring sys-
tems are generally prohibitively costly for this purpose, but satellite imagery presents a
viable alternative for gathering globally comprehensive data, with over 700 earth observa-
tion satellites currently in orbit (Union of Concerned Scientists 2019). Further, application of
machine learning is proving to be an effective approach for transforming these vast quantities
of unstructured imagery data into structured estimates of ground conditions. For example,
combining satellite imagery and machine learning (SIML) has enabled better characteriza-
tion of forest cover (Hansen et al. 2013), land use (Inglada et al. 2017), poverty rates (Jean,
Burke, et al. 2016) and population densities (Robinson, Hohman, and Dilkina 2017), thereby
supporting research and decision-making. We refer to such predictions of an individual vari-
able as a single task. Demand for SIML-based estimates is growing, as indicated by the large
number of private service-providers specializing in predicting one or a small number of these
tasks.

The resource requirements for deploying SIML technologies, however, limit their accessi-
bility and usage. Satellite-based measurements are particularly under-utilized in low-income
contexts, where the technical capacity to implement SIML may be low, but where such mea-
surements would likely convey the greatest benefit (L. Yu et al. 2014; Haack and Ryerson
2016). For example, government agencies in low-income settings might want to understand
local waterway pollution, illegal land uses, or mass migrations. SIML, however, remains
largely out of reach to these and other potential users because current approaches require a
major resource-intensive enterprise, involving a combination of task-specific domain knowl-
edge, remote sensing and engineering expertise, access to imagery, customization and tuning
of sophisticated machine learning architectures, and large computational resources.

To remove these barriers, we develop a new approach to SIML that enables non-experts
to obtain state-of-the-art performance without manipulating imagery, using specialized com-
putational resources, or developing a complex prediction procedure. We design a one-time,
task-agnostic encoding that transforms each satellite image into a vector of variables (here-
after features). We then show that these features (z) perform well at predicting ground
conditions (y) across diverse tasks, using only a linear regression implemented on a personal
computer. Prior work has similarly sought an unsupervised encoding of satellite imagery
(Romero, Gatta, and Camps-Valls 2016; Cheriyadat 2014; Penatti et al. 2015; Jean, S.
Wang, et al. 2019); however, to the best of our our knowledge, we are the first to develop
a single set of features that achieves performance competitive with deep-learning methods
across a variety of tasks.

We focus here on the problem of predicting properties of small regions (e.g. average
house price), using high-resolution daytime satellite imagery as the only input. We develop
a simple yet high-performing system that is tailored to address the challenges and opportu-
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nities specific to SIML applications, taking a fundamentally different approach from leading
designs. We achieve large computational gains in model training and testing, relative to
leading deep neural networks, through algorithmic simplifications that take advantage of the
fact that satellite images are collected from a fixed distance and viewing angle and capture
repeating patterns and objects. This contrasts with deep-learning approaches to SIML that
use techniques originally developed for natural images (e.g. photos taken from handheld
cameras), where inconsistency in many key factors, such as subject or camera perspective,
require complex solutions that our results suggest are mostly unnecessary for SIML applica-
tions.

A key contribution of our method is the ability to encode rich image information in a
single set of general-purpose features. By separating this feature construction from model-
fitting, our approach dramatically increases computational speed for any given researcher and
delivers large computational gains at the research-system level by reorganizing how imagery
is processed and distributed. Traditionally, hundreds or thousands of researchers use the
same images to solve different and unrelated tasks (e.g. Fig. 2.1A). Our approach allows
common sources of imagery to be converted into one centralized set of features that can be
accessed by many researchers, each solving different tasks. This isolates future users from
the costly steps of obtaining, storing, manipulating, and processing imagery themselves.
The magnitude of the resulting benefits grow with the size of the expanding SIML user
community and the scale of global imagery data, which currently increases by more than
80TB/day(Littlepage 2017).

Multi-task Observation using Satellite Imagery &
Kitchen Sinks

Our objective is to enable any user with basic resources to predict ground conditions using
only satellite imagery and a limited sample of task-specific ground truth data which they pos-
sess. Our SIML system, “Multi-task Observation using Satellite Imagery and Kitchen Sinks”
(MOSAIKS, see Supplementary Materials S.1), makes SIML accessible and generalizable by
separating the prediction procedure into two independent steps: a fixed “featurization step”
which translates satellite imagery into succinct vector representations (images — x), and a
“regression step” which learns task-specific coefficients that map these features to outcomes
for a given task (x — y). The featurizaton step can be centrally executed once, producing
one set of outputs that are used to solve many different tasks through repeated application
of the regression step by multiple independent users (Fig. 2.1B). Because the regression step
is computationally efficient, MOSAIKS scales nearly costlessly across unlimited users and
tasks.

The accessibility of our approach stems from the simplicity and computational efficiency
of the regression step for potential users, given features which are already computed once and
stored centrally (Fig. 2.1B). To generate SIML predictions, a user of MOSAIKS (i) queries
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these tabular data for a vector of K features for each of their N locations of interest; (ii)
merges these features x with label data y, i.e. the user’s independently collected ground
truth data; (iii) implements a linear regression of y on x to obtain coefficients 8 — below, we
use ridge regression; (iv) uses coefficients § and and features z to predict labels ¢ in new
locations where imagery and features are available but ground truth data are not.

The generalizability of our approach means that a single mathematical summary of satel-
lite imagery (z) performs well across many prediction tasks (yi,ye,...) without any task-
specific modification to the procedure. The success of this generalizability relies on how
images are encoded as features. We design a featurization function by building on the
theoretically grounded machine learning concept of “random kitchen sinks” (Rahimi and
Benjamin Recht 2008b), which we apply to satellite imagery by constructing “random con-
volutional features” (RCFs) (Fig. 2.1C, Supplementary Materials S.1). RCFs are suitable
for the structure of satellite imagery and have established performance encoding genetic se-
quences,(Morrow et al. 2017) classifying photographs,(Coates and Andrew Y. Ng 2012) and
predicting solar flares(Jonas et al. 2018) (see Supplementary Materials Section S.3.3). RCFs
capture a flexible measure of similarity between every sub-image across every pair of images
without using contextual or task-specific information. The regression step in MOSAIKS
then treats these features x as an overcomplete basis for predicting any y, which may be a
nonlinear function of image elements (see Supplementary Materials Section S.1).

In contrast to alternative approaches, MOSAIKS does not require training or using the
output of a deep neural network, and encoding images into features requires no labels.
Nonetheless, MOSAIKS achieves competitive performance at a large computational advan-
tage that grows linearly with the number of SIML users and tasks, due to shared computation
and storage. Below, we show that MOSAIKS achieves a practical level of generalization in
real world contexts.

Results

We design a battery of experiments to test whether and under what settings MOSAIKS can
provide access to high-performing, computationally-efficient, global-scale SIML predictions.
Specifically, we 1) demonstrate generalization across tasks, and compare MOSAIKS’s per-
formance and cost to existing state-of-the-art SIML models; 2) assess its performance when
data are limited and when predicting far from observed labels; 3) scale the analysis to make
global predictions and try recreating the results of a national survey; and 4) detail additional
properties of MOSAIKS, such as the ability to make super-resolution predictions.

Generalization across tasks

We first test whether MOSAIKS achieves a practical level of generalization by applying it
to a diverse set of pre-selected tasks in the United States (US). While many applications
of interest for SIML are in remote and/or data-limited environments where ground-truth
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may be unavailable or inaccurate, systematic evaluation and validation of SIML methods
are most reliable in well-observed and data-rich environments (Blumenstock 2018).

Multi-task performance of MOSAIKS in the US We sample daytime images using
the Google Static Maps API from across the continental US (N = 100, 000), each covering
~1kmx1km (256-by-256 pixels) (Supplementary Materials Sections S.3.1-S.3.2). We first
implement the featurization step, passing these images through MOSAIKS’ feature extrac-
tion algorithm to produce K = 8,192 features per image (Supplementary Materials Section
S.3.3). Using only the resulting matrix of features (X), we then repeatedly implement the
regression step by solving a cross-validated ridge regression for each task and predict forest
cover (R* = 0.91), elevation (R?* = 0.68), population density (R? = 0.72), nighttime lights
(R? = 0.85), average income (R? = 0.45), total road length (R* = 0.53), and average house
price (R? = 0.52)! in a holdout test sample (Fig. 2.2, Table S2, Supplementary Materials
Sections S.3.4-S.3.6). Computing the feature matrix X from imagery took less than 2 hours
on a cloud computing node (Amazon EC2 p3.2xlarge instance, Tesla V100 GPU). Subse-
quently, solving a cross-validated ridge regression for each task took 6.8 minutes to compute
on a local workstation with ten cores (Intel Xeon CPU E5-2630) (Supplementary Materials
Section S.4.2). These seven outcomes are not strongly correlated with one another (Fig. S2)
and no attempted tasks in this experiment are omitted. These results indicate that MO-
SAIKS is skillful for a wide range of possible applications without changing the procedure
or features and without task-specific expertise.

Comparison to state-of-the-art SIML approaches We contextualize this performance
by comparing MOSAIKS to existing deep-learning based SIML approaches. First, we retrain
end-to-end a commonly-used deep convolutional neural network (CNN) architecture(He et al.
2016) (ResNet-18) using identical imagery and labels for the seven tasks above. This training
took 7.9 hours per task on a cloud computing node (Amazon EC2 p3.xlarge instance, Tesla
V100 GPU). We find that MOSAIKS exhibits predictive accuracy competitive with the CNN
for all seven tasks (mean RZyn—R2,0547k5 = 0.04; smallest Ry —R2 054755 = —0.03 for
housing; largest RZyy — R3 ;05475 = 0.12 for elevation) in addition to being approximately
250 to 10,000x faster to train, depending on whether the regression step is performed on a
laptop (2018 Macbook Pro) or on the same cloud computing node used to train the CNN
(Fig. 2.3A, Supplementary Materials Section S.4.1 and Table S5).

Second, we apply “transfer learning” (Pan and Qiang Yang 2010) using the ResNet-
152 CNN pre-trained on natural images to featurize the same satellite images. We then
apply ridge regression to the CNN-derived features. The speed of this approach is simi-
lar to MOSAIKS, but its performance is dramatically lower on all seven tasks (Fig. 2.3A,
Supplementary Materials Section S.4.1).

IPerformance observed for housing using our published data will be higher (R? = 0.60) because privacy
concerns mandate the withholding of a subset of this data (see Supplementary Materials Section S.2.1).
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Third, we compare MOSATKS to an approach from prior studies(Jean, Burke, et al. 2016;
Xie et al. 2016; Head et al. 2017) where a deep CNN (VGG16 (Simonyan and Zisserman
2015) pretrained on the ImageNet dataset) is trained end-to-end on night lights and then
each task is solved via transfer learning (Supplementary Materials Section S.4.1). We apply
MOSAIKS to the imagery from Rwanda, Haiti, and Nepal used in ref. (Head et al. 2017)
to solve all eleven development-oriented tasks they analyze. We find MOSAIKS matches
prior performance across tasks in Rwanda and Haiti, and has slightly lower performance
(average AR? = 0.08) on tasks in Nepal (Fig. S17). The regression step of this transfer
learning approach and MOSAIKS are similarly fast, but the transfer learning approach
requires country-specific retraining of the CNN, limiting its accessibility and reducing its
generalizability.

Together, these three experiments illustrate that with a single set of task-independent
features, MOSAIKS predicts outcomes across a diverse set of tasks, with performance and
speed that favorably compare to existing SIML approaches. However, throughout this set of
experiments, we find that some sources of variation in labels are not recovered by MOSAIKS.
For example, extremely high elevations (>3,000m) are not reliably distinguished from high
elevations (2,400-3,000m) that appear visually similar (Fig. S9). Additionally, roughly half
the variation in incomes and housing prices is unresolved, presumably because they depend
on factors not observable from orbit, such as tax policies or school districts (Fig. 2.2). We also
show that patterns of predictability across tasks are strikingly similar across MOSAIKS and
alternative SIML approaches (Figs. S16 and S17). Together, these findings are consistent
with the hypothesis that there exists some performance ceiling for each task, due to some
factors not being observable from satellite imagery.

Evaluation of model sensitivity

There is growing recognition that understanding the accuracy, precision, and limits of SIML
predictions is important, since consequential decisions increasingly depend on these out-
puts, such as which households should receive financial assistance (Athey 2017; Blumen-
stock 2018). However, historically, the high costs of training deep-learning models have
generally prevented the stress-testing and bench-marking that would ensure accuracy and
constrain uncertainty. To characterize the performance of MOSAIKS we test its sensitivity
to the number of features (/) and training observations (IV), as well as the extent of spatial
extrapolation.

Changes to training data Unlike some featurization methods, these is no measure of
“importance” for individual features in MOSAIKS so the computational complexity of the
regression step can be manipulated by simply including more or fewer features. Repeatedly
re-solving the linear regression step in MOSAIKS with a varied number of features indi-
cates that increasing K above 1,000 features provides minor predictive gains (Fig. 2.3B). A
majority of the observable signal in the baseline experiment using K = 8,192 is recovered
using K = 200 (min 55% for income, max 89% for nighttime lights), reducing each 65,536-
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pixel tri-band image to just 200 features (~ 250x data compression). Similarly, re-solving
MOSAIKS predictions with a different number of training observations demonstrates that
models trained with fewer samples may still exhibit high accuracy (Fig. 2.3B). A majority of
the available signal is recovered for many outcomes using only N = 500 (55% for road length
to 87% for forest cover), with the exception of income (28%) and housing price (26%) tasks,
which require larger samples. Together, these experiments suggest that users with compu-
tational, data acquisition, or data storage constraints can easily tailor MOSAIKS to match
available resources and can reliably estimate the performance impact of these alterations
(Supplementary Material Section S.3.7).

Spatial cross-validation To systematically evaluate the ability of MOSAIKS to make
accurate predictions in large contiguous areas where labels are not available, we conduct
a spatial cross-validation experiment by partitioning the US into a checkerboard pattern
(Fig. 2.3C), training on the “black squares” and testing on the “white squares” (Supple-
mentary Materials Section S.3.8). Increasing the width of squares (9) in the checkerboard
increases the average distances between train and test observations, simulating increasingly
large spatial extrapolations. We find that for three of seven tasks (forest cover, population
density, and nighttime lights), performance declines minimally regardless of distance (max-
imum R? decline of 10% at § = 16° for population density). For income, road length, and
housing price, performance falls moderately at small degrees of spatial extrapolation (19%,
33%, and 35% decline at 6 = 4°, respectively), but largely stabilizes thereafter. Note that
the poor performance of road length predictions is possibly due to missing labels and data
quality (Supplementary Materials Section S.2.1 and Fig. S1). Finally, elevation exhibits
steady decline with increasing distances between training and testing data (49% decline at
d = 16°).

To contextualize this performance, we compare MOSAIKS to spatial interpolation of
observations, a widely used approach to fill in regions of missing data (Supplementary Ma-
terials Section S.3.8). Using the same samples, MOSAIKS substantially outperforms spatial
interpolation (Fig. 2.3C, grey dashed lines) across all tasks except for elevation, where in-
terpolation performs almost perfectly over small ranges (§ = 0.5° : R* = 0.95), and housing
price, where interpolation slightly outperforms MOSAIKS at small ranges. For both, interpo-
lation performance converges to that of MOSAIKS over larger distances. Thus, in addition to
generalizing across tasks, MOSAIKS generalizes out-of-sample across space, outperforming
spatial interpolation of ground-truth in 5 of 7 tasks.

The above sensitivity tests are enabled by the speed and simplicity of training MOSATKS.
These computational gains also enable quantification of uncertainty in model performance
within each diagnostic test. As demonstrated by the shaded bands in Figs. 2.3B-C, un-
certainty in MOSAIKS performance due to variation in splits of training-validation data
remains modest under most conditions.
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Applications

Having evaluated MOSAIKS systematically in the data-rich US, we test its performance at
planetary scale and its ability to recreate results from a national survey.

Global observation We test the ability of MOSAIKS to scale globally using the four
tasks for which global labels are readily available. Using a random sub-sample of global land
locations (training and validation: N = 338,781, test: N = 84,692; Supplementary Materials
Section S.3.10), we construct the first planet-scale, multi-task estimates using a single set
of label-independent features (K = 2048, Fig. 2.4A), predicting the distribution of forest
cover (R? = 0.85), elevation (R? = 0.45), population density (R* = 0.62), and nighttime
lights (R? = 0.49). Note that inconsistent image and label quality across the globe are likely
partially responsible for lowering performance relative to the US-only experiments above
(Supplementary Materials Section S.3.10).

National survey “field test” It has been widely suggested that SIML could be used
by resource-constrained governments to reduce the cost of surveying their citizens (Jean,
Burke, et al. 2016; Head et al. 2017; Reed et al. 2018; Bedi, Coudouel, and Simler 2007;
De Sherbinin et al. 2017). To demonstrate MOSAIKS’s performance in this theoretical use-
case, we simulate a ‘field test” with the goal of recreating results from an existing nationally
representative survey. Using the pre-computed features from the first US experiment above,
we generate predictions for 12 pre-selected questions in the 2015 American Community
Survey (ACS) conducted by the US Census Bureau (U.S. Census Bureau 2015). We obtain
R? values ranging from 0.06 (percent household income spent on rent, an outlier) to 0.52
(building age), with an average R* of 0.34 across 12 tasks (Fig. 2.4B).

Compared to a baseline of “no ground survey,” or a costly survey extension, these results
suggest that MOSAIKS predictions could provide useful information to a decision-maker for
almost all tasks at low cost; noting that, in contrast, the ACS costs > $200 million to deploy
annually (U.S. Census Bureau 2021). However, some variables (e.g. percent household
income spent on rent) may continue to be retrievable only via ground survey.

Extensions

The design of MOSAIKS naturally provides two additional useful properties.

Incorporating multiple sensors. Available satellites exhibit a diversity of properties
(e.g. wavelength, timing of sampling) that can be used to improve SIML predictions (Tsagkatakis
et al. 2019). While most SIML approaches, including the above analysis, use a single sen-
sor, the design of MOSAIKS allows seamless integration of data from additional satellites
because the regression step is linear in the features. To demonstrate this, we include night-
time lights as a second data source in the analysis of survey data from Rwanda, Haiti, and
Nepal discussed above (Supplementary Materials S.4.1). In all 36 tasks, predictions either
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improved or were unchanged when nighttime imagery was added to daytime imagery in the
model (average AR? = 0.03). This approach naturally optimizes how data from all sensors
are used without requiring that users possess expertise on each technology.

Super-resolution predictions. Many use cases would benefit from SIML predictions
at finer resolution than is available in training data (Tsagkatakis et al. 2019). Here we
show that MOSAIKS can estimate the relative contribution of sub-regions within an image
to overall image-level labels, even though only aggregated image-level labels are used in
training (See Fig. 2.4C and Fig. S12). Such “super-resolution” prediction follows from the
functional form of the featurization and linear regression steps in MOSAIKS, allowing it to
be analytically derived for labels that represent nearly linear combinations of ground-level
conditions (Supplementary Materials Section S.3.9 and Fig. S11). We numerically assess
super-resolution predictions of MOSAIKS for the forest cover task, since raw label data are
available at much finer resolution than our image labels. Provided only a single label per
image, MOSAIKS recovers substantial within-image signal when predicting forest cover in 4
to 1,024 sub-images per label (within-image R? = 0.54-0.32, see Fig. S13 and Supplementary
Materials Section S.3.9).

Discussion

We develop a new approach to SIML that achieves practical generalization across tasks while
exhibiting performance that is competitive with deep learning models optimized for a single
task. Crucial to planet-scale analyses, MOSAIKS requires orders of magnitude less compu-
tation time to solve a new task than CNN-based approaches and it allows 1km-by-1km image
data to be compressed ~6-500 times before storage/transmission (Supplementary Materials
Section S.1). Such compression is a deterministic operation that could theoretically be im-
plemented in satellite hardware. We hope these computational gains, paired with the relative
simplicity of using MOSAIKS, will democratize access to global-scale SIML technology and
accelerate its application to solving pressing global challenges. We hypothesize that there
exist hundreds of variables observable from orbit whose application could improve human
well-being if measurements were made accessible.

While we have shown that in many cases MOSAIKS is a faster and simpler alterna-
tive to existing deep learning methods, there remain contexts in which custom-designed
SIML pipelines will continue to play a key role in research and decision-making. Existing
ground-based surveys will also remain important. In both cases we expect MOSAIKS can
complement these systems, especially in resource constrained settings. For example, MO-
SAIKS can provide fast assessments to guide slower SIML systems or extend the range and
resolution of ground-based surveys.

As real-world policy actions increasingly depend on SIML predictions, it is crucial to
understand the accuracy, precision and sensitivity of these measurements. The low cost and
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high speed of re-training MOSAIKS enables unprecedented stress tests that can support
robust SIML-based decision systems.

Here, we tested the sensitivity of MOSAIKS to model parameters, number of training
points, and degree of spatial extrapolation, and expect that many more tests can be devel-
oped and implemented to analyze model performance and prediction accuracies in context.

To aid systematic bench-marking and comparison of SIML architectures, the labels and
features used in this study are made publicly available; to our knowledge this represents the
largest multi-label benchmark dataset for SIML regression tasks.

By distilling SIML to a pipeline with simple and mathematically interpretable compo-
nents, MOSAIKS facilitates development of methodologies for additional SIML use cases and
enhanced performance. For example, the ability of MOSAIKS to achieve super-resolution
is easily derived analytically (Supplementary Materials Section S.3.9). Furthermore, while
we have focused here on tri-band daytime imagery, we showed that MOSAIKS can seam-
lessly integrate data from multiple sensors through simple concatenation, extracting useful
information from each source to maximize performance. We conjecture that integrating
new diverse data, from both satellite and non-satellite sources, may substantially increase
predictive accuracy for tasks not entirely resolved by daytime imagery alone.

We hope that MOSAIKS lays the foundation for an accessible and democratized system
of global information sharing, where imagery from all available global sensors is continuously
encoded as features and stored in a single table of data, which is then distributed and used
planet-wide. As a step in this direction, we make a global cross-section of features publicly
available using 2019 imagery from Planet Labs, Inc. Such a unified global system may
enhance our collective ability to observe and understand the world, a necessary condition for
tackling pressing global challenges.

Code and data availability

Code, data, a configured computing environment, and free cloud computing for this analysis
is provided via Code Ocean. The editor will be provided with a link to the Code Ocean
“capsule”, which will be distributed to reviewers.

All data used in this analysis is from free, publicly available sources and is available for
download other than the house price data. House price data is provided by Zillow through the
Zlllow Transaction and Assessment Dataset (ZTRAX). More information on accessing the
data can be found at http://www.zillow.com/ztrax. The results and opinions are those
of the author(s) and do not reflect the position of Zlllow Group. The house price dataset
we release publicly is a subset of that which used in the analysis, where grid cells containing
<30 observations of recent property sales are removed to preserve privacy. Instructions for
downloading the replication data are included in the Readme file within the project’s Code
Ocean capsule.


http://www.zillow.com/ztrax
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Supplementary Materials

The primary goal of our analysis is to develop, evaluate and contextualize the performance
of MOSAIKS. In the following four supplementary sections we first summarize the methods
used in this evaluation and then describe the data, the experiments conducted, and how
MOSAIKS compares to other approaches in the literature in greater depth. We also describe
the intuition behind and the mechanics of MOSAIKS’s algorithms in greater detail.

S.1 Methods summary

Here we provide additional information on our implementation of MOSAIKS and experimen-
tal procedures, as well as a description of the theoretical foundation underlying MOSAIKS.
Full details on the methodology behind MOSAIKS can be found throughout Section S.3.

Implementation of MOSAIKS

We begin with a set of images {Ig}évzl, each of which is centered at locations indexed by
¢ ={1,...,N}. MOSAIKS generates task-agnostic feature vectors x(I,) for each satellite
image I, by convolving an M x M x S “patch”, P}, across the entire image. M is the width
and height of the patch in units of pixels and S is number of spectral bands. In each step
of the convolution, the inner product of the patch and an M x M x S sub-image region is
taken, and a ReLLU activation function with bias by, = 1 is applied. Each patch is a randomly
sampled sub-image from the set of training images {I@}évzl (Fig. S5). In our main analysis,
we use patches of width and height M = 3 (Fig. S6) and S = 3 bands (red, green, and
blue). To create a single summary metric for the image-patch pair, these inner product
values are then averaged across the entire image, generating the kth feature x(I,), derived
from patch P,. The dimension of the resulting feature space is equal to K, the number
of patches used, and in all of our main analyses we employ K = 8,192 (i.e. 2'3). Both
images and patches are whitened according to a standard image preprocessing procedure
before convolution (Section S.3.3).

In practice, this one-time featurization can be centrally computed and then features x(I,)
distributed to users in tabular form. A user need only (i) obtain and link the subset of these
features that match spatially with their own labels and then (ii) solve linear regressions
of the labels on the features to learn monlinear mappings from the original image pixel
values to the labels (the nonlinearity of the mapping between image pixels and labels stems
from the nonlinearity of the ReLLU activation function). We show strong performance across
seven different tasks using ridge regression to train the relationship between labels y, and
features x;(I,) in this second step, although future work may demonstrate that other fitting
procedures yield similar or better results for particular tasks.

Implementation of this one-time unsupervised featurization takes about the same time
to compute as a single forward pass of a CNN. With K = 8,912 features, featurization
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Figure 2.2: 1km x 1lkm resolution prediction of many tasks across the continental US using
daytime images processed once, before tasks were chosen. 100,000 daytime images were each
converted to 8,192 features and stored. Seven tasks were then selected based on coverage and diversity
and predictions were generated for each task using the same procedure. Left maps: 80,000 observations
used for training and validation, aggregated up to 20kmx20km cells for display. Right maps: concatenated
validation set estimates from 5-fold cross-validation for the same 80,000 grid cells (observations are never
used to generate their own prediction), identically aggregated for display. Scatters: Validation set estimates
(vertical axis) vs. ground-truth (horizontal axis); each point is a ~1lkmx1lkm grid cell. Black line is at
45°. Test set and validation set performance are essentially identical (Table S2); validation set values are
shown for display purposes only, as there are more observations. The tasks in the top three rows are
uniformly sampled across space, the tasks in the bottom four rows are sampled using population weights
(Supplementary Materials Section S.3.1); grey areas were not sampled in the experiment.
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Figure 2.3: Prediction accuracy relative to a convolutional neural network and transfer learning,
using smaller K and N, and over large contiguous regions with no ground truth data. (A)
Task-specific MOSAITKS test-set performance (dark bars) in contrast to: an 18-layer variant of the ResNet
Architecture (ResNet-18) trained end-to-end for each task (middle bars); and an unsupervised featurization
using the last hidden layer of a 152-layer ResNet variant pre-trained on natural imagery and applied using
ridge regression (lightest bars). See Supplementary Materials Section S.4.1 for details. (B) Validation
set R? performance for all seven tasks while varying the number of random convolutional features K and
holding N = 64,000 (left) and while varying N and holding K = 8,192 (right). Shaded bands indicate
the range of predictive skill across 5 folds. Lines indicate average accuracy across folds. (C) Evaluation of
performance over regions of increasing size that that are excluded from training sample. Data are split using
a “checkerboard” partition, where the width and height of each square is 6 (measured in degrees). Example
partitions with § = 0.5°, 8°, 16° are shown in maps. For a given 4, training occurs using data sampled
from “black squares” and performance is evaluated in “white squares.” Plots show colored lines representing
average performance of MOSAIKS in the US across § values for each task. Benchmark performance from
Fig. 2.2 are indicated as circles at § = 0. Grey dashed lines indicate corresponding performance using only
spatial interpolation with an optimized radial basis function kernel instead of MOSAIKS (Supplementary
Materials Section S.3.8). To moderate the influence of the exact placement of square edges, training and test
sets are resampled four times for each § with the checkerboard position re-initialized using offset vertices
(see Supplementary Materials Section S.3.8 and Fig. S10). The ranges of performance are plotted as colored
or grey bands.
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Income per household (in purple) is also shown in Figs. 2.2 and 2.3, and was selected as an outcome for the
analysis in these figures before this ACS experiment was run. (C) Both labels and features in MOSAIKS
are linear combinations of sub-image ground-level conditions, allowing optimized regression weights to be
applied to imagery of any spatial extent (Supplementary Materials Section S.3.9). MOSAIKS thus achieves
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resolution (See Fig. S12 for additional examples). Systematic evaluation of within-image R? across the entire
sample is reported in Supplementary Materials Section S.3.9 for the forest cover task.

Population density
R2= 062

R?=0.49

Nighttime lights

02 03
log(1+nanoWatts/cm?/sr)

B C Super- resolutlon predictions

Forest
cover

Commute time

Pct. HHs w/ food stamps
Pet. below poverty line
Pct. HHs vacant

Total housing units

Pct. HH income to rent

Population
density




CHAPTER 2. A GENERALIZABLE AND ACCESSIBLE APPROACH TO MACHINE
LEARNING WITH GLOBAL SATELLITE IMAGERY 20

results in a roughly 6 to 1 compression of stored and transmitted imagery data in the cases
we study.? Notably, storage and computational cost can be traded off with performance by
using more or fewer features from each image (Fig. 2.3B). Since features are random, there
is no natural value for K that is specifically preferable.

Experimental procedures

Task selection and data Tasks were selected based on diversity and data availability,
with the goal of evaluating the generalizability of MOSAIKS (Section S.2.1). Results for
all tasks evaluated are reported in the paper. We align image and label data by projecting
imagery and label information onto a ~1km x 1lkm grid, which was designed to ensure zero
spatial overlap between observations (Sections S.3.1 and S.3.2). Images are obtained from
the Google Static Maps API (Section S.2.2) (Maps Static API), and labels for the seven
tasks are obtained from refs. (Hansen et al. 2013; Amazon Web Services 2018; Center for
International Earth Science Information Network (CIESIN) 2016; NOAA National Centers
for Environmental Information 2019; U.S. Census Bureau 2015; U.S. Census Bureau 2016;
Zillow 2017). Details on data are described in Table S1 and Section S.2.

US experiments From this grid we sample 20,000 hold-out test cells and 80,000 training
and validation cells from within the continental US (Section S.3.4). To span meaningful
variation in all seven tasks, we generate two of these 100,000-sample data sets according
to different sampling methods. First, we sample uniformly at random across space for the
forest cover, elevation, and population density, tasks which exhibit rich variation across the
US. Second, we sample via a population-weighted scheme for nighttime lights, income, road
length, and housing price, tasks for which meaningful variation lies within populated areas
of the US. Some sample sizes are slightly reduced due to missing label data (N = 91,377
for income, 80,420 for housing price, and 67,968 for population density). We model labels
whose distribution is approximately log-normal using a log transformation (Section S.3.5
and Table S3).

Because fitting a linear model is computationally cheap, relative to many other SIML
approaches, it is feasible to conduct numerous sensitivity tests of predictive skill. We present
cross-validation results from a random sample, while also systematically evaluating the be-
havior of the model with respect to: (a) geographic distance between training and testing
samples, i.e. spatial cross-validation, (b) the dimension K of the feature space, and (c) the
size N of the training set (Fig. 2.3, Sections S.3.7 and S.3.8). We represent uncertainty in
each sensitivity test by showing variance in predictive performance across different training
and validation sets. We also benchmark model performance and computational expense
against an 18-layer variant of the ResNet Architecture, a common deep network architecture

2This is calculated as: (256 * 256 * 3)/(8192 * 4) = 6x compression, where 256 * 256 * 3 integer values
per image are compressed into 8192 float32 features, each of which takes 4x the storage of an integer. Using
100 features gives a 500x compression.



CHAPTER 2. A GENERALIZABLE AND ACCESSIBLE APPROACH TO MACHINE
LEARNING WITH GLOBAL SATELLITE IMAGERY 21

that has been used in satellite based learning tasks (Perez et al. 2017), trained end-to-end for
each task and a transfer learning approach (Pan and Qiang Yang 2010) utilizing an unsuper-
vised featurization based on the last hidden layer of a 152-layer ResNet variant pre-trained
on natural imagery and applied using ridge regression (Sections S.4.1 and S.4.2).

Global experiment To demonstrate performance at scale, we apply the same approach
used within the data-rich US context to global imagery and labels. We employ a target
sample of N = 1,000,000, which drops to a realized sample of N = 423,476 due to missing
imagery and label data outside the US (Fig. 2.4). We generate predictions for all tasks with
labels that are available globally (forest cover, elevation, population density, and nighttime
lights) (Section S.3.10).

Super-resolution experiment Predictions at super-resolution (i.e. higher resolution
than that of the labels used to train the model), shown in Fig. 2.4B, are generated for
forest cover and population density by multiplying the trained ridge regression weights by
the un-pooled feature values for each sub-image and applying a Gaussian filter to smooth the
resulting predictions (Section S.3.9). Additional examples of super-resolution performance
are shown in Fig. S12. We quantitatively assess super-resolution performance (Fig. S13)
using forest cover, as raw forest cover data are available at substantially finer resolution
than our common ~1km x 1km grid. Performance is evaluated by computing the fraction of
variance (R?) within each image that is captured by MOSAIKS, across the entire sample.

Theoretical foundations

MOSAIKS is motivated by the goal of enabling generalizable and skillful SIML predictions.
It achieves this by embedding images in a basis that is both descriptive (i.e. models trained
using this single basis achieve high skill across diverse labels) and efficient (i.e. such skill is
achieved using a relatively low-dimensional basis). The approach for this embedding relies
on the theory of “random kitchen sinks” (Rahimi and Benjamin Recht 2008b), a method for
feature generation that enables the linear approximation of arbitrary well-behaved functions.
This is akin to the use of polynomial features or discrete Fourier transforms for function ap-
proximation generally, such as functions of one dimension. When users apply these features
in linear regression, they identify linear weightings of these basis vectors important for pre-
dicting a specific set of labels. With inputs of high dimension, such as the satellite images we
consider, it has been shown experimentally (Morrow et al. 2017; Coates and Andrew Y. Ng
2012; Jonas et al. 2018) and theoretically (Rahimi and Benjamin Recht 2008a) that a ran-
domly selected subspace of the basis often performs as well as the entire basis for prediction
problems.

Convolutional random kitchen sinks Random kitchen sinks approximate arbitrary
functions by creating a finite series of features generated by passing the input variables z
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through a set of K nonlinear functions g(z; ©y), each paramaterized by draws of a random
vector ©. The realized vectors © are drawn independently from a pre-specified distributions
for each of kK = 1...K features. Given an expressive enough function g and infinite K, such
a featurization would be a universal function approximator (Rahimi and Benjamin Recht
2008a). In our case, such a function g would encode interactions between all subsets of
pixels in an image. Unfortunately, for an image of size 256 x 256 x 3, there are 22°6%256x3
such subsets. Therefore, the fully-expressive approach is inefficient in generating predictive
skill with reasonably concise K because each feature encodes more pixel interactions than
are empirically useful.

To adapt random kitchen sinks for satellite imagery, we use convolutional random fea-
tures, making the simplifying assumption that most information contained within satellite
imagery is represented in local image structure. Random convolutional features have been
shown to provide good predictive performance across a variety of tasks from predicting
DNA binding sites (Morrow et al. 2017) and solar flares (Jonas et al. 2018) to clustering
photographs (Coates and Andrew Y. Ng 2012) (kitchen sinks have also been used in a non-
convolutional approach to classify individual pixels of hyper-spectral satellite data (Pérez-
Suay et al. 2017)). Applied to satellite images, random convolutional features reduce the
number of effective parameters in the function by considering only local spatial relationships
between pixels. This results in a highly expressive, yet computationally tractable, model for
prediction.

Specifically, we create each O by extracting a small sub-image patch from a randomly
selected image within our image set, as described above. These patches are selected inde-
pendently, and in advance, of any of the label data. The convolution of each patch across
the satellite image being featurized captures information from the entire R2°6*256x3 jmage
using only 3 * M? free parameters for each k. Creating and subsequently averaging over
the activation map (after a ReLU nonlinearity) defines our instantiation of the kitchen sinks
function g(z; Oy) as g(Is; Py, by) = xx(1;), where by, is a scalar bias term. Our choice of this
functional form is guided by both the structural properties of satellite imagery and the na-
ture of common SIML prediction tasks, and it is validated by the performance demonstrated
across tasks.

Relevant structural properties of satellite imagery and SIML tasks Three partic-
ular properties provide the the motivation for our choice of a convolution and average-pool
mapping to define g.

First, we hypothesize that convolutions of small patches will be sufficient to capture
nearly all of the relevant spatial information encoded in images because objects of interest
(e.g. a car or a tree) tend to be contained in a small sub-region of the image. This is
particularly true in satellite imagery, which has a much lower spatial resolution that most
natural imagery (Fig. S6).

Second, we expect a single layer of convolutions to perform well because satellite images
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are taken from a constant perspective (from above the subject) at a constant distance and
are (often) orthorectified to remove the effects of image perspective and terrain. Together,
these characteristics mean that a given object will tend to appear the same when captured
in different images. This allows for MOSAIKS’s relatively simple, translation invariant
featurization scheme to achieve high performance, and avoids the need for more complex
architectures designed to provide robustness to variation in object size and orientation.

Third, we average-pool the convolution outputs because most labels in the types of
problems we study can be approximately decomposed into a sum of sub-image characteristics.
For example, forest cover is measured by the percent of total image area covered in forest,
which can equivalently be measured by averaging the percent forest cover across sub-regions
of the image. Labels that are strictly averages, totals, or counts of sub-image values (such
as forest cover, road length, population density, elevation, and night lights) will all exhibit
this decomposition. While this is not strictly true of all SIML tasks, for example income
and average housing price, we demonstrate that MOSAIKS still recovers strong predictive
skill on these tasks. This suggests that some components of the observed variance in these
labels may still be decomposable in this way, likely because they are well-approximated by
functions of sums of observable objects.

Additional interpretations The full MOSAIKS platform, encompassing both featuriza-
tion and linear prediction, bears similarity to a few related approaches. Namely, it can be
interpreted as a computationally feasible approximation of kernel ridge regression for a fully
convolutional kernel or, alternatively, as a two-layer CNN with an incredibly wide hidden
layer generated with untrained filters. A discussion of these interpretations and how they
can help to understand MOSAIKS’s predictive skill can be found in Section S.3.3.

S.2 Data

This section describes the datasets we use to construct our ground truth labels across all
seven of our tasks: forest cover, elevation, population density, nighttime lights, income, road
length, and housing price. In addition, we describe the imagery used in the analysis. In
Section S.3.2 we detail our method for linking the labeled data for each outcome to the
imagery (Fig. S4).

In evaluating the ability of MOSAIKS to generalize, we are interested in its ability to
recover different types of variables, including: (i) variables that are averages of sub-image
properties, (ii) variables that not directly observable through daytime imagery but are a
function of visible objects in the image, such as nighttime lights, and (iii) variables that are
an underlying factor that determines what material appears in the image, such as elevation.
Labels may also be a combinations of (i)-(iii), such as housing price or household income. An
advantage of MOSAIKS is that it solves all these cases without any alteration of method. In
the main text, we use the the same set of image features to predict all seven outcomes and,
in principle, this set of features can be used to predict an unlimited number of outcomes
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(Section S.3.3, so long as the outcomes and the images are aligned as described in Section
S.3.2).

For each task, we obtain an up-to-date and geographically complete publicly available
datasource to match with the images. Most of these data are based on measurements from
2010 - 2015, though our data on population density draws from sources that date back as
far as 2005 in order to achieve global coverage. Our imagery data, from the Google Static
Maps API (Section S.2.2), was mostly acquired in 2018, though in some cases images may
be a few years older.

Task Units Native resolution Data source

Forest cover % forest cover ~30m x 30m (Hansen et al. 2013)

Elevation meters ~611.5m x 611.5m  (Amazon Web Services
2018)

Population density people per sq. km. ~1km x lkm (Center for International

Earth Science Information
Network (CIESIN) 2016)

Nighttime lights nanoWatts/cm? /st ~500m x 500m (NOAA National Centers
for Environmental Informa-
tion 2019)

Income USD per household census block group  (U.S. Census Bureau 2015)

Road length meters polyline (U.S. Census Bureau 2016)

Housing price USD per sq. ft. geocoded point data (Zillow 2017)

Table S1: Data sources for all tasks. Note that for all raster data sets (forest cover,
elevation, population density, and nighttime lights) stated resolutions apply to grid cells
located at the equator; raster size in Euclidean distance will vary with latitude.

S.2.1 Labels

Tasks were chosen to represent outcomes of classes (i)-(iii) above subject to the condition
that high resolution and up-to-date label data is available across the US. Below we describe
these data sources. See Section S.3.2 and Fig. S4 for a description of how we assign raw
label data to images.

Forest cover To measure forest cover, we use globally comprehensive raster data from ref.
(Hansen et al. 2013), which is designed to accurately measure forest cover in 2010. This
dataset is commonly used to measure forest cover when ground-based measurements are not
available (Alkama and Cescatti 2016; Carlson et al. 2018). Forest in these data is defined
as vegetation greater than 5Hm in height, and measurements of forest cover are given at a
raw resolution of roughly 30m by 30m. These estimates of annual maximum forest cover
are derived from a model based on Landsat imagery captured during the growing season.
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Specifically, the authors train a pixel-level bagged decision tree using three types of features:
“(i) reflectance values representing maximum, minimum and selected percentile values (10,
25, 50, 75 and 90% percentiles); (ii) mean reflectance values for observations between selected
percentiles (for the max-10%, 10-25%, 25-50%, 50-75%, 75-90%, 90%-max, min-max, 10-90%,
and 25-75% intervals); and (iii) slope of linear regression of band reflectance value versus
image date.” These estimates of forest cover were derived using different spectral bands than
we observe in our imagery, and using information about how surface reflectance changes over
the growing season, which we did not observe. This gives us confidence that we are indeed
learning to map visual, static, high-resolution imagery to forest cover, rather than simply
recovering the model used in ref. (Hansen et al. 2013).3

Elevation We use data on elevation provided by Mapzen, and accessed via the Amazon
Web Services (AWS) Terrain Tile service. These Mapzen terrain tiles provide global elevation
coverage in raster format. The underlying data behind the Mapzen tiles comes from the
Shuttle Radar Topography Mission (SRTM) at NASA’s Jet Propulsion Laboratory (JPL),
in addition to other open data projects.

These data can be accessed through AWS at different zoom levels, which range from 1 to
14 and, along with latitude, determine the resolution of the resulting raster. To align with
the resolution of our satellite imagery, we use zoom level 8, which leads to a raw resolution
of 611.5 meters at the equator.?

Population density We use data on population density from the Gridded Population
of the World (GPW) dataset (Center for International Earth Science Information Network
(CIESIN) 2016). The GPW data estimates population on a global 30 arc-second (roughly 1
km at the equator) grid using population census tables and geographic boundaries. It com-
piles, grids, and temporally extrapolates population data from 13.5 million administrative
units. It draws primarily from the 2010 Population and Housing Censuses, which collected
data between 2005 and 2014. GPW data in the US comes from the 2010 census.’

Nighttime lights We use luminosity data generated from nighttime satellite imagery,
which is provided by the Earth Observations Group at the National Oceanic and Atmospheric
Administration (NOAA) and the National Geogphysical Data Center (NGDC). The values
we use are Version 1.3 annual composites representing the average radiance captured from
satellite images taken at night by the Visible Infrared Imaging Radiometer Suite (VIIRS).
We use values from 2015, the most recent annual composite available.

This composite is created after the Day/Night VIIRS band is filtered to remove the effects
of stray light, lightening, lunar illumination, lights from aurora, fires, boats, and background

3These data can be accessed at:
https://landcover.usgs.gov/glc/TreeCoverDescriptionAndDownloads. php.

4We accessed these data via the R function get_aws terrain from the elevatr package. Code and
documentation can be found here: https://www.github.com/jhollist/elevatr.

®These data can be accessed at http://sedac.ciesin.columbia.edu/data/collection/gpw-v4
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light. Cloud cover is removed using the VIIRS Cloud Mask product. These values are
provided across the globe from a latitude of 75N to 65S at a resolution of 15 arc-seconds.
The radiance units are nW cm™2 sr~! (nanowatts per square centimeter per steradian).

Like forest cover, these labels are themselves derived from satellite imagery. However,
because they capture luminosity at night, while our satellite imagery is taken during the day,
the labels for luminosity and the imagery used to predict luminosity represent independent
data sources. Our ability to predict nighttime lights depends on how well objects visible
during the day are indicative of light emissions at night.

Income We use the American Community Survey (ACS) 5-year estimates of median annual
household income in 2015. These data are publicly available at the census block group level,
of which there are 211,267 in the US, including Puerto Rico. On average, block groups are
around 38 km?, though block groups are smaller in more densely populated areas.”

Road length We use road network data from the United States Geological Survey (USGS)
National Transportation Dataset, which is based on TIGER/Line data provided by US
Census Bureau in 2016. Shapefiles for each state provide the road locations and types,
including highways, local neighborhood roads, rural roads, city streets, unpaved dirt trails,
ramps, service drives, and private roads. Road types are indicated by a 5-digit code Feature
Class Code which is assigned by the Census Bureau.® The variable we predict is road length
(in meters), which is computed as the total length of all types of roads that are recorded in
a given grid cell.

The Census Bureau database is created and corrected via a combination of partner sup-
plied data, aerial images, and fieldwork. The spatial accuracy of linear features of roads and
coordinates vary by source materials used. The accuracy also differs by region, causing cases
in which some regions lack recordings of certain road types, the most common one being
private roads and dirt trails. For example, private roads are rarely recorded in Indiana and
some regions in Ohio (Fig. S1A), despite satellite images that suggest they are present (Fig
S1B).?

Housing price We estimate housing price per square foot using sale price and assessed
square footage values for residential buildings. Data are provided by Zillow through the
Zlllow Transaction and Assessment Dataset (ZTRAX). This dataset aggregates transaction
and assessment data across the United States, combining reported values from states and
counties with widely varying regulations and standards. Thus, significant data cleaning is

6These data can be accessed at https://www.ngdc.noaa.gov/eog/viirs/download_dnb_composites.
html1#NTL_2015.

"These data are accessible using the acs package in R (Glenn 2019), table number B19013.

8https://www.census.gov/geo/reference/mtfcc.html

9The data can be accessed at: https://prd-tnm.s3.amazonaws.com/index.html?prefix=
StagedProducts/Tran/Shape/
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A < B

Figure S1: Quality of ground truth road data varies by region. (A) Private roads in the northern
Midwest recorded in the USGS National Transportation Dataset. The conspicuous lack of recorded private
roads in Indiana and sections of Ohio suggests that road data quality in certain regions may be lacking. (B)
Overlaying recorded roads of all types (shown in white) over a single satellite image in Indiana, demonstrates
that some roads that are easily visible from satellite imagery are missing in the available data that we use
to construct labels.

required. Furthermore, because some states do not require mandatory disclosure of the
sale price, we currently have limited data for the following states: Idaho, Indiana, Kansas,
Mississippi, Missouri, Montana, New Mexico, North Dakota, South Dakota, Texas, Utah,
and Wyoming. To address data quality issues, we develop a quality assurance and quality
control (QA/QC) approach that is based on approaches employed in previous work (Moulton
and Wentland 2018; Gindelsky, Moulton, and Wentland 2019; Union of Concerned Scientists
2018) but adapted for our case.

ZTRAX contains data on the majority of buildings in the United States, initially com-
prising 374 million detailed records of transactions across more than 2,750 counties. The
data is organized into two components - transaction data and assessment data. These two
datasets are linked, allowing us to merge the latest sale price of a property to the latest
assessment data. To minimize the effect of nation-wide trends in housing price that would
be unobservable from our cross-sectional satellite imagery, we limit our dataset to sales oc-
curring in 2010 or later. Further, we restrict our analysis to buildings coded as “residential”
or ‘residential income - multi-family” and drop any sale that was coded as an intra-family
transfer. To obtain a square footage value, we follow the example in Zillow Research’s
GitHub repository (zillow-research/ztraz) and take the maximum reported square footage
for a given improvement, and then sum over all improvements on a given property.

To reduce the number of potentially miscoded outliers at the bottom end of the distribu-
tion of sale price and property size, we drop any remaining sales that fall under $10,000 USD,
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Figure S2: Correlation of labels across tasks. Each figure shows a scatter plot of labeled outcomes for
one of our seven tasks against another. All points come from a population-weighted random sampling of grid
cells (as described in Section S.3.1) across the US. Scatters and R? values are shown across approximately
100,000 grid cell labels, depending on the data availability for each task.

any properties that fall under 100 sq. ft., and any $/sq. ft. values under $10. To address
outliers on the high end of the distribution, we take this restricted sample and further cut
our dataset at the 99th percentile of $/sq. ft. by state. Afterwards, we select the most recent
recorded sale price for each property (divided by the most recent assessed square footage).
We then average across all of the remaining units within each grid cell to comprise our final
dataset of housing price per square foot.

To protect potentially identifiable information, our public data release contains housing
price labels only for grid cells that contain 30 or more sales meeting the aforementioned
criteria. This reduces the size of the dataset from N = 80,420 to N = 52,355 and makes
the model performance obtainable by users better than that stated in the main text. For
example, the public dataset will yield a test set R* of 0.60, rather than 0.52 (Table S2).
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Figure S3: Test set performance when restricting the dataset of mean housing price labels.
Curve shows the R? obtained in the test set for the housing price task in our main prediction experiment
(Table S2), when removing data with low numbers of valid, recent sales of buildings within the associated
grid cell. The dashed line indicates the restriction applied to the publicly available dataset.

This could be due to the fact that the average housing price label we train on is noisier
when estimated in a grid cell with few valid sales prices. It could also be because the
average housing price of areas with few recent sales may be inherently harder to predict via
satellite imagery than that of areas with a greater number of recent sales. Fig. S3 empirically
demonstrates the performance effect of removing grid cells with few recent sales.

Correlation of outcomes across tasks The seven tasks described above were selected
in order to evaluate the performance of MOSAIKS across many diverse contexts. Figure
S2 evaluates the extent to which this was achieved, by plotting label values against one
another. A few of the labels are moderately correlated, most notably population density and
nighttime lights, but in general there is substantial orthogonal variation across these seven
tasks.

S.2.2 Imagery

We use satellite imagery from Google Static Maps API (Maps Static API), zoom level 16 (see
Fig. 2.1A for examples). This gives roughly 1km x 1lkm images which are 640 x 640 pixels
across and 3 dimensions deep (red, green, and blue spectral bands). We coarsen these images
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to 256 x 256 x 3 prior to featurizing, meaning that our models are trained on images with
roughly 4m resolution. These images can be composites of several satellite images — sources
include the Landsat, Sentinel, SPOT, Pleiades, WorldView and QuickBird satellites.!® Prior
to downloading, images were geo-rectified and pre-processed to remove cloud occlusions.*!

S.3 Methods

This section describes the methods that we use to define samples (Section S.3.1), to construct
labels (Section S.3.2), and to construct features (Section S.3.3) for each image. It then
describes how we separate data for training and evaluation (Section S.3.4), train models
(Section S.3.5), test predictive skill (Section S.3.6), test sensitivity to the dataset size (Section
S.3.7) and test model extrapolation performance (Section S.3.8). Next, we describe tests of
model performance at sub-label or “super” resolution as well as at the global scale (Sections
S.3.9 and S.3.10).

S.3.1 Grid definition and sampling strategy

Grid definition: To evaluate the generalizability of MOSAIKS performance across tasks
we need a standardized unit of observation to link raw labels for all tasks and imagery. To
do this, we construct a single global grid onto which we project both satellite imagery and
labeled data. We design the grid to match our source of satellite imagery to ensure adjacent
images do not overlap. Each element of the grid, i.e. each “grid cell,” was designed to be
a square in physical space. Because the earth is a sphere, the angular extent of grid cells
changes across latitudes.!?

Sampling strategy: For our primary experiment in the continental US we subsample
sets of 100,000 observations, roughly 1.25% of the grid cells in the continental US, using two
distinct sampling strategies.'® First, we sample uniformly-at-random (UAR) from all grid
cells within the continental US. This sampling strategy is most appropriate for tasks like
forest cover, where there is meaningful variation in most regions of the country. Second,
we implement a population-weighted (POP) sampling strategy. To generate this sample,
each grid cell is weighted by population density values taken from Version 4 of the Gridded
Population of the World dataset, which provides a raster of population density estimates for

10Tn some cases aerial photography is also integrated into images.

HMore information is available at: https://developers.google.com/maps/documentation/
maps-static/dev-guide.

12For the continental US (spanning 25 to 50 degrees latitude and -125 to -66 longitude), the grid cells are
0.0138 degrees in width (1.39 km) at the southern edge of the grid, and 0.0138 degrees in width (0.98 km)
at the northern edge of the grid. The grid cells are 0.012 degrees in height (1.39 km) at the southern edge
of the grid, and 0.0089 degrees in height (.98 km) at the northern edge of the grid.

13We discard marine grid cells, but do not discard grid cells that are composed only of lakes or smaller
inland bodies of water.
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Figure S4: Calculation of grid cell labels from raw data. We calculate labels by spatially overlaying
our grid cells and raw labeled data. We calculate labels as the average of raw label values that fall within
the grid cell, except for roads where we calculate the label as the sum of road length within the grid cell.

the year 2015.1* This weighted sampling strategy is most applicable to tasks like housing
price, where the most meaningful variation lies in more populated regions of the US. We use
the UAR grid when sampling population density to avoid any issues that might arise from
sampling a task using the same variable as sampling weights. In both the UAR and POP
samples, we randomly sample just once; all results in the paper are displayed using the same
two subsets of the full grid. Note that these sub-sampled grid cells, by construction, are each
covered by exactly one satellite image without having to process data over the entire US.

In our main results, we use the UAR sample for the forest cover, elevation, and population
density tasks. We use the POP sample for nighttime lights, income, road length, and housing
price. See Section S.3.10 for a discussion of how we extend this grid and sampling procedure
to the global scale.

S.3.2 Assigning labeled data to sampled imagery

To assign labels to each grid cell, we spatially overlay our raw labeled data and our custom
grid. The native format and spatial resolution of the labeled data vary across the tasks
studied, necessitating different aggregation or disaggregation procedures for each task. Here,
we describe the approach taken in each task (Fig. S4).

The raw forest cover, elevation, population density and nighttime lights data are provided
natively as rasters with higher spatial resolution than our custom grid. For these tasks, we
perform aggregation by calculating the mean of all labeled pixels with centroids that fall

These data are available at http://sedac.ciesin.columbia.edu/data/collection/gpu-v4/sets/
bro
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within the imagery grid cell. The resulting labels indicate mean forest cover, mean elevation,
mean population density, and mean nighttime lights across the image grid cell.

Our road length data are provided as high-resolution spatial line segments. To aggregate
these data to the image grid cell, we calculate the sum of road length segments within each
image. The resulting labels indicate the total length of recorded roads that fall within an
image grid cell.

Our housing price data are available as individual geocoded house sales. We aggregate
these geocoded prices to the image grid cell by taking the average housing price per square
foot across all sale prices that fall within the extent of the image. The resulting labels
indicate the average housing price per square foot across all observed houses within a grid
cell.

Our income data are provided at the block-group level (see Section S.2.1 for details). In
some parts of the U.S., these block-groups are larger in total area than our image grid cells.
However, in other regions, block-groups are smaller than our image grid cells. To treat both
cases consistently, we aggregate incomes to the grid cell level by taking the weighted average
of block-group incomes, where the weights are the area of intersection between the image
grid cell and the block-group polygons. These weights are normalized to unity for each grid
cell. The resulting labels indicate the area-weighted average median income across the grid
cell.

Future users of a production-scale version of MOSAIKS would employ label data of
arbitrary format and resolution. The above approaches provide guidelines for how to match
various forms of label data to the pre-computed image feature grid, but other methods may
be used. In the simplest case, for example, sparse point data could be directly matched to
the nearest grid cell centroid.

S.3.3 Featurization of satellite imagery

Notation In our context, the input variable z is a set of satellite images I, each correspond-
ing to a physical location, £. We use brackets to denote indexing into images, with colons de-
noting sub-regions of images (e.g. I,[7, j] is the (4, ) pixel of image I, Iy[i : i+ M, j : j+ M|
is the square sub-image of size M x M starting at pixel (7, j).) Because images have a third
dimension (spectral bands), a colon I,[i, j,:] denotes all bands at pixel (7, ). Indexing into
non-image objects is denoted with subscripts (e.g. the k™ element of vector x is denoted as
x;, and the k™ patch in a set of patches P is denoted as P). We denote inner products with
angular brackets (-,-) and the convolution operator with .

Connection to the kitchen sinks framework The random kitchen sink featurization
used in MOSAIKS relies on a nonlinear mapping ¢(z;©y), where z is an input variable
and © is a randomly drawn vector. Here, we describe the implementation details of this
featurization in the context of satellite imagery. Connecting our implementation and notation
to the framework of random kitchen sinks, the random variables ©,, are instantiated as the
values of a random patch P, and the bias b,. The input variable z is an image I,, and
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Figure S5: MOSAIKS process from featurization to multi-task prediction. Given a large sample
of N satellite images (A), a random sample of K patches (B) are drawn. (C) These K random patches P
are convolved over each image Iy and (D) passed through a nonlinear function ¢(-) to generate K activation
maps. (E) Pixel-specific activations are pooled across each image to generate one set of N x K features that
are stored and distributed to all users. (F) The same random feature vector x is used in cross-validated ridge
regression across many distinct tasks, after labeled and geo-referenced data y, is matched to features from
each image I, (as shown in Fig. 1B of the main text). (G) Models trained via ridge regression can be used
to generate predictions across unrestricted tasks for any location with satellite imagery.

g(z; ©y) represents the convolution of the patch over the image, followed by addition of the
bias b, and application of a element-wise ReLU function and an average pool, as described
in the Methods of the main article and detailed below.

Methodological Details Fig. S5 depicts our featurization process. As described in Sec-
tion S.2.1 and S.3.1, we begin with two sets (uniform and population-weighted samples) of
N =100, 000 satellite images, each of which measures 640 x 640 x 3 pixels (the third dimen-
sion represents the visible red, green, and blue spectral bands). We then coarsen the images
to 256 x 256 x 3 pixels to reduce computation. Next, we draw K /2 = 4,096 small sub-image
“patches” of size M x M x 3 uniformly at random from the 80,000 images that comprise our
training and validation set, and calculate the negative of each patch to get another 4,096
patches (Fig. S5A, S5B). Our chosen specification sets M = 3, so that each patch Py is of
dimension 3 x 3 x 3 (see Fig. S6 for performance in experiments using different patch sizes).

We then “whiten” each patch by zero components analysis (ZCA), a common pre-
processing routine in image processing (Krizhevsky and G. Hinton 2009). ZCA whitening
pre-multiplies each patch by a transformation such that the resulting empirical covariance
matrix of the whitened patches is the identity matrix. We then convolve each patch Pj. over
each of the N images (Fig. S5C) to obtain a set of 254 x 254 x 1 pixel matrices for each
image I,'5.During the convolutions each 3 x 3 x 3 sub-image I,[i : i + M, j : j + M, :] is also
whitened according to the same whitening matrix as is applied to the patches.'® We then

15To improve efficiency of the featurization process, our implementation calculates the inner product of
patch and image only for the original K /2 patches. We then create an additional K/2 values equal to the
negative of each of the original inner products.

16Tn practice, we apply the whitening operator as a right multiplication to the original 8192 x 27 whitened
patch matrix in order to reduce computation.
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apply a pixel-wise nonlinearity operator ® to each resulting matrix to obtain K nonlinear
activation maps Ay (I;) = ®(Py * I + by) for each image I, (Fig. S5D) so that the (4, )"
pixel of the k' activation map is defined as

where b, is a bias term from the constant bias matrix by, in which every element is
equal to by = 1. We use ®(I,; Py, br) = ReLU(Py * I, + by) := max{Py * I, + by, 0} as
the nonlinear operator. We then aggregate across the image by taking the average of the
nonlinear activation maps (Fig. S5E). The combination of the nonlinear operator ®(-) and
average pooling composes the function g(-) above, and creates a scalar value for each patch
k and image ¢ pair:

254 254

xill) = 2 0> Aw(T)li ) 2.1

i=1 j=1

Stacking these scalars across all K patches provides the resulting K-dimensional feature
vector, x(Ip) = [x1(L) x2(I) ... xg(I;)] € R¥. This featurization thus embeds the
original image I, into a K-dimensional feature space, which can then be mapped to many
different outcomes using task-specific models (s) implemented by researchers (r): y,” =
x(I,)B*" +¢€,", as illustrated in Fig. S5F. This linear relationship between labels and features
may express a relationship between labels and image pixels that is highly nonlinear because
the features themselves are nonlinear with respect to the images.

Patch size and sampling We approximate the idealized complete convolutional basis,
which contains features for all patch sizes, with the simpler truncated basis where we use only
a single patch size. Throughout our main analysis, we use a 3 X 3 x 3 patch size for P,. While
larger patches may, in principle, enable the detection of image features with larger spatial
structure, we find that, in practice, patch size M = 3 performs best across all seven tasks
(Fig. S6). This finding suggests that most information contained within satellite imagery of
this resolution can be represented by local-level image structure, and that the inclusion of
“non-local” relationships reduces the efficiency of the function approximator by introducing
more degrees of freedom. This empirical finding is consistent with previous applications of
kitchen sink features (Simonyan and Zisserman 2015).

We draw patches randomly from the empirical distribution of M x M x 3 patches from our
training data set of satellite images. Drawing patches from the empirical distribution, rather
than generating them randomly, allows us to sample efficiently from the distribution of sub-
images we will encounter in the sample. This patch selection process is almost identical to the
filter selection methods described in refs. (Coates, H. Lee, and Andrew Y Ng 2011; Benjamin
Recht et al. 2019; Agarwal et al. 2014). It may be valuable for future research to explore
whether MOSAIKS performance and computational efficiency could be improved through
patch selection algorithms. For example, one goal in selecting patches-based features is to
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Figure S6: Performance by patch size. Featurization in MOSAIKS relies on convolving an M x M x 3
patch Py across satellite images. M indicates the width in pixels of each sub-image patch, and the third
dimension indexes the 3 spectral bands used throughout the analysis in this paper (an analogous approach can
be applied to hyperspectral data). This figure shows, for each task, test set R? for patch sizes M = 1,2, 3,6, 12
and 24, using K = 2,048 features for each M. The dotted gray line indicates the benchmark model used
throughout the paper, with M = 3.

promote relative sparsity in the resulting patch-based features, as in ref. (Romero, Gatta,
and Camps-Valls 2016). However, any attempt to tailor patch selection or featurization
to a particular task of interest requires sacrificing the generalizability of this task-agnostic
featurization. It remains an open question whether a non-randomly selected set of basis
patches could potentially achieve similar (or greater) performance than what we present
here when applied to arbitrary new tasks.

Alternative interpretations relating MOSAIKS to kernels and CNNs The meth-
ods summary describes how MOSAIKS’s convolutional random features enable nonparamet-
ric approximations of nonlinear functions through an embedding in a rich basis that expresses
local spatial relationships. Here, we provide two alternative interpretations of the approach,
the first relating to kernel methods and the second relating to convolutional neural networks.
We believe these interpretations can provide useful lenses to consider why MOSAIKS works,
and may also be helpful to researchers thinking about related problems.

First, one could interpret the design of MOSAIKS as if we were attempting to design a
computationally tractable approximation to implementing a ridge regression using a convo-
lutional kernel and the kernel trick. Under this interpretation, one could arrive at the same
design of MOSAIKS using the following logic: (i) Design a kernel that allows us to describe
the “similarity” of every image to every other image in the sample. (ii) For any new task, we
want to use a kernel regression to predict the unobserved labels of new images based on their
similarity to all other images—specifically, predicted labels would be a weighted sum of all
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observed labels using weights determined by this kernel-based measure of image similarity,
i.e. the kernel trick. (iii) Unfortunately, calculating such a kernel exactly would be compu-
tationally intractable on a data set as large as the one we use, so instead use convolutional
kitchen sinks (i.e. the featurization in MOSAIKS) to approximate the desired kernel regres-
sion. This last step follows from prior work demonstrating two concepts. First, random
features can approximate the lifted feature space induced by well-known kernels (Rahimi
and Ben Recht 2007) as the number of random features increases. Second, convolutions of
random patches drawn from joint Gaussian distributions has been proven to approximate,
in the limit, a kernel in which every sub-image from one image is compared with every
sub-image from another using an arc-cosine distance function (Daniely, Frostig, and Singer
2016). Thus, convolutions with random patches should, in the the limit, approximate a
kernel that compares every sub-image with every other sub-image in the sample. However,
because our distribution of patches is drawn from training imagery, rather than from Gaus-
sian distributions, there is not an analytical expression that is known for the kernel being
approximated by MOSAIKS in the limit.

The above logic would arrive at a design essentially the same as MOSAIKS, although it is
not our preferred motivation or interpretation of why MOSAIKS works because it is a more
complicated rationale than is needed. Ref. (Rahimi and Benjamin Recht 2008b) showed that
the existence of an associated kernel is not necessary for performance using kitchen sinks.
Rather, it is simply the embedding of an input in a descriptive basis that provides the pre-
dictive skill, the insight that motivates our preferred—and we think simpler—interpretation
presented in the main text. Nevertheless, the interpretation of MOSAIKS in the context of
kernels motivates one way to understand the mechanism through which MOSAIKS achieves
predictive skill at low computational cost. Namely, it enables the approximation of a non-
parametric kernel regression, using some (unknown) fully convolutional kernel that is suffi-
ciently rich to represent meaningful similarity between images but costly enough to prohibit
a direct application of the kernel trick.

An additional way to contextualize MOSAIKS is in terms of its computational elements.
In particular, MOSAIKS uses image convolutions and nonlinear activation operations com-
mon to convolutional neural networks (CNNs) (Alber et al. 2017). Indeed, MOSAIKS is
mathematically identical to the architecture one would arrive at if one designed a very shal-
low and very wide CNN without using backpropogation and instead using random filters.
Specifically, MOSAIKS could be viewed as a two-layer CNN that has an 8,192-neuron wide
hidden layer with untrained weights that are randomly initialized by drawing from sub-
images in the sample, and that uses an average-pool over the entire image. In contrast to
the conventional CNN approach of optimizing weights (via backpropogation), the random
initialization with no subsequent optimization significantly reduces training time and avoids
numerical challenges associated with non-convex optimization procedures (such as vanishing
gradients). Thus, in the main text, we do not frame MOSAIKS as a CNN because MOSAIKS
does not exploit the primary benefits of a deep CNN, since MOSAIKS lacks intermediate
layers and does not implement backpropogation. Nonetheless, some readers may find this
description more intuitive, and, as mentioned in the main article, we believe that the high
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performance of MOSAIKS might motivate the design of CNN architectures that share some
of these computational elements.

Because deep CNNs are a state-of-the-art tool for SIML tasks, we provide further compar-
isons of MOSAIKS performance and cost relative to this benchmark in Sections S.4.1 and S.4.2,
respectively.

S.3.4 Data separation practices and cross-validation

We split our data into a 20% holdout test sample and an 80% training and validation sample.
Within the training and validation sample, we perform 5-fold cross validation in our primary
analysis, splitting the training and validation sample into 5 sets of 80% training data (64%
of full sample) and 20% validation data (16% of full sample), such that the validation sets
are disjoint.

Creating the holdout test set Before any of the label data are touched, we remove a
hold-out test set that is chosen uniformly at random from the entire sample, consisting of
20% of the original data. The analysis and diagnostic procedures that follow use only the
remaining 80% of the observations. The held-out test set is only used once, for the purposes
of comparison to the validation set performance in Table S2. It is important to keep these
data untouched until this point to ensure that our final performance results do not suffer
from over-fitting.

Tuning hyperparameters We choose the optimal A in Eq. (2.3) for each outcome through
5-fold cross-validation over the training and validation sample. Specifically, A is chosen to
maximize average performance (R?) across 5 folds, from a list of candidate values.'” For
tasks with the same sampling scheme (i.e. UAR versus population-weighted sampling), the
folds are consistent across tasks, so that each of the five folds comprises the same set of
locations across the tasks.

Using cross-validation to measure model robustness In addition to being a princi-
pled way of selecting hyperparameters, cross-validation gives us a notion of how robust our
model is to changes in the training and validation samples. Since each of the 5 validation
sets is disjoint and randomly selected, the empirical spread of performance across folds gives
us a notion of the variability of our model when applied to new data sets from the same
distribution. Understanding this variation is one way of understanding the performance of
our model; it gives us a notion of variance of aggregated performance (e.g. R? over the entire
sample, for a given set of hyperparameters). A useful aspect of MOSAIKS’s low computa-
tional cost of model training, however, is that it enables researchers to calculate the variance
of individual predictions by bootstrapping.

IT"We choose these candidate values so as to ensure the chosen optimal A is not the minimum or maximum
of all As supplied.
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S.3.5 Training and testing the model

In our primary model (results shown in Fig. 2.2 of the main text) we solve for grid cell
labels as a linear function of random convolutional features using a ridge regression model
and a cross-validation procedure. To obtain training and validation sets, we follow the data
separation practices outlined in Sec. S.3.4, and drop any observations with missing values.
The resulting combined training and validation set sizes are N = 80,000 for forest cover,
80,000 for elevation, 54,375 for population density, 80,000 for nighttime lights, 73,102 for
income, 80,000 for road length, and 80,420 for housing price.

Population density, nighttime lights, and housing price have label distributions that are
approximately log-normal (Fig. ST7), so we take a log transformation of the labels. We add
1 before logging to avoid dropping labels with an initial value of zero (see Section S.3.6 for
performance in logs and levels for all tasks).!®

With these labels and features in hand, we regress each outcome y; for each task s on
features x, as follows:

yi =x(I)B + ¢ (2.2)

We solve for 3° by minimizing the sum of squared errors plus an [, regularization term:

S
ming [lyf — x(1)8"3 + > 118711 (2.3
B 2 2

We use ridge regression across all outcomes to demonstrate the generalizability of using a
single set of image features across many simple regression models. Further, this standardized
methodology facilitates comparison of performance and sensitivity across tasks. We note
that other modeling choices could potentially improve fit (e.g. using a hurdle model for zero-
inflated outcome distributions such as road length); we leave such task-specific explorations
for future research.

In visual display of results and calculation of performance metrics such as R?, we clip
our predictions for each task at the minimum and maximum values observed in the labeled
data.

The resulting weights (i.e. regression coefficients) 3* obtained from estimation of Eq. (2.2)
indicate, along with the variance of the features, which features k (derived from random patch
P;) capture meaningful information for prediction in each task. Fig. S8 demonstrates that
the recovered weights are stable across cross-validation folds within a task. The first two
columns show standardized weights that are estimated from disjoint training and validation
splits for the same task.!® Values corresponding to each axis are the regression weights es-
timated when the corresponding fold composes the training set. High R? values indicate a

18Since housing price per square foot is always positive, for that variable we use just a log transformation.

9For consistency across comparisons, R? is calculated on standardized regression weights, which have
been demeaned and divided by their standard deviations. The number of random features is set to K = 1,024
for visual display purposes.
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Figure S7: Distribution of outcome variables in levels and logs. Histograms show the distribution of
each outcome variable over all sampled image grid cells (approximately 100,000 observations, depending on
data availability). Forest cover, elevation, and population density are sampled uniform at random across the
continental US, while all other variables are randomly sampled with population weighting. The first column
shows the distribution in levels, and the second in logs. For elevation, population density, nighttime lights,
and road length, logs were taken after adding 1 to the raw values, given the propensity of zero values in
these outcomes.
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strong correlation between regression weights from different folds within a single task (forest
cover, elevation, and population density are shown), demonstrating that similar linear com-
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Figure S8: Regression weights across folds within a task vs. across tasks within a fold. All
scatterplots indicate regression weights for forest cover, elevation and/or population density. Each point
depicts estimated coefficent values for the kth feature (3;) when trained on either different samples or
different labels. In the across-fold examples (first two columns), we learn weights for disjoint training and
validation splits for the same task via cross-validation in which one fold acts as the training set and the
other as the validation set. Values corresponding to each axis are the regression weights when that fold
is the training set (e.g. the top left scatter shows {ﬁ,{w%ﬂ7 ,{wesw}), and indicate a strong correlation
across regression weights from different folds. In the across-task examples (last column), regression weights
are shown for the same training and validation sets for two distinct tasks (e.g. the top right scatter shows
{Bgtevation0 ,’:oresw}). We see that there is virtually no correlation in regression weights across tasks,
demonstrating that predictions across tasks lie in orthogonal subspaces of the feature space. Across all
examples here, we set the number of random features to K = 1,024.

binations of features are selected by the regression model, even when the sample of training
images changes. This suggests that specific sets of patches consistently contain valuable
information in predicting outcomes for a specific task. However, different combinations of
patches are useful for different tasks, and we find no correlation in the weights recovered
between tasks. For example, in the last column of the figure, we show that regression weights
that are recovered for forest cover and elevation (top right) are essentially orthogonal as are
regression weights recovered for forest cover and population (lower right). In these two plots,
regression weights are shown for the same training and validation sets, but for two distinct
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tasks. Sets of features that are relevant for prediction in one task appear to be irrelevant for
another, as there is virtually no correlation in regression weights.

Intuition The consistency of weights recovered in MOSAIKS across folds within a task,
and the orthogonality of weights recovered within a fold but across tasks, provides some
intuition for why MOSAIKS provides consistent results and generalizes across a very large
(potentially infite) number of potential tasks. The rich featurization x(I,) locates image I,
in a very high-dimensional (K-dimensional) feature space. Solving for 8° in Eq. (2.2) then
identifies the K-dimensional vector 3° that points in the direction of most rapid ascent (the
gradient vector) for labels 3*, when the position of images x(I,) are projected onto this vector.
Because the feature space is so large — our baseline model has an 8,192-dimensional feature
space — there are a vast number of orthogonal gradient vectors that can be drawn through
this space along which images can be organized for different tasks. The left and center panels
of Fig. S8 illustrate that similar K-dimensional gradient vectors 3° are selected when solving
for the same task but using different samples (each point depicts an element of the vector
(3%). The right panels shows that for different tasks, the gradient vectors are orthogonal and
point in completely unrelated directions in the feature space. This orthogonality means that
predictions g° for different tasks will be independent of one another, even though both are
constructed as linear combinations of the same set of features.

S.3.6 Primary model test set performance, robustness to
functional form, and spatial distribution of errors

Here, we describe how we test for overfitting to the training and validation set in our primary
model, test for primary model performance robustness to alternative functional forms, and
characterize the spatial distribution of primary model error.

Performance in a holdout test set To test for overfitting, we evaluate the performance
of our primary model on a randomly sampled 20% holdout set. These data were never used
for model selection and were only touched at the end of our analysis to check for overfitting.
To conduct this test, for each outcome, we use cross-validation within the training set to
determine the outcome-specific optimal A. We then retrain the model on the full training
set using this optimal A, and evaluate this model on the holdout test set. We find that
performance in the test set is nearly identical to that of the validation set (Table S2), which
indicates that our models were not overfit to the data. For some performance metrics, such
as the maps in the main text, we present validation set performance (instead of the test set)
because the sample is larger and the performance is unchanged.

Robustness of model to alternative functional forms Throughout the main text, we
report primary model performance in each task from a model estimated with labels that are
either logged (e.g. population density), or in levels (e.g. forest cover). The decision regarding
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Cross-validation  Test set
Task R? R?
Forest cover 0.91 0.91
Elevation 0.68 0.68
Population density 0.73 0.72
Nighttime lights 0.85 0.85
Income 0.45 0.45
Road length 0.52 0.53
Housing price 0.50 0.52

Table S2: Model performance in the hold out test set. For each outcome, we use
5-fold cross-validation within the training/validation set using 80% of our labeled data to
optimally select task-specific hyperparameters in ridge regression (i.e. A). We then retrain
each model on the full training set using this optimal A. Performance on the validation set
(column 1) is compared to that of the held out test set (column 2).

functional form for each task was made based on the underlying distribution of labels across
our image grid cells. Many outcomes, such as housing prices, display exceptionally skewed
distributions that approximate log-normality (see Fig. S7). For these outcomes, we take
the natural log of the image grid cell values in model training and testing. Table S3 shows
model performance for all tasks under both the levels and logs functional forms.?° Tasks with
highly skewed distributions, such as population density, housing price per square foot, and
nighttime lights have substantially higher performance (R? increases by 10-64%) after being
logged. Tasks whose labels display much less skew in levels, such as road length, income,
and elevation show small to modestly reduced performance (4-21%) when their outcomes
are modeled in logs.

Spatial distribution of errors Fig. S9 shows the distribution of errors over space, for the
model predictions presented in Fig. 2.2. The model systematically over-predicts low values
and under-predicts high values across all tasks. This is likely due to our choice of ridge
regression, which favors predictions that tend toward the mean due to the /5 penalty. The
structured correlation of errors across space suggests that there is substantial room for model
improvement, potentially from including task specific knowledge. For example, our models of
housing price and elevation could likely, respectively, be improved by adding in information
about school districts —to address clustering of house price error in parts of big cities —
or location — to help identify large areas of high elevation such as the Rocky Mountains.
We recognize that there exists substantial room for task-specific model performance, which
we leave for future research. Further, discontinuities in the error structure over political

20In tasks where negative values or zeros are present (e.g. forest cover, elevation, and nighttime lights),
we drop negative values and add one to zero values before taking logs for this test.
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R2
Forest cover 0.90 0.91
Elevation 0.58 0.68
Population density 0.73 0.56
Nighttime lights 0.85 0.77
Income 0.43 0.45
Road length 0.41 0.52
Housing price 0.50 0.44

Table S3: Model performance across tasks and functional forms. All R? values
indicate performance using the optimal hyperparameter \ after 5-fold cross-validation. In
the log model, the outcome variable is defined as the natural logarithm of the original labeled
data (e.g. natural log of the average forest cover over an image gridcell). In the levels model,
the outcome variable is simply the level of the aggregated labeled data, as defined in Section
S.3.2. Values in bold are reported in the main text.

boundaries can help identify inconsistency in label quality. For example, the sharp increase
in road length prediction error moving across the border from Louisiana to Texas suggests
that the raw data labeling in these two states may differ methodologically, which introduces
error into the label, and in turn, the model.
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Figure S9: Labels and prediction errors over space for each task. Left maps: ~80,000 observations
used for training and validation, aggregated up to 20km x 20km cells for display (precise number of obser-
vations varies by task based on data availability; see Section S.3.5). Right maps: prediction errors from
concatenated validation set estimates from 5-fold cross-validation for the same ~80,000 grid cells, identically

aggregated for display.



CHAPTER 2. A GENERALIZABLE AND ACCESSIBLE APPROACH TO MACHINE
LEARNING WITH GLOBAL SATELLITE IMAGERY 45

S.3.7 Altering the number of features and training set size

To better understand factors that could improve the primary model, we test the sensitivity of
its performance to the number of features and the training set size (results shown in Fig. 2.3
in the main text). Understanding the returns to additional features and observations enables
better optimization of model performance given cost constraints.

Since features in MOSAIKS are generated randomly, there is no theoretical reason to se-
lect a specific number of features. To test the sensitivity of the primary model performance
to the number of features, we train a model identically to our primary specification (Section
S.3.5) except that we vary the number of features across the values {100, 200, 500, 1000, 2000, 4096, 8192}
(Fig. 2.3A). For each set of features and each task, we conduct 5-fold cross-validation to re-
cover the optimal hyperparameter \.

Notably, using only 100 features recovers a substantial amount of the variation across
tasks. Of the tasks, the least variation is recovered for income (R? using 100 features is
81% of R? using 8,192 features) and the most variation is retained in nighttime lights (R?
using 100 features is 96% of R* using 8,192 features). This suggests that in computation or
memory-limited settings, fewer features could be used with only minor losses in performance.
On the other hand, even with 8,192 features, performance does not fully flatten out (on a
logarithmic scale). This suggests that performance could be improved further by increasing
the number of features past K = 8,192. At the limit of our testing, a doubling of K from
4,096 to 8,192 led to a largest performance increase of 0.026 R? for income and a smallest
of 0.010 R? for forest cover.

To test the sensitivity of primary model performance to the number of training samples,
we train a model identical to our primary specification (with 8,192 features) except with a
varying size of training set (from 500 to 64,000 images) (Fig. 2.3A).?! In cases where the
training set has fewer than 64,000 total observations due to missing data (e.g. population
density, income, road length and housing price), we use the full training data set to construct
our largest training sample.

Similarly to increasing the number of features, increasing the training set size increases
model performance with diminishing marginal returns. Notably, models trained on only 500
observations recover at minimum 56% (road length) of performance relative to N = 64,000
and at maximum 87% (forest cover), excluding income and housing price, which require
larger samples to attain performance. This suggests that, for all but the most difficult SIML
tasks, MOSAIKS may be useful even when label collection is very costly. For the tasks with
the best R? performance (forest cover, nighttime lights), performance plateaus out as the
number of training observations approaches 64,000. However, for the remaining five tasks,
these results show that more training data could substantially increase performance further.
The range of performance gain from increasing N = 32,000 to 64,000 is bounded below by
forest cover (.005 R?) and above by road length (.027 R?).

21The same per-fold validation sets are used for each iteration of this analysis as well as for the primary
analysis and for the test of model performance sensitivity to the number of features.
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Figure S10: Illustration of the procedure to systematically shift train and validation sets in
space when assessing the performance of MOSAIKSover regions with no ground-truth data.
To assess the ability of MOSAIKS to generate meaningful predictions when extrapolating across large spatial
distances, we conduct a “checkerboard” experiment (Section S.3.8, Fig. 3B-C of the main text) in which
the training set (“black squares”) and validation set (“white squares”) are separated by increasingly large
distances. The length of a square in each experiment is ¢, measured in degrees. This figure demonstrates
the four different train/validation splits that are created by shifting a given spatial checkerboard (split 1) by
§/2 to the right (split 2), 6/2 up (split 3), and both simultaneously (split 4).

S.3.8 Testing generalizability across space and comparison to
kernel-based interpolation.

To understand the ability of our model to predict outcomes in large contiguous regions with
no ground truth, we design an experiment where we evaluate models using training and
validation sets that are increasingly far away from each other in space. Specifically, we
iteratively create a grid over the US with a side length of § degrees and then use this grid to
divide the training and validation dataset (N = 80, 000) into spatially disjoint sets of roughly
equal size. We create these disjoint sets by assigning observations that lie in every other box
within the grid to the train set and test set, respectively, creating a checkerboard pattern
with the train set and test set, as shown in Fig. 2.3B. We vary the width  of each square
in the grid range across the values of {0.5,1.5,2,4,6,8,10, 12,14, 16} degrees (roughly 40 to
1400 km) in sequential runs of the experiment. As J increases, validation set observations
become on average farther away from the training set points. This distance makes prediction
on the validation set more difficult, because observations in the validation set are now likely
to be less similar to those in the training set. We learn the model on the training set using
ridge regression. To assess the stability of this performance, we offset the checkerboard and
re-run the above analysis four times — once in the original location and then three more
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times — shifting the grid up, right, and both up and right by half the width of the grid (see
Fig. S10). The ¢ regularization term, A, is selected to maximize average performance in the
four validation sets, as we would select in in a standard cross-validation procedure.

The performance plotted in Fig. 2.3C is the performance on the the resulting validation
sets. We find that across most tasks, performance degrades only slightly as the distance be-
tween training observations and testing observations increases. This suggests that MOSAIKS
is indeed learning image-label mappings that transfer across spatial regions.

Comparison of MOSAIKS to kernel-based spatial interpolation In these exper-
iments we demonstrate that MOSAIKS outperforms spatial interpolation (or extrapola-
tion, depending on geometry) — a commonly used simple technique to fill in missing data
(Fig. 2.3C). This suggests that MOSAIKS, and SIML generally, exploits the spectral and
structural content of information within an image to generate predictions at national scale
that extend beyond what can be captured by geographic location alone.

We compare MOSAIKSto kernel-based spatial interpolation using a Gaussian Radial
Basis Function (RBF) kernel, a simple and general widely used approach. In this approach,
the value for a point in the validation set at location ¢, € R? is predicted to be a weighted
sum of the values of all the points in the training set ¢;, as follows:

Z ny(€t7€U)

g :€[Train]

D SRR

£y €[ Train]

__1_ _ 2
Wty b)) = e a1t

Here, w is the weight assigned to each observation in the training set based on kernel values
that are indexed to distance, such that w decreases as the distance between the point being
predicted and the point in the training set increases. We select o0 — the parameter that
determines the rate at which w degrades with distance — to maximize average performance
on the validation set across all four spatially-offset runs, similar to how we tune A in the
spatial extrapolation experiment described above. The optimal value of the bandwidth
parameter ¢ will depend on the task at hand, as well as the average distance from points in
the validation set to points in the training set. To ensure comparability, spatial interpolation
based predictions and performance are computed for the exact same samples as used for
MOSAIKS in each checkerboard partition.

S.3.9 Super-resolution

As discussed in the methods summary, the featurization method in MOSAIKS exploits the
fact that many image-level outcomes of interest are linearly decomposable across sub-image
regions. This is done by creating image-level features that are averages of statistics from
all sub-image regions. Because these features are ultimately used in linear regression, a
natural property of this approach is that weights estimated in this linear regression can be
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used not only to generate predictions of outcome variables at the image-scale, but also at
the scale of any sub-image region. As satellite imagery are available at increasingly high
spatial resolution, this “super-resolution” property is both practical and powerful, enabling
researchers to generate novel predictions at higher resolution than available ground truth
data.

This section gives mathematical justification for a simple method to use MOSAIKS to
predict outcomes of interest at a finer resolution than available labeled data. We display the
super-resolution properties of MOSAIKS visually, and quantitatively document the empirical
performance of this super-resolution approach.

Why MOSAIKS naturally achieves super-resolution for label predictions Given
an image-label pair {I,, y{ }, the goal of super-resolution is to resolve which sub-regions of the
image I, contribute to high or low values of y;. Recall that for image I,, feature vector x(Iy)
is a K dimensional vector, where each scalar element x;(I;) of x(I,) is an average across
the pixels of the image of the values obtained by convolving sub-regions of the image with
patch Pj. As in Section S.3.3, denote by X the full random feature matrix in RV*¥ | so that
X denotes the k' element of the feature vector describing image I,. By Eq. (2.1), we can
decompose the feature elements as:

254 254

254222Ak (L)[i, J]

i=1 j=1

X =x5(1y) =

where A, is the activation map associated with patch P,. Since we are using a linear model
to form predicted values, we can trace these values back to subregions of the original image.
When we perform a linear regression for task s, the resulting regression weights are a vector
B¢ € RX such that the scalar ﬂk describes the relative weight of feature k in the image-scale
predictions. The prediction of outcome s using image I, thus decomposes as:

U, = X3
K A~
= erk B
=1
K 1 254 254 R
- (2542 ZZAk(Ie)[iJO - By,
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254 254 K
N> (z i)
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super—resolution prediction

where the third line follows from substituting X, according to Eq. (2.1). Therefore, we can
associate with each pixel indexed by (7, j) a predicted super-resolution value:

= B (Ax(T)i, 4)) (2.4)
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which is that pixel’s predicted label value, and thus its contribution to the overall predicted
image-level label value g, for I,. We use a Gaussian filter to smooth these per-pixel predic-
tions to enforce spatial consistency and reduce variance of the high-resolution predictions,
using a kernel bandwidth of ¢ = 16 pixels. These smoothed pixel-level predictions can be
average-pooled to larger sub-image scales as shown in Fig. 2.4B. The procedure to con-
struct super-resolution predictions, and a comparison of it to the precedure to construct
impage-level predictions, is illustrated in Fig. S11.

Fig. S12 demonstrates empirical performance of Eq. (2.4) using ten examples of this
approach at super-resolutions on both the forest cover and population density outcomes.
The ten images were randomly selected from the union of observations with forest cover
> 10% and population density > 100 people/ km?® to ensure that all images considered had
a non-negligible value for each variable.??

In our formulation, super-resolution predictions are easily estimable during featurization.
Consider again the per-pixel contributions of Eq. (2.4). An alternative way to express this
is

biig) = (Z By Aw(Iy) ) i, 5]

That is, super-resolution estimates are just a linear combination of the activation maps
A (1,) weighted by Bg (see Fig. S11). Every time we featurize a new image I, we must
perform the step of computing the K activation maps {A(I} )}E | (Fig. S5 D). Therefore, if
we already have a suitable regression weight vector [35 for task s, for any new images I that
we featurize, we can compute the super-resolution predictions Z 1 Bk A (I,) as weighted
combinations of the activation maps at negligible additional cost, prior to pooling, in the
existing featurization pipeline.

22To ensure that weights decomposed as a sum, as in Eq. (2.4), we used level values (i.e. not log-
transformed) for population density labels in Fig. S12.
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A Training regression weights and predicting at image scale
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Figure S11: Illustration of the procedure to construct predictions at image resolution and super-
resolution. Panel A illustrates the standard MOSAIKS prediction pipeline. After convolution with random
patches, nonlinear activation maps A (I,) are averaged across images to construct a set of image-level features
xx(I) used in linear regression to generate predictions at image-scale (Section S.3.3). Panel B illustrates how
the weights trained using labels and features at image-scale in panel A can be used to generate predictions
at resolutions higher than the images and labeled data, achieving predictions at super-resolution. The scalar
product of the entire activation map Ay(Iy) and the estimated weights vector f)’ generates super-resolution
predictions at any desired sub-image scale larger than pixel-level. The last column of panel B illustrates the
fact that super-resolution predictions, when averaged across an image, are identical to predictions generated
from the standard process in panel A.
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Figure S13: Systematic evaluation of within-image R’ recovered in the forest cover task.

Evaluating super-resolution performance

To systematically evaluate the ability of MOSAIKS to accurately predict outcomes
at super-resolution, we evaluate the within-image label variation that MOSAIKS’s super-
resolution predictions accurately explain. We use forest cover for this test because the raw
label resolution is substantially finer than the grid cell used to construct labels (see Section
S.3.1 and Fig. S4), so we are able to attach “true” labels to super-resolution predictions
within each image. In our main analysis, we construct grid cell forest cover labels by av-
eraging fine-resolution raw forest cover data (see Section S.3.2). Here we leverage the fine
resolution of the raw data to compare super-resolution performance of a model trained on
aggregated labels but tested on high-resolution raw forest cover data.

Specifically, we learn regression weights BS using a ridge regression applied to image-level
labels from the full U.S. UAR sample (N = 100,000). We do so for multiple regulariza-
tion parameters, A, then make super-resolution predictions on a “validation” set of 1,000
images?. We use the R2 score for 32x downscaled predictions (32x32 predictions per image)
to choose optimal values for A and o (the Gaussian filter length scale).?* Next, we use the
weights derived from our image-level ridge regression, along with the corresponding optimal
A and o, to make super-resolution predictions for 16,000 additional images drawn randomly
from the full set of 100,000 (excluding the 1,000 used for choosing hyperparameters). Lastly,
we aggregate these pixel-level predictions to coarser sub-image scales, where increasing ag-
gregation (lower super-resolution factor) reduces noise in the predictions at the cost of lower
resolution.

We assess the performance of super-resolution at a variety of scales by calculating the
percent of the variance of the raw within-image forest cover labels that can be explained
by the super-resolution predictions at each scale. For example, to assess the performance of

23Note that none of the pixel-level values in this validation set are used in the ridge regression, but the
corresponding image-level labels are in-sample.

24The optimal A = 1e5 is higher than that chosen to optimize image-level predictions (Fig. 2.2), likely
due to increased noise in sub-image predictions.
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2 x 2 super-resolution predictions, we average predictions from the 254 x 254 super-resolution
predictions by quadrants, resulting in four predicted values (twice the original resolution).?®
We perform the same per-quadrant average for the raw fine-resolution forest cover labels. We
demean both the within-image predictions and labels to eliminate across-image variation,
thereby focusing this test on the ability of the predictions to explain residual within-image
variation. We then concatenate these within-image predictions and labels across the N =
16,000 images, so that the resulting R* value reported is the percent of super-resolution
label variance explained by super-resolution predictions, across 64,000 = 16,000 - 22 label-
prediction pairs.

The resulting performance of super-resolution predictions at different scales is shown in
Fig. S13 for width scales of 2 x 2, 4 x 4, 8 X 8, 16 x 16, and 32 x 32. We test up to w = 32
because the native width of the forest cover labels (~ 30m) is just under 1/32 the width of
the original image (~ lkm). Super-resolution predictions are trained only on the aggregate
label at the image-level. Nonetheless, as Fig. S13 shows, we are able to explain over 50%
of the within-image label variations at 2 x 2 super-resolution, and over 30% of the variation
using 32 X 32 super-resolution grids.

Comparisons to other within-image prediction algorithms The most similar ap-
proach in the literature to MOSAIKS’s super-resolution predictions are methods specifically
designed for pixel-level classification, or semantic labelling of satellite imagery (Firat, Can,
and Vural 2014; Volpi and Tuia 2017). However, these approaches make use of sub-image
labels for training, as opposed to our setting, where only one label per image (per task)
is provided. Such semantic labelling approaches tend to use a downsample-then-upsample
approach inspired by auto-encoders (Vincent et al. 2010) to learn lower-dimensional latent
representations which are then up sampled to image-size prediction maps from which per-
pixel classifications can be made. The upsampling procedure introduces more parameters
to be tuned during model training, as well as additional computational cost in producing
predictions. We again contrast this complex machinery with the simplicity of MOSAIKS
's approach, which calculates super-resolution predictions as a weighted sum of activation
maps.

Conditions where super-resolution is most easily interpretable The linear de-
composition of Eq. (2.4) holds when using labels that represent the average or sum of values
within a grid cell, such as forest cover, elevation, population density, nighttime lights, income,
or road length. However, it does not hold exactly when values are transformed nonlinearly
after aggregation (e.g. log(>_y) # > log(y)).?® In these cases, the interpretation of super-
resolution estimates requires care. Another case in which the interpretation of the sub-image
predictions is difficult is when an image-level characteristic is not directly the sum of sub-
image parcels. For instance, when predicting mean housing price in a grid cell, a manicured
park might contribute to a higher value, yet that component of the image does not, in it-

25For the analysis, we clip the images and predictions to 224 x 224 pixels so they are evenly divisible by
a 32x super-resolution factor.

26This issue could be addressed — in the case of logged variables — if one obtained a geometric mean
image-level outcome rather than an arithmetic mean.



CHAPTER 2. A GENERALIZABLE AND ACCESSIBLE APPROACH TO MACHINE
LEARNING WITH GLOBAL SATELLITE IMAGERY o4

Asia
¥ (v=90684)

Oceania
(N = 26,094)

Sub-Saharan Africa
(N = 38,196)

Figure S14: Continent samples used to solve four tasks at global scale. MOSAIKS predictions at
global scale are generated from six separate cross-validated ridge regressions using random convolutional
features. Each continent model is trained on 80% of the sample size shown (V).

self, have any associated housing price. In this case, we we would interpret the sub-image
predictions as “contributions to grid cell mean housing price” rather than the more natural
interpretation as simply “a finer resolution prediction of housing price.”

S.3.10 Global model

For our global analysis, we create a global grid, composed of roughly 420 million cells just
over 1km? in size, using an identical structure to that described in Section S.3.1 for the US.
To obtain observations for our global analysis, we sub-sample 1,000,000 cells from this grid,
sampling UAR from non-marine grid cells. This relatively sparse sampling of global data is
due to the cost of obtaining imagery data.

One of the difficulties in sub-sampling from the global grid is that there are many grid
cells where no Google imagery is available (there are negligibly few missing images in the US
grid). After discarding grid cells with missing imagery from our original sample of 1,000,000
observations, we are left with N = 498,063 valid observations. After removing observations
for which labeled data are missing for any of the tasks we analyze at global scale (forest
cover, elevation, population density, and nighttime lights), we are left with N = 423,476
observations, which we use to train/validate (80%, N = 338, 781) and test (20% N = 84, 692)
the model.

When generating features (K = 2,048) for our global model, we conduct featurization
as described in Section S.3.3. Note that to create the global features we use patches drawn
randomly from the global sample of images, not just from within the US.

When training the global model, we follow the approach outlined in Sec. S.3.5, solving
for grid cell labels as a linear function of the random convolutional features using ridge
regression and cross-validation to tune the regularization parameter A\. However, recovered
regression weights are likely to differ across regions of the globe due to heterogeneity in
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image quality and in visual signal of task labels or their derivatives. Therefore, we divide
our global sample into six continental regions before solving each task. The continents (and
sample sizes used for training and testing each continent-specific model) are shown in Fig.
S14.

Modeling heterogeneity using the continents shown in Figure S14 leads to meaningful
gains in performance over ignoring continent effects. Asshown in the main text, the approach
accounting for heterogeneity generates R? values of 0.85, 0.45, 0.62, and 0.49, for forest cover,
elevation, population density, and nighttime lights, respectively (Fig. 2.4). In contrast, a
global model that pools all observations across the globe and solves for a single linear function
of random convolutional features generates R? values of 0.80, 0.26, 0.48, and 0.41, for the
same tasks.

S.3.11 Generalizing to other ACS variables

Here we demonstrate the ability of MOSAIKS to generalize rapidly across a range of new
variables by replicating our primary analysis (i.e. that in Fig. 2.2) for 12 variables from the
American Community Survey, the source we use in the main text to measure income across
the continental US. This survey is conducted annually across the US, tracking a diverse
range of socioeconomic outcomes, from housing information to income and education. For
this exercise, we select variables from the ACS that span a range of diverse outcomes and
which seem likely to have at least some visible signal in daytime satellite imagery. We report
performance for all tested variables.

We calculate grid cell level labels from census block group level ACS data using the the
same method used for ACS income label construction outlined in Sec. S.3.2. The resulting
labels represent the area-weighted average value of the outcome across the grid cell. The
ACS variables we predict are listed and described in Table S4.

Patterns in performance across tasks could be explained by the hypothesis that some
outcomes exhibit more visible features, such as age and value of housing, while other out-
comes exhibit less clear visible signal, such as the percent of household income dedicated to
rent.

This exercise shows the ease of generalizing MOSAIKS to new contexts. In total, training
these twelve predictive models took less than 45 minutes on a workstation with ten cores
(IntelXeon CPU E5-263) (Table S5). Given the similarity in performance between MOSAIKS
and other state of the art approaches documented in Sec. S.4.1, MOSAIKS offers a relatively
quick and easy way to determine how predictable a variable might be from high resolution
visible satellite imagery.

S.4 Comparisons to other models

Here, we compare the predictive performance and computational cost of MOSAIKS to other
approaches in the literature.



CHAPTER 2. A GENERALIZABLE AND ACCESSIBLE APPROACH TO MACHINE

LEARNING WITH GLOBAL SATELLITE IMAGERY 56
Name Code Description
Travel time to work | B08303 | “Travel time (minutes) to work refers to the total number of

minutes that it usually took the worker to get from home to
work during the reference week. The elapsed time includes time
spent waiting for public transportation, picking up passengers in
carpools, and time spent in other activities related to getting to

work.”
Percent Bachelor’s | B15003 | Calculated as the number of people over 25 with only bache-
Degree lor’s degrees (i.e. not masters or doctorate) divided by the total

number of people over 25.
Median Household | B19013 | Median household income in the past 12 Months (2015 inflation-

Income adjusted dollars)

Per Capita Income | B19301 | Per capita income in the Past 12 Months (2015 inflation-adjusted
dollars)

Percent below | C17002 | Calculated as the number of people 15 years or older whose in-

poverty level come fell below the poverty level divided by the total number of
people 15 years or older.

Percent food | B22010 | Percent household received food stamps/snap in the past 12

stamp/snap months.

Median income B25071 | Gross rent as a percentage of household income in the past 12
months (dollars)

Number of housing | B25001 | “A housing unit may be a house, an apartment, a mobile home,

units a group of rooms or a single room that is occupied (or, if vacant,

intended for occupancy) as separate living quarters. Separate
living quarters are those in which the occupants live separately
from any other individuals in the building and which have direct
access from outside the building or through a common hall. Both
occupied and vacant housing units are included in the housing
unit inventory. Boats, recreational vehicles (RVs), vans, tents,
railroad cars, and the like are included only if they are occupied
as someone’s current place of residence.”

Percent vacant B25002 | “A housing unit is vacant if no one is living in it at the time of
interview.”

Structure age B25035 | Data reported is the median year structure built. We calculate
structure age as 2015 — median year structure built.

Number of rooms B25017 | “For each unit, rooms include living rooms, dining rooms,

kitchens, bedrooms, finished recreation rooms, enclosed porches
suitable for year-round use, and lodger’s rooms. Excluded are
strip or pullman kitchens, bathrooms, open porches, balconies,
halls or foyers, half-rooms, utility rooms, unfinished attics or
basements, or other unfinished space used for storage.”

Median house value | B25077 | For owner-occupied housing units.

Table S4: Description of variables from the American Community Survey
(ACS) wused in the analysis (Fig. 2.4). Quoted descriptions of variables are from:
https://censusreporter.org/topics/table-codes/.
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S.4.1 Benchmarking performance
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Figure S15: Comparison of out-of-sample performance across feature extraction techniques as
a function of sample size. Mean Average Precision is shown for the out-of-sample prediction of housing
price class (low, medium, high) for all single-family home sales after 2010 in Arizona, as a function of training
sample size. Three feature extraction techniques are compared: MOSAIKS(blue), a pre-trained CNN (VGG,
purple), and the GIST descriptor (orange). Figure reproduced from (Bolliger et al. 2017).

Convolutional neural networks (CNNs) have become the default “gold standard” in many
image recognition tasks (Krizhevsky, Sutskever, and G. E. Hinton 2012), and are increasingly
used in remote sensing applications (Jean, Burke, et al. 2016; Volpi and Tuia 2017; Gechter
et al. 2018; Perez et al. 2017; Robinson, Hohman, and Dilkina 2017; Penatti et al. 2015; Jean,
S. Wang, et al. 2019; Zhong et al. 2017; W. Hu et al. 2019; Maggiori et al. 2017). Simultane-
ously, alternative generalizable and computationally efficient pipelines have been developed
that incorporate unsupervised featurization and/or a classification or regression algorithm
(Cheng, Han, and X. Lu 2017; Cheriyadat 2014; Penatti et al. 2015; Inglada et al. 2017;
Pérez-Suay et al. 2017). MOSAIKS is low-cost and generalizable like these latter models;
however, unlike these other models, it offers accuracies for regression problems competitive
with that of leading CNN architectures. Here we quantitatively assess the predictive perfor-
mance of MOSAIKS relative to (a) a CNN trained end-to-end with the outcomes of interest,
(b) a similarly cheap, unsupervised featurization used in place of random convolutional fea-
tures in the MOSAIKS infrastructure and (c) a transfer learning approach. For (b), we use
the features generated by the last hidden layer of a pre-trained variant of the CNN (trained
on natural imagery). This common approach is unsupervised in that the weights of the CNN
are not trained using the labels of the outcome of interest, and such an approach has been
shown to have better predictive performance than many other unsupervised featurization
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algorithms (e.g. GIST, SIFT, Bag of Visual Words) on satellite image tasks (Cheng, Han,
and X. Lu 2017). Previous analyses show through direct comparison that our methodology
significantly outperforms ridge regression models using GIST features (Bolliger et al. 2017).
Fig S15 (reproduced from (Bolliger et al. 2017)) demonstrates this comparison, describing
out-of-sample performance for the prediction of housing price class for homes in Arizona.

These exercises compare MOSAIKS performance to that of models suited to the data
availability of different prediction domains (abundant within the U.S., and relatively scarce
at dispersed locations globally). A fine tuned CNN is expected to perform well in the United
States, where data are relatively high quality and the sample size is large (nearly a hundred
thousand observations); whereas the transfer learning approach is designed to perform well
in regions where the training data are more coarse and the sample sizes are smaller (hundreds
of observations). The ability of MOSAIKS to perform on par with these approaches in each
setting demonstrates its generalizability.

Comparison to a deep convolutional neural network and an alternative unsuper-
vised featurization First, we compare the performance of MOSAIKS to that of a tuned
Residual Network (ResNet)(He et al. 2016) — a common, versatile deep network architecture
used in recent satellite-based learning tasks (Perez et al. 2017). We train this network end
to end to predict outcomes in all seven tasks across the continental US, using as input the
same imagery used by MOSAIKS.

Specifically, we train an 18-layer variant of the ResNet Architecture pre-trained on Ima-
geNet using stochastic gradient descent to minimize the mean squared error (MSE) between
the predictions and labels with an initial learning rate of 0.001 with a single decay mile-
stone at 10 epochs, and momentum parameter of 0.9. We train the model for 50 epochs, at
which point performance approaches an asymptote. The optimal values for learning rates
were tuned on a validation set for the task of predicting population density. We employ a
standard train/test split of 80%/20%, matching our approach when evaluating MOSAIKS.

Second, we compare MOSAIKS performance to a similarly cheap, unsupervised featur-
ization generated by the last hidden layer of a pre-trained variant of the CNN used above,
trained on natural imagery. To execute this comparison, we use the features from the last
layer of a 152-layer variant of the ResNet Architecture, and then run ridge regression on
these features for each task.

Fig. 2.3A in the main text compares the holdout accuracy of MOSAIKS to both alterna-
tive approaches, demonstrating that MOSAIKS (dark bars) achieves performance competi-
tive with ResNet (middle bars) across all seven tasks, while providing substantially greater
performance than ridge regression run on features from the pre-trained CNN (lightest bars).

Comparison to a transfer learning approach We also compare the performance of
MOSAIKS to that of a transfer learning approach in which nighttime lights observations are
used to tune a CNN that was pre-trained on ImageNet. The tuned CNN is then used to
extract features from the satellite images and a linear model is trained to predict the outcome
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Figure S16: Comparison of predictions and prediction errors between MOSAIKS and the
ResNet-18 CNN. The left column shows the relationship between predictions generated by MOSAIKS
(z-axis) and predictions generated by the ResNet-18 CNN (y-axis). The right column shows the relationship
between prediction errors from MOSAIKS (z-axis) and prediction errors from the CNN (y-axis). In both
plots, each point indicates one grid cell (~1kmx1km) in the holdout test set; the test set sample size is
approximately 20,000 for each task, although sample sizes vary somewhat due to data availability across
tasks (Section S.3.5).

of interest. This approach leverages a large number of nighttime lights observations to better
learn how to extract information from satellite imagery that is meaningful to tasks that may
be reflected in nighttime lights (e.g. wealth). Comparing the performance of MOSAIKS
to that of transfer learning tests the value of learning these features from nighttime lights,
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relative to the unsupervised featurization of MOSAIKS.

We compare the performance of MOSAIKS to the transfer learning approach by repli-
cating a subset of the analyses in (Jean, Burke, et al. 2016) and (Head et al. 2017). Using
MOSAIKS, we predict wealth, electricity, mobile phone ownership, education, bed net count,
female body mass index, water access, and hemoglobin level in Haiti, Nepal and Rwanda;
we additionally predict child weight percentile, child height percentile and child weight for
height percentile in Rwanda. These variables are recorded at geo-located “cluster” locations
by the Demographic and Health Survey (DHS); the survey methodology is detailed in (Jean,
Burke, et al. 2016). The variables and countries we provide performance metrics for were
chosen based on the facility of obtaining and matching images and labels from the original
authors and their replication code bases. We report performance for all tested variables and
countries.

In this analysis, we use two MOSAIKS-based models to predict the DHS cluster labels.
First, we use only the MOSAIKS random convolutional features (indicated as RCF), which
we calculate for each image as detailed in Sec. S.3.3, and then average over the 100 images
associated with each DHS cluster (see (Jean, Burke, et al. 2016) and (Head et al. 2017)
for details on matching images to clusters; we use the same matching approach as the
original authors). In a second model, denoted MOSAIKS-NL below, we use the MOSAIKS
random convolutional features along with features based on nighttime lights. The nighttime
light features for each cluster are counts of the number of nightlight values that fall within
a set of 19 bins, as well as the minimum, mean and maximum of the values within the
image. Bins were evenly spaced on a log scale from a luminosity of 0.1 to 500 (in units of
nanoWatts/cm?/sr). We average nighttime light features for all 100 images associated with
each DHS cluster, as we do for RCF.

We show results for the MOSAIKS-nighttime lights model for two reasons. First, it
presents the most fair comparison to the transfer learning approach, which also leverages
both nighttime lights and daytime imagery. Second, it demonstrates the ability of MOSAIKS
to seamlessly combine information from different sensors — by appending their features in a
linear model — to make predictions.

Training a model that uses features from multiple sensors A key benefit of the
MOSAIKS approach is that it can easily combine information from multiple sensors. Recall
that to train a model when using only the RCF from visual imagery we regress the outcome
y; for each task s on features x, as follows:

yi = x(1)B° + ¢
And solve for 8° by minimizing the sum of squared errors plus an [ regularization term:
1 A°
s 10, I 5112 - s112
r%gnzHyz x(I)B°l2 + S 1162

To include features from an additional sensor, Sy, such as nighttime lights, one simply
generates a new set of features, z(Sy), — using the RCF algorithm or any other unsupervised
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featurization approach — and includes the features in the regression model, giving:
e = x(I)B° +2(S0)v" + ¢

Then, one solves for 3° and «® by minimizing the sum of squared errors plus individual
regularization terms for each sensor:

S

min[[o7 — x(1)B" ~ (SO I3 + 1B+ 21
B s 2 2 2

Regularizing the features from each sensor separately enables the model to treat features from
individual sensors differently, which we found improves model performance. We implement
a model that combines RCF and features from nighttime lights in Fig. S17. Features from
additional sensors could be added to the model in a similar way.

Interpretation of test accuracy comparisons Note that the performance of these
models represents a reasonable lower bound on potential performance; some task-specific
enhancements could be used to improve predictive power for each of these methods. For ex-
ample, more layers could be added to ResNet or alternative architectures could be tested for
specific tasks. In the case of MOSAIKS and the pre-trained ResNet features, more flexible
regression models could be used to estimate the relationship between features and labels,
such as increasing K, using a nonlinear model, or leveraging a hurdle model in tasks with
a large number of zero observations. While these task-specific changes may marginally im-
prove performance of any of these approaches, prior research on similar image recognition
tasks suggests further gains for the ResNet are likely to be minimal (Zoph and Le 2016).
While the similarity of performance in Fig. 2.3A is perhaps surprising, it is also encouraging
for further research. This comparison suggests that wide, shallow networks using local-level
features (analogous to random convolutional features) are as descriptive as more complex,
highly optimized CNN architectures for satellite remote sensing, across many tasks.

The similarity in performance of MOSAIKS and ResNet across tasks (Fig. 2.3A) is con-
sistent with a hypothesis that both approaches are reaching the limit of information that is
provided by satellite imagery for predicting the outcomes we test. Fig. S16 provides further
evidence of such a hypothesis, as the test set predictions and prediction errors are highly
correlated across ResNet and MOSAIKS in all tasks studied. A human prediction baseline
has not been established, but could provide insight into whether there is substantial room
for improvement in skill for each of these tasks, although we suspect many of these tasks
will be difficult for non-expert humans (e.g. nightlights or house prices).

S.4.2 Comparing costs

In practice, high computational costs can limit the use of SIML methods — especially when
resources are scarce, such as in government agencies of low-income countries (Haack and
Ryerson 2016) or research teams and NGOs with limited budgets. Specifically designed to
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ResNet MOSAIKS
Component Time (GPU) Time
Training set featurization (N = 80k) ~ 1.2 hours (GPU)

~ 2.8 seconds (GPU)
~ 50 seconds (10 cores)
~ 1.8 minutes (laptop)
Holdout set featurization (/N = 20k) ~18 minutes (GPU)
Holdout set prediction < 0.01 seconds (GPU)
~ 0.1 seconds (10 cores)
~ 0.7 seconds (laptop)
Total cost to ecosystem ~ 7.9 hours ~ 1.5 hours (GPU)
Total cost to user ~ 7.9 hours ~ 2.8 seconds (GPU)
~ 50.1 seconds (10 cores)
~ 1.8 minutes (laptop)

Model training 7.9 hours

~ 40 seconds

Table S5: Wall-clock times of components of MOSAIKS compared with a fine-
tuned CNNN. Bold times are those that a practitioner using each method would incur
(assuming MOSAIKS users have access to a standard laptop only). Model training time
includes training after tuning for a single task for both ResNet and MOSAIKS. MOSAIKS
was run using K=8,192 features. ResNet operations were run on an Amazon EC2 p3.2xlarge
instance with a Tesla V100 GPU and 60GB of onboard RAM. Cost of computation on this
machine is roughly $3/hr. MOSAIKS operations are shown for runs on this same GPU, a
local workstation with ten cores (Intel Xeon CPU E5-263), and a standard laptop (MacBook
Pro).

address this challenge, MOSAIKS scales across many research tasks by decoupling featur-
ization from task selection, model-fitting, and prediction. The computationally costly step
of featurization is done centrally on a fast computer with a graphics processing unit (GPU);
individual practitioners need only download the pre-computed features, merge on labels for
the task they select, and run regressions. Because features are created and stored by a cen-
tral entity, the research community makes use of a cached set of computations, reducing the
overall computational burden of widespread SIML and any external social costs generated by
these computations (Strubell, Ganesh, and McCallum 2019). Additionally, this decoupling
of task-agnostic computations from task-specific computations allows practitioners to run
more diagnostic analyses on their tasks, such as those presented in Fig. 2.3 of the main text.

From the perspective of a user who can access pre-computed MOSAIKS features to
train and validate a new task, we find that MOSAIKS is ~ 250x to 10,000x faster than a
state-of-the-art neural net architecture (ResNet), depending on the computational resources
available to a MOSAIKS user (Table S5). Moreover, MOSAIKS performance is competitive
with the ResNet on all tasks we have studied (Fig 2.3A). From the perspective of the entire
computational ecosystem, which bears the cost of image featurization in addition to model
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training and testing, we find that MOSAIKS is 5.3x faster than the ResNet when solving
a single task. The relative efficiency of MOSAIKS grows with the number of tasks studied
because MOSAIKS features can be reused across tasks. For the ResNet, the times in Table S5
reflect our wall-clock time on a single Amazon EC2 instance for a single task, so that the
time costs are similar to that of introducing a single new domain ex post. For MOSAIKS,
Table S5 includes wall-clock times on three different computational platforms, as users may
have access to different resources. We show times using the same GPU as we use for the
ResNet comparisons, times on a local workstation with ten cores (Intel Xeon CPU E5-
263), and times on a standard laptop (MacBook Pro). For both ResNet and MOSAIKS,
we report in Table S5 model training time after using cross-validation to select optimal
hyperparameters. For MOSAIKS, model training time on the local workstation with 10
cores is ~6.8 minutes when including cross-validation to select penalization parameters in
ridge regression. The ecosystem-wide costs of featurization per task shown in Table S5 decline
as MOSAIKS becomes more widely adopted, because features can be cached centrally and
distributed without modification to multiple users who are training and/or testing SIML in
common locations.

We considered only one CNN architecture, which we chose because of its use in previous
remote sensing applications (Jean, Burke, et al. 2016). We did not attempt to innovate in
neural net architectural design or algorithms. While one could pursue targeted innovations
in neural networks for remote sensing, such as in ref. (Zhong et al. 2017), we emphasize that
our method is currently orders of magnitude faster for the user than off-the-shelf fine-tuned
CNN methods (Table S5), does not require a GPU for prediction, and achieves competitive
prediction performance (Fig. 2.3A). There is recent work that aims to train networks to
learn a “common representation” that can generalize across tasks, but this is a subject of
ongoing research (Ruder 2017), requires the tasks to be known in advance, and has yet to
be demonstrated or evaluated at scale.
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Figure S17: Comparison of accuracy between MOSAIKS and a transfer learning model. Box
plots (left) show task-specific performance of MOSAIKS models (RCF in blue and RCF + nighttime lights
in green) in contrast to a transfer learning model (black). Box and whiskers show the performance over the 5
cross-validation folds. Scatter plots (right) show the performance of MOSATKS models, as well as a nighttime
lights-only model (orange) versus the transfer learning model performance. Each point in the scatter is the
average R? over the 5 cross-validation folds, while whiskers indicate the full range of performance across
folds.
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Chapter 3

The Effect of Large-Scale
Anti-Contagion Policies on the
COVID-19 Pandemic

Governments around the world are responding to the novel coronavirus (COVID-
19) pandemic (F. Wu et al. 2020) with unprecedented policies designed to slow
the growth rate of infections. Many actions, such as closing schools and restrict-
ing populations to their homes, impose large and visible costs on society, but
their benefits cannot be directly observed and are currently understood only
through process-based simulations.(Ferguson et al. 2020; Chinazzi et al. 2020;
Kraemer et al. 2020) Here, we compile new data on 1,717 local, regional, and na-
tional non-pharmaceutical interventions deployed in the ongoing pandemic across
localities in China, South Korea, Italy, Iran, France, and the United States (US).
We then apply reduced-form econometric methods, commonly used to measure
the effect of policies on economic growth,(Greene 2003; C. D. Romer and D. H.
Romer 2010) to empirically evaluate the effect that these anti-contagion policies
have had on the growth rate of infections. In the absence of policy actions, we
estimate that early infections of COVID-19 exhibit exponential growth rates of
roughly 38% per day. We find that anti-contagion policies have significantly and
substantially slowed this growth. Some policies have different impacts on differ-
ent populations, but we obtain consistent evidence that the policy packages now
deployed are achieving large, beneficial, and measurable health outcomes. We
estimate that across these six countries, interventions prevented or delayed on
the order of 62 million confirmed cases, corresponding to averting roughly 530
million total infections. These findings may help inform whether or when these
policies should be deployed, intensified, or lifted, and they can support decision-
making in the other 1804 countries where COVID-19 has been reported.(World
Health Organization 2020)
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This chapter is adapted from (S. Hsiang, Allen, et al. 2020). The author of this thesis
managed the overall project, policy data collection, and the projects source code (https:
//github.com/bolliger32/gpl-covid); collected geographic and population data for all
countries; developed the theory linking the econometric analysis to epidemiological models;
designed and implemented the epidemiological models and projections; designed and im-
plemented model robustness checks; created Extended Data Figures 8 and 9; and adapted
our analysis pipeline to run on the reproducibility platform Code Ocean. Solomon Hsiang
conceived of and led the overall study, and led the writing of the published manuscript. A
full list of author contributions is listed with the published manuscript.

3.1 Introduction

The COVID-19 pandemic is forcing societies worldwide to make consequential policy deci-
sions with limited information. After containment of the initial outbreak failed, attention
turned to implementing non-pharmaceutical interventions designed to slow contagion of the
virus. In general, these policies aim to decrease virus transmission by reducing contact
among individuals within or between populations, such as by closing restaurants or restrict-
ing travel, thereby slowing the spread of COVID-19 to a manageable rate. These large-scale
anti-contagion policies are informed by epidemiological simulations(Kraemer et al. 2020; R.
Li et al. 2020; Ferguson et al. 2020; Tang et al. 2020) and a small number of natural experi-
ments in past epidemics(Hatchett, Mecher, and Lipsitch 2007). However, the actual effects
of these policies on infection rates in the ongoing pandemic are unknown. Because the mod-
ern world has never confronted this pathogen, nor deployed anti-contagion policies of such
scale and scope, it is crucial that direct measurements of policy impacts be used alongside
numerical simulations in current decision-making.

Societies around the world are weighing whether the health benefits of anti-contagion
policies are worth their social and economic costs. Many of these costs are plainly seen;
for example, business restrictions increase unemployment and school closures impact educa-
tional outcomes. It is therefore not surprising that some populations have hesitated before
implementing such dramatic policies, especially when their costs are visible while their health
benefits — infections and deaths that would have occurred but instead were avoided or de-
layed — are unseen. Our objective is to measure the direct health benefits of these policies;
specifically, how much these policies slowed the growth rate of infections. To do this, we
compare the growth rate of infections within hundreds of sub-national regions before and
after each of these policies is implemented locally. Intuitively, each administrative unit ob-
served just prior to a policy deployment serves as the “control” for the same unit in the
days after it receives a policy “treatment” (see Supplementary Information for accounts of
these deployments). Our hope is to learn from the recent experience of six countries where
early spread of the virus triggered large-scale policy actions, in part so that societies and
decision-makers in the remaining 1804 countries can access this information.

Here we directly estimate the effects of 1,717 local, regional, and national policies on the


https://github.com/bolliger32/gpl-covid
https://github.com/bolliger32/gpl-covid

CHAPTER 3. THE EFFECT OF LARGE-SCALE ANTI-CONTAGION POLICIES ON
THE COVID-19 PANDEMIC 67

growth rate of infections across localities within China, France, Iran, Italy, South Korea,
and the US (see Figure 3.1 and Supplementary Table 1). We compile subnational data
on daily infection rates, changes in case definitions, and the timing of policy deployments,
including (1) travel restrictions, (2) social distancing through cancellations of events and
suspensions of educational /commercial /religious activities, (3) quarantines and lockdowns,
and (4) additional policies such as emergency declarations and expansions of paid sick leave,
from the earliest available dates to April 6, 2020 (see Supplementary Notes, also Extended
Data Fig. 1). During this period, populations remained almost entirely susceptible to
COVID-19, causing the natural spread of infections to exhibit almost perfect exponential
growth.(Ma 2020; Muniz-Rodriguez et al. 2020) The rate of this exponential growth could
change daily, determined by epidemiological factors, such as disease infectivity, as well as
policies that alter behavior (Gerardo Chowell et al. 2016; Ma 2020; Tang et al. 2020). Because
policies were deployed while the epidemic unfolded, we can estimate their effects empirically.
To do this, we examine how the daily growth rate of infections in each locality changes in
response to the collection of ongoing policies applied to that locality on that day.

3.2 Methods Summary

We employ well-established “reduced-form” econometric techniques(Angrist and Pischke
2008; Greene 2003) commonly used to measure the effects of events(C. D. Romer and D. H.
Romer 2010; Burke, Solomon M Hsiang, and Miguel 2015) on economic growth rates. Sim-
ilar to early COVID-19 infections, economic output generally increases exponentially with
a variable rate that can be affected by policies and other conditions. Here, this technique
aims to measure the total magnitude of the effect of changes in policy, without requiring
explicit prior information about fundamental epidemiological parameters or mechanisms,
many of which remain uncertain in the current pandemic. Rather, the collective influence of
these factors is empirically recovered from the data without modeling their individual effects
explicitly (see Methods). Prior work on influenza(Kandula et al. 2018), for example, has
shown that such statistical approaches can provide important complementary information
to process-based models.

To construct the dependent variable, we transform location-specific, subnational time-
series data on infections into first-differences of their natural logarithm, which is the per-day
growth rate of infections (see Methods). We use data from first- or second-level adminis-
trative units and data on active or cumulative cases, depending on availability (see Supple-
mentary Information). We employ widely-used panel regression models(Angrist and Pischke
2008; Greene 2003) to estimate how the daily growth rate of infections changes over time
within a location when different combinations of large-scale policies are enacted (see Meth-
ods). Our econometric approach accounts for differences in the baseline growth rate of
infections across subnational locations, which may be affected by time-invariant characteris-
tics, such as demographics, socio-economic status, culture, and health systems; it accounts
for systematic patterns in growth rates within countries unrelated to policy, such as the effect
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of the work-week; it is robust to systematic under-surveillance specific to each subnational
unit; and it accounts for changes in procedures to diagnose positive cases (see Methods and
Supplementary Information).

3.3 Results

We estimate that in the absence of policy, early infection rates of COVID-19 grow 43% per
day on average across these six countries (Standard Error [SE|= 5%), implying a doubling
time of approximately 2 days. Country-specific estimates range from 34% per day in the
US (SE= %) to 68% per day in Iran (SE= 9%). We cannot determine if the high estimate
for Iran results from true epidemiological differences, data quality issues (see Methods),
the concurrence of the initial outbreak with a major religious holiday and pilgrimage (see
Supplementary Notes), or sampling variability. Excluding Iran, the average growth rate is
38% per day (SE= 5%). Growth rates in all five other countries are independently estimated
to be very near this value (Figure 3.2a). These estimated values differ from observed average
growth rates because the latter are confounded by the effects of policy. These growth rates
are not driven by the expansion of testing or increasing rates of case detection (see Methods
and Extended Data Fig. 2) nor by data from individual regions (Extended Data Fig. 3).

Some prior analyses of pre-intervention infections in Wuhan suggest slower growth rates
(doubling every 5-7 days)(J. T. Wu et al. 2020; Q. Li et al. 2020) using data collected
before national standards for diagnosis and case definitions were first issued by the Chinese
government on January 15, 2020.(Tsang et al. 2020) However, case data in Wuhan from
before this date contain multiple irregularities: the cumulative case count decreased on
January 9; no new cases were reported during January 9-15; and there were concerns that
information about the outbreak was suppressed( Wuhan pneumonia: 30 days from outbreak
to out of control 2020) (see Supplementary Table 2). When we remove these problematic
data, utilizing a shorter but more reliable pre-intervention time series from Wuhan (January
16-21), we recover a growth rate of 43% per day (SE= 3%, doubling every 2 days) consistent
with results from all other countries except Iran (Figure 3.2a, Supplementary Table 3).

During the early stages of an epidemic, a large proportion of the population remains sus-
ceptible to the virus, and if the spread of the virus is left uninhibited by policy or behavioral
change, exponential growth continues until the fraction of the susceptible population declines
meaningfully.(Fisman, Khoo, and Tuite 2014; Maier and Brockmann 2020; Gerardo Chowell
et al. 2016; Ma 2020) After correcting for estimated rates of case-detection (Russell et al.
2020), we compute that the minimum susceptible fraction across administrative units in our
sample is 72% of the total population (Cremona, Italy) and 87% of units would likely be in
a regime of uninhibited exponential growth (> 95% susceptible) if policies were removed on
the last date of our sample.

Consistent with predictions from epidemiological models(Bootsma and Ferguson 2007;
Ferguson et al. 2020; Hatchett, Mecher, and Lipsitch 2007), we find that the combined
effect of policies within each country reduces the growth rate of infections by a substantial
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and statistically significant amount (Figure 3.2b, Supplementary Table 3). For example, a
locality in France with a baseline growth rate of 0.33 (national average) that fully deployed
all policy actions used in France would be expected to lower its daily growth rate by —0.17
to a growth rate of 0.16. In general, the estimated total effects of policy packages are large
enough that they can in principle offset a large fraction of, or even eliminate, the baseline
growth rate of infections—although in several countries, many localities have not deployed
the full set of policies. Overall, the estimated effects of all policies combined are generally
insensitive to withholding regional (i.e. state- or province-level) blocks of data from the
sample (Extended Data Fig. 3).

In China, only three policies were enacted across 116 cities early in a seven week period,
providing us with sufficient data to empirically estimate how the effects of these policies
evolved over time without making assumptions about the timing of these effects (see Methods
and Fig. 3.2b). We estimate that the combined effect of these policies reduced the growth rate
of infections by —0.026 (SE= 0.046) in the first week following their deployment, increasing
substantially in the second week to —0.20 (SE= 0.049), and essentially stabilizing in the
third week near —0.28 (SE= 0.047). In other countries, we lack sufficient data to estimate
these temporal dynamics explicitly and only report the average pooled effect of policies
across all days following their deployment (see Methods). If other countries have transient
responses similar to China, we would expect effects in the first week following deployment
to be smaller in magnitude than the average effect we report. In Extended Data Fig. 5a and
Supplementary Methods Section 3, we explore how our estimates would change if we impose
the assumption that policies cannot affect infection growth rates until after a fixed number
of days; however, we do not find evidence this improves model fit.

The estimates above (Figure 3.2b) capture the superposition of all policies deployed in
each country, i.e., they represent the average effect of policies that we would expect to observe
if all policies enacted anywhere in each country were implemented simultaneously in a single
region of that country. We also estimate the effects of individual policies or clusters of policies
(Figure 3.2c) that are grouped based on either their similarity in goal (e.g., library and
museum closures) or timing (e.g., policies deployed simultaneously). Our estimates for these
individual effects tend to be statistically noisier than the estimates for all policies combined.
Some estimates for the same policy differ between countries, perhaps because policies are
not implemented identically or because populations behave differently. Nonetheless, 22 out
of 29 point estimates indicate that individual policies are likely contributing to reducing the
growth rate of infections. Seven policies (one in South Korea, two in Italy, and four in the
US) have point estimates that are positive, six of which are small in magnitude (< 0.1) and
not statistically different from zero (5% level). Consistent with greater overall uncertainty in
these dis-aggregated estimates, some in China, South Korea, Italy, and France are somewhat
more sensitive to withholding regional blocks of data (Extended Data Fig. 4), but remain
broadly robust to assuming a constant delayed effect of all policies (Extended Data Fig. 5b).

Based on these results, we find that the deployment of anti-contagion policies in all six
countries significantly and substantially slowed the pandemic. We combine the estimates
above with our data on the timing of the 1,717 policy deployments to estimate the total
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effect of all policies across the dates in our sample. To do this, we use our estimates to
predict the growth rate of infections in each locality on each day, given the actual policies
in effect at that location on that date (Figure 3.3, blue markers). We then use the same
model to predict what counterfactual growth rates would be on that date if the effects of all
policies were removed (Figure 3.3, red markers), which we call the “no-policy scenario.” The
difference between these two predictions is our estimated effect that all deployed policies had
on the growth rate of infections. During our sample, we estimate that all policies combined
slowed the average growth rate of infections by —0.252 per day (SE= 0.045, p< 0.001) in
China, —0.248 (SE= 0.089, p< 0.01) in South Korea, —0.24 (SE= 0.068, p< 0.001) in Italy,
—0.355 (SE= 0.063, p< 0.001) in Iran, —0.123 (SE= 0.019, p< 0.001) in France and —0.084
(SE= 0.03, p< 0.01) in the US. These results are robust to modeling the effects of policies
without grouping them (Extended Data Fig. 6a and Supplementary Table 4) or assuming a
delayed effect of policy on infection growth rates (Supplementary Table 5).

The number of COVID-19 infections on a date depends on the growth rate of infections
on all prior days. Thus, persistent reductions in growth rates have a compounding effect
on infections, until growth is slowed by a shrinking susceptible population. To provide a
sense of scale for our results, we integrate the growth rate of infections in each locality from
Figure 3.3 to estimate cumulative infections, both with actual anti-contagion policies and in
the no-policy counterfactual scenario. To account for the declining susceptible population
in each administrative unit, we couple our econometric estimates of the effects of policies
with a Susceptible-Infected-Removed (SIR) model (Ma 2020; Gerardo Chowell et al. 2016)
that adjusts the susceptible population in each administrative unit based on estimated case-
detection rates(Russell et al. 2020; Meyerowitz-Katz and Merone 2020) (see Methods). This
allows us to extend our projections beyond the initial exponential growth phase of infections,
a threshold that many localities cross in our no-policy scenario.

Our results suggest that ongoing anti-contagion policies have already substantially re-
duced the number of COVID-19 infections observed in the world today (Figure 3.4). Our
central estimates suggest that there would be roughly 37 million more cumulative confirmed
cases (corresponding to 285 million more total infections, including the confirmed cases) in
China, 11.5 million more confirmed cases in South Korea (38 million total infections), 2.1
million more confirmed cases in Italy (49 million total infections), 5 million more confirmed
cases in Iran (54 million total infections), 1.4 million more confirmed cases in France (45
million total infections), and 4.8 million more confirmed cases (60 million total infections)
in the US had these countries never enacted any anti-contagion policies since the start of
the pandemic. The magnitudes of these impacts partially reflect the timing, intensity, and
extent of policy deployment (e.g., how many localities deployed policies), and the duration
for which they have been applied. Several of these estimates are subject to large statis-
tical uncertainties (see intervals in Figure 3.4). Sensitivity tests (Extended Data Fig. 7)
that assume a range of plausible alternative parameter values relating to disease dynamics,
such as incorporating a Susceptible-Exposed-Infected-Removed (SEIR) model, suggest that
interventions may have reduced the severity of the outbreak by a total of 55-66 million con-
firmed cases over the dates in our sample (central estimates). Sensitivity tests varying the
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assumed infection-fatality ratio (Supplementary Table 6) suggest a corresponding range of
46-77 million confirmed cases (490-580 million total infections).

3.4 Discussion

Our empirical results indicate that large-scale anti-contagion policies are slowing the COVID-
19 pandemic. Because infection rates in the countries we study would have initially followed
rapid exponential growth had no policies been applied, our results suggest that these policies
have provided large health benefits. For example, we estimate that there would be roughly
465x the observed number of confirmed cases in China, 17X in Italy, and 14x in the US by
the end of our sample if large-scale anti-contagion policies had not been deployed. Consistent
with process-based simulations of COVID-19 infections(Kraemer et al. 2020; Tang et al. 2020;
Ferguson et al. 2020; Maier and Brockmann 2020; R. Li et al. 2020; Kucharski et al. 2020),
our analysis of existing policies indicates that seemingly small delays in policy deployment
likely produced dramatically different health outcomes.

While the limitations of available data pose challenges to our analysis, our aim is to
use what data exist to estimate the first-order impacts of unprecedented policy actions
in an ongoing global crisis. As more data become available, related findings will become
more precise and may capture more complex interactions. Furthermore, this analysis does
not account for interactions between populations in nearby localities,(Gerardo Chowell et al.
2016) nor mobility networks(R. Li et al. 2020; Tang et al. 2020; Chinazzi et al. 2020; Kraemer
et al. 2020). Nonetheless, we hope these results can support critical decision-making, both
in the countries we study and in the other 180+ countries where COVID-19 infections have
been reported.(World Health Organization 2020)

A key advantage of our reduced-form “top down” statistical approach is that it captures
the real-world behavior of affected populations without requiring that we explicitly model
underlying mechanisms and processes. This is useful in the current pandemic where many
process-related parameters remain uncertain. However, our results cannot and should not be
interpreted as a substitute for “bottom up” process-based epidemiological models specifically
designed to provide guidance in public health crises. Rather, our results complement existing
models, for example, by helping to calibrate key model parameters. We believe both forward-
looking simulations and backward-looking empirical evaluations should be used to inform
decision-making.

Our analysis measures changes in local infection growth rates associated with changes
in anti-contagion policies. A mnecessary condition for this association to be interpreted as
the plausibly causal effect of these policies is that the timing of policy deployment is inde-
pendent of infection growth rates(Angrist and Pischke 2008). This assumption is supported
by established epidemiological theory(Gerardo Chowell et al. 2016; Ma 2020; Anderson and
May 1992) and evidence (Nishiura et al. 2010; WHO Ebola Response Team 2014), which
indicate that infections in the absence of policy will grow exponentially early in the epi-
demic, implying that pre-policy infection growth rates should be constant over time and
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therefore uncorrelated with the timing of policy deployment. Further, scientific guidance to
decision-makers early in the current epidemic explicitly projected constant growth rates in
the absence of anti-contagion measures, limiting the possibility that anticipated changes in
natural growth rates affected decision-making.(Ferguson et al. 2020; Flaxman et al. 2020;
Lourenco et al. 2020; Maier and Brockmann 2020) In practice, policies tended to be deployed
in response to high total numbers of cases (e.g. in France)(Ministere des Solidarités et de
la Santé 2020), in response to outbreaks in other regions (e.g. in China, South Korea, and
Iran) (H. Tian et al. 2020), after delays due to political constraints (e.g. in the US and
Italy), and often with timing that coincided with arbitrary events, like weekends or holidays
(see Supplementary Notes for detailed chronologies).

Our analysis accounts for documented changes in COVID-19 testing procedures and
availability, as well as differences in case-detection across locations; however, unobserved
trends in case-detection could affect our results (see Methods). We analyze estimated case-
detection trends(Russell et al. 2020) (Extended Data Fig. 2), finding that this potential bias
is small, possibly elevating our estimated no-policy growth rates by 0.022 (7%) on average.

It is also possible that changing public knowledge during the period of our study affects
our results. If individuals alter behavior in response to new information unrelated to anti-
contagion policies, such as seeking out online resources, this could alter the growth rate of
infections and thus affect our estimates. If increasing availability of information reduces
infection growth rates, it would cause us to overstate the effectiveness of anti-contagion
policies. We note, however, that if public knowledge is increasing in response to policy
actions, such as through news reports, then it should be considered a pathway through
which policies alter infection growth, not a form of bias. Investigating these potential effects
is beyond the scope of this analysis, but it is an important topic for future investigations.

Finally, our analysis focuses on confirmed infections, but other outcomes, such as hos-
pitalizations or deaths, are also of policy interest. Future work on these outcomes may
require additional modeling approaches because they are relatively more context- and state-
dependent. Nonetheless, we experimentally implement our approach on the daily growth
rate of hospitalizations in France, where hospitalization data is available at the granularity
of this study. We find that the total estimated effect of anti-contagion policies on the growth
rate of hospitalizations is similar to our estimates for infection growth rates (Extended Data
Fig. 6¢).
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Figure 3.1: Data on COVID-19 infections and large-scale anti-contagion policies. Left: Daily
cumulative confirmed cases of COVID-19 (solid black line, left axis) and deaths (dashed black line) over time.
Vertical lines are deployments of anti-contagion policies, with height indicating the number of administrative
units instituting a policy that day (right axis). For display purposes only, < 5 policy types are shown per
country and missing case data are imputed unless all sub-national units are missing. Right: Maps of
cumulative confirmed cases by administrative unit on the last date of each sample.
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Figure 3.2: Empirical estimates of unmitigated COVID-19 infection growth rates and the effect
of anti-contagion policies. Markers are country-specific estimates, whiskers are 95% CI. Columns report
effect sizes as a change in the continuous-time growth rate (95% CI in parentheses) and the day-over-day
percentage growth rate. (a) Estimates of daily COVID-19 infection growth rates in the absence of policy
(dashed lines = averages with and without Iran, both excluding Wuhan-specific estimate). (b) Estimated
combined effect of all policies on infection growth rates. (c) Estimated effects of individual policies or policy
groups on the daily growth rate of infections, jointly estimated and ordered roughly chronologically within
each country. *Reported effect of “home isolation” includes effects of other implied policies (see Methods).
China: N=3669; South Korea: N=>595, Italy: N=2898, Iran: N=548, France: N=270, US: N=1238.
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Figure 3.3: Estimated infection growth rates based on actual anti-contagion policies and in a
“no policy” counterfactual scenario. Predicted daily growth rates of active (China, South Korea) or
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each country (blue) and in a scenario where no policies were deployed (red). The difference between these
two predictions is our estimated effect of actual anti-contagion policies on the growth rate of infections.
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administrative units. Sample sizes are the same as Figure 3.2.
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3.5 Methods

3.5.1 Data Collection and Processing

We provide a brief summary of our data collection processes here (see the Supplementary
Notes for more details, including access dates). Epidemiological, case definition/testing
regime, and policy data for each of the six countries in our sample were collected from a
variety of in-country data sources, including government public health websites, regional
newspaper articles, and crowd-sourced information on Wikipedia. The availability of epi-
demiological and policy data varied across the six countries, and preference was given to
collecting data at the most granular administrative unit level. The country-specific panel
datasets are at the region level in France, the state level in the US, the province level in
South Korea, Italy and Iran, and the city level in China. Due to data availability, the sample
dates differ across countries: in China we use data from January 16 - March 5, 2020; in South
Korea from February 17 - April 6, 2020; in Italy from February 26 - April 6, 2020; in Iran
from February 27 - March 22, 2020; in France from February 29 - March 25, 2020; and in
the US from March 3 - April 6, 2020. Below, we describe our data sources.

China We acquired epidemiological data from an open source GitHub project(COVID-
19/2019-nCoV Time Series Infection Data Warehouse) that scrapes time series data from
Ding Xiang Yuan. We extended this dataset back in time to January 10, 2020 by manually
collecting official daily statistics from the central and provincial (Hubei, Guangdong, and
Zhejiang) Chinese government websites. We compiled policies by collecting data on the
start dates of travel bans and lockdowns at the city-level from the “2020 Hubei lockdowns”
Wikipedia page (COVID-19 pandemic lockdown in Hubei 2020) and various other news
reports. We suspect that most Chinese cities have implemented at least one anti-contagion
policy due to their reported trends in infections; as such, we dropped cities where we could
not identify a policy deployment date to avoid miscategorizing the policy status of these
cities. Thus our results are only representative for the sample of 116 cities for which we
obtained policy data.

South Korea We manually collected and compiled the epidemiological dataset in South
Korea, based on provincial government reports, policy briefings, and news articles. We
compiled policy actions from news articles and press releases from the Korean Centers for
Disease Control and Prevention (KCDC), the Ministry of Foreign Affairs, and local govern-
ments’ websites.

Iran We used epidemiological data from the table “New COVID-19 cases in Iran by
province” (COVID-19 pandemic in Iran 2020) in the “2020 coronavirus pandemic in Iran”
Wikipedia article, which were compiled from data provided on the Iranian Ministry of Health
website (in Persian). We relied on news media reporting and two timelines of pandemic events
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in Iran (Kantis, Kiernan, and Bardi 2020) (COVID-19 pandemic in Iran 2020) to collate pol-
icy data. From March 2-3, Iran did not report subnational cases. Around this period the
country implemented three national policies: a recommendation against local travel (3/1),
work from home for government employees (3/3), and school closure (3/5). As the effects of
these policies cannot be distinguished from each other due to the data gap, we group them
for the purpose of this analysis.

Italy We used epidemiological data from the GitHub repository (COVID-19) maintained
by the Italian Department of Civil Protection (Dipartimento della Protezione Civile). For
policies, we primarily relied on the English version of the COVID-19 dossier “Chronology
of main steps and legal acts taken by the Italian Government for the containment of the
COVID-19 epidemiological emergency” written by the Dipartimento della Protezione Civile,
(Coronavirus Emergency) and Wikipedia.(COVID-19 pandemic lockdown in Italy 2020)

France We used the region-level epidemiological dataset provided by France’s government
website (Roussel 2020) and supplemented it with numbers of confirmed cases by region on
France’s public health website, which was previously updated daily through March 25.(Santé
Publique France) We obtained data on France’s policy response to the COVID-19 pan-
demic from the French government website, press releases from each regional public health
site,(Agence Régionale de Santé: Agir pour la santé de tous) and Wikipedia.(COVID-19
pandemic in France 2020)

United States We used state-level epidemiological data from usafacts.org,(Coronavirus
Locations: COVID-19 Map by County and State) which they compile from multiple sources.
For policy responses, we relied on a number of sources, including the U.S. Centers for Disease
Control (CDC), the National Governors Association, as well as various executive orders from
county- and city-level governments, and press releases from media outlets.

Policy Data Policies in administrative units were coded as binary variables, where the
policy was coded as either 1 (after the date that the policy was implemented, and before
it was removed) or 0 otherwise, for the affected administrative units. When a policy only
affected a fraction of an administrative unit (e.g., half of the counties within a state), policy
variables were weighted by the percentage of people within the administrative unit who
were treated by the policy. We used the most recent population estimates we could find for
countries’ administrative units (see the Population Data section in the Appendix). In order
to standardize policy types across countries, we mapped each country-specific policy to one
of the broader policy category variables in our analysis. In this exercise, we collected 168
policies for China, 59 for South Korea, 214 for Italy, 23 for Iran, 59 for France, and 1,194
for the United States (see Supplementary Table 1). There are some cases where we encode
policies that are necessarily in effect whenever another policy is in place, due in particular to
the far-reaching implications of home isolation policies. In China, wherever home isolation
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is documented, we assume a local travel ban is enacted on the same day if we have not found
an explicit local travel ban policy for a given locality. In France, we assume home isolation
is accompanied by event cancellations, social distancing, and no-gathering policies; in Italy,
we assume home isolation entails no-gathering, local travel ban, work from home, and social
distancing policies; in the US, we assume shelter-in-place orders indicate that non-essential
business closures, work from home policies, and no-gathering policies are in effect. For policy
types that are enacted multiple times at increasing degrees of intensity within a locality, we
add weights to the variable by escalating the intensity from 0 pre-policy in steps up to 1 for
the final version of the policy (see the Policy Data section in the Appendix).

Epidemiological Data We collected information on cumulative confirmed cases, cumu-
lative recoveries, cumulative deaths, active cases, and any changes to domestic COVID-19
testing regimes, such as case definitions or testing methodology. For our regression analysis
(Figure 3.2), we use active cases when they are available (for China and South Korea) and
cumulative confirmed cases otherwise. We document quality control steps in the Appendix.
Notably, for China and South Korea we acquired more granular data than the data hosted on
the Johns Hopkins University (JHU) interactive dashboard;( COVID-19 Data Repository) we
confirm that the number of confirmed cases closely match between the two data sources (see
Extended Data Fig. 1). To conduct the econometric analysis, we merge the epidemiological
and policy data to form a single data set for each country.

3.5.2 Econometric analysis

Reduced-Form Approach The reduced-form econometric approach that we apply here
is a “top down” approach that describes the behavior of aggregate outcomes y in data (here,
infection rates). This approach can identify plausibly causal effects(Angrist and Pischke
2008; Greene 2003) induced by exogenous changes in independent policy variables z (e.g.,
school closure) without explicitly describing all underlying mechanisms that link z to y,
without observing intermediary variables z (e.g., behavior) that might link z to y, or without
other determinants of y unrelated to z (e.g., demographics), denoted w. Let f(-) describe a
complex and unobserved process that generates infection rates y:

y=flx1(z1, ooy 2K)y oo, TN(215 ooy 2K), W1, ooe s Wiy ) (3.1)

Process-based epidemiological models aim to capture elements of f(-) explicitly, and then
simulate how changes in z, x, or w affect y. This approach is particularly important and
useful in forward-looking simulations where future conditions are likely to be different than
historical conditions. However, a challenge faced by this approach is that we may not know
the full structure of f(-), for example if a pathogen is new and many key biological and
societal parameters remain uncertain. Crucially, we may not know the effect that large-scale
policy (z) will have on behavior (z(z)) or how this behavior change will affect infection rates

(f())-
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Alternatively, one can differentiate Equation 3.1 with respect to the k' policy z:

dy al Oy Ox;
-7 = —Z J (3.2)
0z, — Oz, Oz,
7j=1

which describes how changes in the policy affects infections through all N potential pathways
mediated by z1,...,zy. Usefully, for a fixed population observed over time, empirically
estimating an average value of the local derivative on the left-hand-side in Equation 3.2 does
not depend on explicit knowledge of w. If we can observe y and z directly and estimate
changes over time aa Y with data, then intermediate variables x also need not be observed nor
modeled. The reduced form econometrlc approach(Angrist and Pischke 2008; Greene 2003)
thus attempts to measure a% directly, exploiting exogenous variation in policies z.

Model Active infections grow exponentially during the initial phase of an epidemic, when
the proportion of immune individuals in a population is near zero. Assuming a simple
Susceptible-Infected-Recovered (SIR) disease model (e.g., ref. | (Ma 2020)]), the growth in
infections during the early period is

dl,
=SB =1 = (B—), (3.3)
dt St— —1

where I; is the number of infected individuals at time ¢, 5 is the transmission rate (new
infections per day per infected individual), 7 is the removal rate (proportion of infected
individuals recovering or dying each day) and S is the fraction of the population susceptible
to the disease. The second equality holds in the limit S — 1, which describes the current
conditions during the beginning of the COVID-19 pandemic. The solution to this ordinary
differential equation is the exponential function

I

I—: = 72, (3.4)

1

where [, is the initial condition. Taking the natural logarithm and rearranging, we have

log(11,) —log(l1,) = g - (L2 = 1) (3.5)

Anti-contagion policies are designed to alter g, through changes to 3, by reducing contact
between susceptible and infected individuals. Holding the time-step between observations
fixed at one day (t; — t; = 1), we thus model g as a time-varying outcome that is a linear
function of a time-varying policy

gt = log(I;) — log(I;_1) = 0o + 6 - policy; + €, (3.6)

where 6, is the average growth rate absent policy, policy; is a binary variable describing
whether a policy is deployed at time ¢, and € is the average effect of the policy on growth
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rate g over all periods subsequent to the policy’s introduction, thereby encompassing any
lagged effects of policies. ¢ is a mean-zero disturbance term that captures inter-period
changes not described by policy;. Using this approach, infections each day are treated as the
initial conditions for integrating Equation 3.4 through to the following day.

We compute the first differences log(l;) — log(/;—1) using active infections where they
are available, otherwise we use cumulative infections, noting that they are almost identical
during this early period (except in China, where we use active infections). We then match
these data to policy variables that we construct using the novel data sets we assemble and
apply a reduced-form approach to estimate a version of Equation 3.6, although the actual
expression has additional terms detailed below.

Estimation To estimate a multi-variable version of Equation 3.6, we estimate a separate
regression for each country c. Observations are for subnational units indexed by ¢ observed
for each day ¢t. Because not all localities began testing for COVID-19 on the same date, these
samples are unbalanced panels. To ensure data quality, we restrict our analysis to localities
after they have reported at least ten cumulative infections.

A necessary condition for unbiased estimates is that the timing of policy deployment is
independent of natural infection growth rates(Angrist and Pischke 2008), a mathematical
condition that should be true in the context of a new epidemic. In established epidemio-
logical models, including the standard SIR model above, early rates of infection within a
susceptible population are characterized by constant exponential growth. This phenomenon
is well understood theoretically, (Gerardo Chowell et al. 2016)" (Gerardo Chowell et al. 2016;
Anderson and May 1992) (Kermack and McKendrick 1927) has been repeatedly documented
in past epidemics(WHO Ebola Response Team 2014; Nishiura et al. 2010) (Mills, Robins,
and Lipsitch 2004) as well as the current COVID-19 pandemic(Ma 2020)" (Muniz-Rodriguez
et al. 2020), and implies constant infection growth rates in the absence of policy interven-
tion. Thus, we treat changes in infection growth rates as conditionally independent of policy
deployments since the correlation between a constant variable and any other variable is zero
in expectation.

We estimate a multiple regression version of Equation 3.6 using ordinary least squares.
We include a vector of subnational unit-fixed effects 6, (i.e., varying intercepts captured
as coefficients to dummy variables) to account for all time-invariant factors that affect the
local growth rate of infections, such as differences in demographics, socio-economic status,
culture, and health systems.(Greene 2003) We include a vector of day-of-week-fixed effects
0 to account for weekly patterns in the growth rate of infections that are common across
locations within a country, however, in China, we omit day-of-week effects because we find
no evidence they are present in the data — perhaps due to the fact that the outbreak of
COVID-19 began during a national holiday and workers never returned to work. We also
include a separate single-day dummy variable each time there is an abrupt change in the
availability of COVID-19 testing or a change in the procedure to diagnose positive cases.
Such changes generally manifest as a discontinuous jump in infections and a re-scaling of



CHAPTER 3. THE EFFECT OF LARGE-SCALE ANTI-CONTAGION POLICIES ON
THE COVID-19 PANDEMIC 82

subsequent infection rates (e.g., See China in Figure 3.1), effects that are flexibly absorbed
by a single-day dummy variable because the dependent variable is the first-difference of the
logarithm of infections. We denote the vector of these testing dummies p.

Lastly, we include a vector of P. country-specific policy variables for each location and day.
These policy variables take on values between zero and one (inclusive) where zero indicates
no policy action and one indicates a policy is fully enacted. In cases where a policy variable
captures the effects of collections of policies (e.g., museum closures and library closures), a
policy variable is computed for each, then they are averaged, so the coefficient on this type of
variable is interpreted as the effect if all policies in the collection are fully enacted. There are
also instances where multiple policies are deployed on the same date in numerous locations,
in which case we group policies that have similar objectives (e.g., suspension of transit and
travel ban, or cancelling of events and no gathering) and keep other policies separate (i.e.,
business closure, school closure). The grouping of policies is useful for reducing the number
of estimated parameters in our limited sample of data, allowing us to examine the impact
of subsets of policies (e.g. Fig. 3.2c¢). However, policy grouping does not have a material
impact on the estimated effect of all policies combined nor on the effect of actual policies,
which we demonstrate by estimating a regression model where no policies are grouped and
these values are recalculated (Supplementary Table 4, Extended Data Fig. 6).

In some cases (for Italy and the US), policy data is available at a more spatially granular
level than infection data (e.g., city policies and state-level infections in the US). In these
cases, we code binary policy variables at the more granular level and use population-weights
to aggregate them to the level of the infection data. Thus, policy variables may take on
continuous values between zero and one, with a value of one indicating that the policy is
fully enacted for the entire population. Given the limited quantity of data currently available,
we use a parsimonious model that assumes the effects of policies on infection growth rates
are approximately linear and additively separable. However, future work that possesses more
data may be able to identify important nonlinearities or interactions between policies.

For each country, our general multiple regression model is thus

P

Geit = log(]cit) - log(Ici,t—l) - eo,ci + 6ct + Heit + Z (9012 : poucypcit) + €cit (37)
p=1

where observations are indexed by country ¢, subnational unit 7, and day ¢t. The parameters of
interest are the country-by-policy specific coefficients 6.,. We display the estimated residuals
€t in Extended Data Fig. 10, which are mean zero but not strictly normal (normality is
not a requirement of our modeling and inference strategy), and we estimate uncertainty
over all parameters by calculating our standard errors robust to error clustering at the day
level.(Angrist and Pischke 2008) This approach allows the covariance in €.; across different
locations within a country, observed on the same day, to be nonzero. Such clustering is
important in this context because idiosyncratic events within a country, such as a holiday or a
backlog in testing laboratories, could generate nonuniform country-wide changes in infection
growth for individual days not explicitly captured in our model. Thus, this approach non-
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parametrically accounts for both arbitrary forms of spatial auto-correlation or systematic
misreporting in regions of a country on any given day (we note that it generates larger
estimates for uncertainty than clustering by 7). When we report the effect of all policies
combined (e.g., Figure 3.2b) we are reporting the sum of coefficient estimates for all policies
25;1 0.p, accounting for the covariance of errors in these estimates when computing the
uncertainty of this sum.

Note that our estimates of # and 6, in Equation 3.7 are robust to systematic under-
reporting of infections, a major concern in the ongoing pandemic, due to the construction
of our dependent variable. This remains true even if different localities have different rates
of under-reporting, so long as the rate of under-reporting is relatively constant. To see this,
note that if each locality ¢ has a medical system that reports only a fraction 1; of infections
such that we observe fit = ;I;; rather an actual infections [;;, then the left-hand-side of
Equation 3.7 will be

log(Iir) — log(I;+—1) = log(vils) — log(vili ;1)
= log(v;) — log(v;) + log (i) — log(Zi¢—1)
= log(Il;) — log(l;1-1) = g

and is therefore unaffected by location-specific and time-invariant under-reporting. Thus
systematic under-reporting does not affect our estimates for the effects of policy 6. As
discussed above, potential biases associated with non-systematic under-reporting resulting
from documented changes in testing regimes over space and time are absorbed by region-day
specific dummies .

However, if the rate of under-reporting within a locality is changing day-to-day, this could
bias infection growth rates. We estimate the magnitude of this bias (see Extended Data Fig.
2), and verify that it is quantitatively small. Specifically, if Iy = iyl where b, changes
day-to-day, then

log([it> - log([i,t71> = log(wit) - 108;(%‘,1571) + gt (3-8)

where log(1;;) —log(t;—1) is the day-over-day growth rate of the case-detection probability.
Disease surveillance has evolved slowly in some locations as governments gradually expand
testing, which would cause 1;; to change over time, but these changes in testing capacity
do not appear to significantly alter our estimates of infection growth rates. In Extended
Data Fig. 2, we show one set of epidemiological estimates(Russell et al. 2020) for log(;;) —
log();+—1). Despite random day-to-day variations, which do not cause systematic biases in
our point estimates, the mean of log(v;;) —log(1;—1) is consistently small across the different
countries: 0.05 in China, 0.064 in Iran, 0.019 in South Korea, —0.058 in France, 0.031 in
Italy, and 0.049 in the US. The average of these estimates is 0.026, potentially accounting
for 7.3% of our global average estimate for the no-policy infection growth rate (0.36). These
estimates of log(t;) — log(1;:—1) also do not display strong temporal trends, alleviating
concerns that time-varying under-reporting generates sizable biases in our estimated effects
of anti-contagion policies.
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Transient dynamics In China, we are able to examine the transient response of infection
growth rates following policy deployment because only three policies were deployed early
in a seven-week sample period during which we observe many cities simultaneously. This
provides us with sufficient data to estimate the temporal structure of policy effects without
imposing assumptions regarding this structure. To do this, we estimate a distributed-lag
model that encodes policy parameters using weekly lags based on the date that each pol-
icy is first implemented in locality 7. This means the effect of a policy implemented one
week ago is allowed to differ arbitrarily from the effect of that same policy in the following
week, etc. These effects are then estimated simultaneously and are displayed in Fig. 3.2
(also Supplementary Table 3). Such a distributed lag approach did not provide statistically
meaningful insight in other countries using currently available data because there were fewer
administrative units and shorter periods of observation (i.e. smaller samples), and more
policies (i.e. more parameters to estimate) in all other countries. Future work may be able
to successfully explore these dynamics outside of China.

As a robustness check, we examine whether excluding the transient response from the
estimated effects of policy substantially alters our results. We do this by estimating a “fixed
lag” model, where we assume that policies cannot influence infection growth rates for L days,
recoding a policy variable at time ¢ as zero if a policy was implemented fewer than L days
before t. We re-estimate Equation 3.7 for each value of L and present results in Extended
Data Fig. 5 and Supplementary Table 5.

Alternative disease models Our main empirical specification is motivated with an SIR
model of disease contagion, which assumes zero latent period between exposure to COVID-
19 and infectiousness. If we relax this assumption to allow for a latent period of infection,
as in a Susceptible-Exposed-Infected-Recovered (SEIR) model, the growth of the outbreak
is only asymptotically exponential. (Ma 2020) Nonetheless, we demonstrate that SEIR
dynamics have only a minor potential impact on the coefficients recovered by using our
empirical approach in this context. In Extended Data Figs. 8 and 9 we present results from
a simulation exercise which uses Equations 3.9-3.11, along with a generalization to the SEIR
model(Ma 2020) to generate synthetic outbreaks (see Supplementary Methods Section 2).
We use these simulated data to test the ability of our statistical model (Equation 3.7) to
recover both the unimpeded growth rate (Extended Data Fig. 8) as well as the impact of
simulated policies on growth rates (Extended Data Fig. 9) when applied to data generated
by SIR or SEIR dynamics over a wide range of epidemiological conditions.

3.5.3 Projections

Daily growth rates of infections To estimate the instantaneous daily growth rate of
infections if policies were removed, we obtain fitted values from Equation 3.7 and compute
a predicted value for the dependent variable when all P. policy variables are set to zero.
Thus, these estimated growth rates §"o """ capture the effect of all locality-specific factors

on the growth rate of infections (e.g., demographics), day-of-week-effects, and adjustments
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based on the way in which infection cases are reported. This counterfactual does not account
for changes in information that are triggered by policy deployment, since those should be
considered a pathway through which policies affect outcomes, as discussed in the main text.
Additionally, the “no-policy” counterfactual does not model previously unobserved changes
in behavior that might occur if fundamentally new behaviors emerge even in the absence
of government intervention. When we report an average no-policy growth rate of infections
(Figure 3.2a), it is the average value of these predictions for all observations in the original
sample. Location-and-day specific counterfactual predictions (§"97°"), accounting for the
covariance of errors in estimated parameters, are shown as red markers in Figure 3.3.

Cumulative infections To provide a sense of scale for the estimated cumulative benefits
of effects shown in Figure 3.3, we link our reduced-form empirical estimates to the key
structures in a simple SIR system and simulate this dynamical system over the course of our
sample. The system is defined as the following:

ds,
d_tt = —BSid; (3'9)
dl,
d_tt = (51551& - '7)]15 (3-10)
dR;
— =~ 11
dt VLt (3 )

where S; is the susceptible population and R; is the removed population. Here f; is a time-
evolving parameter, determined via our empirical estimates as described below. Accounting
for changes in S becomes increasingly important as the size of cumulative infections (I; + R;)
becomes a substantial fraction of the local subnational population, which occurs in some no-
policy scenarios. Our reduced-form analysis provides estimates for the growth rate of active
infections (§) for each locality and day, in a regime where S; ~ 1. Thus we know

dly

27t — 0, =B, — 3.12
i tSM Gt = B — ( )

but we do not know the values of either of the two right-hand-side terms, which are required
to simulate Equations 3.9-3.11. To estimate v, we note that the left-hand-side term of
Equation 3.11 is

% ~ E(cumulative,recoveries + cumulative_deaths)
which we can observe in our data for China and South Korea. Computing first differences in
these two variables (to differentiate with respect to time), summing them, and then dividing
by active cases gives us estimates of v (medians: China=0.11, Korea=0.05). These values
differ slightly from the classical SIR interpretation of v because in the public data we are
able to obtain, individuals are coded as “recovered” when they no longer test positive for
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COVID-19, whereas in the classical SIR model this occurs when they are no longer infectious.
We adopt the average of these two medians, setting v = .08. We use medians rather than
simple averages because low values for I induce a long right-tail in daily estimates of v and
medians are less vulnerable to this distortion. We then use our empirically-based reduced-
form estimates of § (both with and without policy) combined with Equations 3.9-3.11 to
project total cumulative cases in all countries, shown in Figure 3.4. We simulate infections
and cases for each administrative unit in our sample beginning on the first day for which we
observe 10 or more cases (for that unit) using a time-step of 4 hours. Because we observe
confirmed cases rather than total infections, we seed each simulation by adjusting observed
I, on the first day using country-specific estimates of case detection rates. We adjust existing
estimates of case under-reporting (Russell et al. 2020) to further account for asymptomatic
infections assuming an infection-fatality ratio of 0.75%(Meyerowitz-Katz and Merone 2020).
We assume R; = 0 on the first day. To maintain consistency with the reported data, we
report our output in confirmed cases by multiplying our simulated I; + R; values by the
aforementioned proportion of infections confirmed. We estimate uncertainty by resampling
from the estimated variance-covariance matrix of all regression parameters. In Extended
Data Fig. 7, we show sensitivity of this simulation to the estimated value of v as well as to
the use of a Susceptible-Exposed-Infected-Recovered (SEIR) framework. In Supplementary
Table 6, we show sensitivity of this simulation to the assumed infection-fatality ratio (see
Supplementary Methods Section 1).

3.6 Data and Code Availability

The datasets generated during and/or analysed during the current study are available at
https://github.com/bolliger32/gpl-covid (DOI: 10.5281/zenodo.3832367). For easier
replication, we have also created a CodeOcean “capsule” — which contains a pre-built com-
puting environment in addition to the source code and data. This is available at https://
codeocean.com/capsule/1887579/tree/vl (DOI: 10.24433/C0.6625287.v2). Future up-
dates and/or extensions to data or code will be listed at http://www.globalpolicy.science/
covidl9.
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Extended Data Figure 1 | Validating disaggregated epidemiological
data against aggregated data from the Johns Hopkins Center for
Systems Science and Engineering. Comparison of cumulative confirmed
cases from a subset of regions in our collated epidemiological dataset to
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local administrative units that are more spatially granular than the data in
the JHU CSSE database. a, In China, we aggregate our city-level data to
the province level, and b, in Korea we aggregate province-level data up to
the country level. Small discrepancies, especially in later periods of the

the same statistics from the 2019 Novel Coronavirus COVID-19

outbreak, are generally due to imported cases (international or domestic)

(2019-nCoV) Data Repository by the Johns Hopkins Center for Systems
Science and Engineering (JHU CSSE)." We conduct this comparison for
Chinese provinces and South Korea, where the data we collect are from

1

https://github.com/CSSEGISandData/COVID-19 (access date: April 7,

2020)

that are present in national statistics but which we do not assign to
particular cities (in China) or provinces (in Korea).
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Extended Data Figure 2 | Estimated trends in case detection over time
within each country. Systematic trends in case detection may potentially
bias estimates of no-policy infection growth rates (see Equation 8). We
estimate the potential magnitude of this bias using data from the Centre
for Mathematical Modelling of Infectious Diseases.”> Markers indicate daily
first-differences in the logarithm of the fraction of estimated symptomatic

? Russell, T., Joel Hellewell, and S. Abbot. “Using a delay-adjusted case
fatality ratio to estimate under-reporting.” Centre for Mathematical
Modelling of Infectious Diseases Repository (2020). URL:
https://cmmid.github.io/topics/covid19/severity/global cfr estimates.ht
ml (access date: April 18, 2020)
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cases reported for each country over time. The average value over time
(solid line and value denoted in panel title) is the average growth rate of
case detection, equal to the magnitude of the potential bias. For example,
in the main text we estimate that the infection growth rate in the United
States is 0.29 (Figure 2A), of which growth in case detection might
contribute 0.049 (this figure). Sample sizes are 75 in China, 41 in Iran, 40 in
South Korea, 29 in France, 40 in Italy, and 32 in the US.
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Extended Data Figure 3 | Robustness of the estimated no-policy For each country panel, if a single region is influential, the estimated value
growth rate of infections and the combined effect of policies to when it is withheld from the sample will appear as an outlier. Some
withholding blocks of data from entire regions. For each country, we regions that appear influential are highlighted with an open pink circle. As
re-estimated Eq. 7 using real data k times, each time withholding one of in Figure 2B of the main text, we estimate a distributed lag model for
the k first-level administrative regions (“Adm1,” i.e. state or province) in China and display each of the estimated weekly lag effects (red circle is
that country. Each gray circle is either (a) the estimated no-policy growth the same “without Hubei” sample for lags). The full sample includes 3,684
rate or (b) the total effect of all policies combined, from one of these k observations in China, 595 in South Korea, 2,898 in Italy, 548 in Iran, 270 in
regressions. Red and blue circles show estimates from the full sample, France, and 1,238 in the US.

identical to results presented in panels A and B of Figure 2, respectively.
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Extended Data Figure 4 | Robustness of the estimated effects of
individual policies to withholding blocks of data from entire regions.
Same as Extended Data Figure 3, but for individual policies (analogous to
Figure 2C in the main

text). In cases where two regions are influential, a second region is highlighted
with an open green circle. The full sample includes 3,669 observations in China,
595 in South Korea, 2,898 in Italy, 548 in Iran, 270 in France, and 1,238 in the US.
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Extended Data Figure 5 | Evidence supporting models where policies
affect infection growth rates in the days following deployment.
Existing evidence has not demonstrated whether policies should affect
infection growth rates in the days immediately following deployment. It is
therefore not clear ex ante whether the policy variables in Eq. 7 should be
encoded as “on” immediately following a policy deployment. We
estimate “fixed-lag” models in which a fixed delay between a policy’s
deployment and its effect is assumed (see Supplementary Methods
Section 3). If a delay model is more consistent with real world infection
dynamics, these fixed lag models should recover larger estimates for the
impact of policies and exhibit better model fit. a, R-squared values
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associated with fixed-lag lengths varying from zero to fifteen days. Center
values represent the R squared value in our sample, whiskers are 95% ClI
computed through resampling with replacement. In-sample fit generally
declines or remains unchanged if policies are assumed to have a delay
longer than four days.b, Estimated effects for no lag (the model reported
in the main text) and for fixed-lags between one and five days. Center
values represent the point estimate, error bars are 95% Cl. Estimates
generally are unchanged or shrink towards zero (e.g. Home isolation in
Iran), consistent with mis-coding of post-policy days as no-policy days.
The sample size is 595 in South Korea, 2,898 in Italy, 548 in Iran, 270 in
France, and 1,238 in the US.
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Extended Data Figure 6 | Estimated infection or hospitalization
growth rates with actual anti-contagion policies and in a “no policy”
counterfactual scenario. a, The estimated daily growth rates of active
(China, South Korea) or cumulative (all others) infections based on the
observed timing of all policy deployments within each subnational unit
(blue) and in a scenario where no policies were deployed (red). Identical
to Figure 3 in the main text, but using an alternative disaggregated
encoding of policies that does not group any policies into policy
packages. The sample size is 3,669 in China, 595 in South Korea, 2,898 in
Italy, 548 in Iran, 270 in France, and 1,238 in the US. b, Same as Figure 3in
the main text, but Eq. 7 is implemented for a single example
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administrative unit, Wuhan, China. The sample size is 46 observations. c,
Same as Figure 3 in the main text, but using hospitalization data from
France rather than cumulative cases (the French government stopped
reporting cumulative cases after March 25, 2020). The sample size is 424
observations. For all panels, the difference between the with- and
no-policy predictions is our estimated effect of actual anti-contagion
policies on the growth rate of infections (or hospitalizations). The markers
are daily estimates for each subnational administrative unit (vertical lines
are 95% confidence intervals). Black circles are observed changes in
log(infections) (or diamonds for log(hospitalizations)), averaged across
observed administrative units.



a
Estimated no-policy cases
@
(%] n
& 68,000,000 ol
° " ‘
bos) — | |
EZ -
= £ 65,000,000
SE . "
O = ®
30 + * e 4 .
2 '® 62,000,000 +
o Q [
a?» s ¥
o® +
o & +
< £ 59,000,000
D> o
[
£
E 56,000,000 °
0.1 0.2 0.3 04
Y
(o
Cases delayed (linear scale)
66,000,000 u
e
]
8~ "
53 "
g E 63,000,000 1 .
E
RE ow g .
% @ —+ ®
S ® 60,000,000 = L .
e} Q [}
o P +
] ®
Ex +
= 2 .
S £ 57,000,000 s
O L ]
L
0:1 072 OTS 074
Y

Extended Data Figure 7 | Sensitivity of estimated averted/delayed
infections to the choice of 7 and o in an SIR/SEIR framework. This
figure displays the sensitivity of total averted/delayed cases presented in
Figure 4 of the main text to alternative modeling assumptions. We
compute total cases across the respective final days in our samples for the
six countries presented in our analysis. The figure displays how these
totals vary with eight values of 7 (0.05-0.4) and four values of ¢ (0.2,
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a, The simulated total number of infections under no policy. b, Same, but
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number of averted/delayed infections. d, Same as (c), but on a
logarithmic scale similar to Figure 4 in the main text (a-c are on a linear
scale, trimmed to show details). Figure 4 in the main text uses 7 =0.079,
which we calculate using empirical recovery/death rates in countries
where we observe them (China and South Korea, see Methods). If we
assume a 14-day delay between infected individuals becoming
non-infectious and being reported as “recovered” in the data, we would
calculate » =0.18. Figure 4 in the main text assumes ¢ = oo,
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Extended Data Figure 8 | Simulating reduced-form estimates for the
no-policy growth rate of infections for different population regimes
and disease dynamics. We examine the performance of reduced-form
econometric estimators through simulations in which different underlying
disease dynamics are assumed (see Supplementary Information Section
3). Each histogram shows the distribution of econometrically estimated
values across 1,000 simulated outbreaks. Estimates are for the no-policy
infection growth rate (analogous to Figure 2a) when three different
policies are deployed at random moments in time. The black line shows
the correct value imposed on the simulation and the red histogram shows
the distribution of estimates using the regression in Eq. 7, applied to data
output from the simulation. The grey dashed line shows the mean of this
distribution. The 12 subpanels describe the results when various values
are assigned to the mean infectious period ( ) and mean latency period
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(o) of the disease. “ 0 = ”is equivalent to SIR disease dynamics. In
each panel, S,,, is the minimum susceptible fraction observed across all
1,000 45-day simulations shown in each panel. In the real datasets used in
the main text, after correcting for country-specific under-reporting, S,
across all units analyzed is 0.72 and 95% of the analyzed units finish with
Somin > 0.91. “Bias” refers to the distance between the dashed grey and
black line as a percentage of the true value. a, Simulations in near-ideal
data conditions in which we observe active infections within a large
population (such that the susceptible fraction of the population remains
high during the sample period, similar to those in our data for Chongging,
China). b, Simulations in a non-ideal data scenario where we are only able
to observe cumulative infections in a small population (similar to those in
our sample for Cremona, Italy).
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assumed disease dynamics. Same as Extended Data Figure 8, but
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plots (right) show quantiles of the cumulative density function (y-axis)
plotted against the same quantiles for a Normal Distribution. For
additional details, see Fig. 3 and the Econometric Analysis section of

Methods.
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The Supplementary Information contains three sections: Supplementary Notes, Supplementary

Methods, and Supplementary Tables.

The Supplementary Notes section details the basic accounting of policy deployment decisions in each
of the six countries we analyze, and describes the data acquisition and processing procedure for the
epidemiological and policy data used in this paper. The sources for both types of data come from a
variety of in-country data sources, which include government public health websites, regional
newspaper articles, and Wikipedia crowd-sourced information. We have supplemented this data with
international data compilations. A list of the epidemiological and policy data compiled for this
analysis can be found here.

The Supplementary Methods section describes sensitivity analyses and simulations performed to
verify the robustness of our model, including: the sensitivity of our counterfactual projections to
varying epidemiological parameters; and the sensitivity of our regression estimates to alternative lag
structures, withholding of data, and differing policy groupings.

The Supplementary Tables section contains tables detailing:

1. Number of unique anti-contagion policies tabulated by administrative division of each
country.

2. Epidemiological data in Wuhan prior to policy intervention, and estimates of the initial
infection growth rate and case doubling times.

3. Fullregression results from our main regression estimating the effect of policy on growth
rates.

4. Estimates of the effect of policies on infection growth rate using a more disaggregated
grouping of policies.

5. Estimates of the effect of policies on infection growth rate assuming a variety of lag structures.

6. Estimates of the cumulative number of confirmed cases averted assuming a variety of
country-specific underreporting ratios.



100
Supplementary Notes

Chronology of Policy Implementation

In the main article, we analyze how infection growth rates change when anti-contagion policies are
deployed. In order for these estimated associations to be interpreted as plausibly causal, it must be
the case that changes in policy are not correlated with changes in infection growth rates that would
have occured in the absence of policy actions.! For locations and periods where policy was actually
deployed, it is not possible to directly observe how growth rates would have changed in the absence
of policy actions.” In general, it is well-established that in the absence of policy, early rates of infection
within a susceptible population follow almost-perfect exponential growth.> **® "% 19 This fact
would suggest that in the absence of policy, infection growth rates would be constant™ ** and,
therefore, changes in the infection growth rate could not be correlated with the timing of policy
deployments (since correlation with a constant variable is zero). However, it is nonetheless also
worthwhile to consider how the timing of policy actions were determined in practice. In this section,
we provide a basic accounting of policy deployment decisions in each of the six countries we analyze,
focusing on the timing of major events and reported motivations for notable policy deployments.
These accounts are intended to familiarize readers with the general decision-making context of each
country, although they are not exhaustive and are not intended to capture the full complexity of
decision-making in the ongoing pandemic.

As stated in the main text, policies were generally not initially deployed with any reference to
observed or anticipated natural changes in growth rates. In general, policies tended to be deployed in
response to high total numbers of cases or to outbreaks in other regions, after long delays due to
political constraints, and often with timing that coincided with arbitrary events, like the start and end
of the week, or holidays. For example, epidemic planning in France explicitly tied policy actions to
case-counts in specific regions, and epidemiological guidance in the US explicitly recommended
policy actions depending on when thresholds in total case counts were passed. In South Korea, policy
actions across the country were initially triggered by an idiosyncratic outbreak in a Shincheonji
Church in Daegu, and in Iran they were triggered by an outbreak in Qom coinciding with a religious
pilgrimage. In China and Italy, nation-wide policy actions were deployed relatively swiftly by the
central government in response to a regional outbreak, with limited variation across locations that

" Angrist & Pischke, 2008
2 Holland, 1986
3 Mena-Lorcat, 1992
4 Brauer & Chowell, 2012
5
WHO Ebola Response Team
® Mills et al, 2004
7 Andreason et al, 2008
® Nishiura et al, 2010

12 Muniz-Rodriguez et al, 2020
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could be correlated with changes in local growth rates. In China, Italy, and the US, policies tended to

be deployed during the weekend or on a Monday or Friday, with the preferred day of the week varying
across these countries.

China

In China, most anti-contagion policies were deployed in a centralized manner. On January 27, 2020,
towards the beginning of the outbreak in Wuhan, the central government extended the Chinese New
Year national holiday that originally ended on January 30 to February 2, 2020, preventing all schools
and businesses across the country from resuming operations. The holiday was later further extended
within various provinces to end in mid February.

The main policy instruments that cities deployed were: level 1 emergency declaration, travel bans,
and home isolation. The timing of these policies varied across cities, but was still strongly influenced
by provincial government mandates. Indeed, cities routinely cite documents from upper-level
governments when issuing statements or policies.” From January 23 to January 29, 2020, all
provincial governments declared Level 1 emergency responses.* The declaration often included the
closing of entertainment venues, banning of public gatherings, and extensive temperature monitoring
at airports, railway stations and highway checkpoints.” In addition to these measures, cities started to
implement travel bans, limiting travelling in or out of the cities, as well as home isolation policies,
which limited residents from leaving their home for non-essential activities. The first travel ban was
enacted in Wuhan, on January 23, 2020, with all the cities in Hubei province adopting the same policy
shortly afterwards.

Many Chinese cities appeared to enact policies in response to outbreaks in other localities or other
political considerations that did not simply reflect the spread of infections across regions. For
example, Tian et al. (2020)" examined the policy responses in China during the first 50 days of the
pandemic and found that about half of the cities that implemented transmission control measures did
so before the first local case was reported (see Figure S2 in Tian et al. (2020)). In another example,
many cities in Hubei did not implement a home isolation policy until February 10, 2020, lagging
behind many other cities in other provinces, even though the count of cases was highest in Hubei.

A disproportionate fraction of policies were deployed on Fridays in China (36.2%).

B Here we list some ex 2 FI=F
IR EE AT & =% T =F 3 S 2 DX =5
24 it & BRI IR R =4) (Policy document No. 3, 4, 8, and 9 from the COVID-19 Prevention and Control Center in

Xiaogan, Hubei)

¥ Tian, Huaiyu, Yonghong Liu, Yidan Li, Chieh-Hsi Wu, Bin Chen, Moritz UG Kraemer, Bingying Li et al. "An investigation of
transmission control measures during the first 50 days of the COVID-19 epidemic in China." Science (2020).

5 http://www.gov.cn/xinwen/2020-01/29/content_5472881.htm

!¢ Tian, Huaiyu, Yonghong Liu, Yidan Li, Chieh-Hsi Wu, Bin Chen, Moritz UG Kraemer, Bingying Li et al. "An investigation of
transmission control measures during the first 50 days of the COVID-19 epidemic in China." Science (2020).
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South Korea

South Korea confirmed its first imported coronavirus case from Wuhan, China on January 20, 2020."'
By January 29, 2020, there were four confirmed cases, all originating from Wuhan. In response, the
Korean Center for Disease Control began systematically screening all travelers arriving from China.*®

On February 18, 2020, South Korea confirmed its 31st case in Daegu Metropolitan City, an individual
later identified as a member of the Shincheonji Church. ** Over the next two days, the number of cases
more than doubled, almost half of them linked to the Shincheonji Church.?® While the outbreak was
localized in Daegu, both Daegu and Gyeongsangbuk-do (the province that surrounds Daegu)
immediately shut down all Shincheonji-affiliated places of worship. The outbreak in Daegu triggered
most other provinces to follow suit by closing all religious facilities associated with Shincheonji. This
included provinces with significantly lower infection rates at that point in time, such as Jeollabuk-do,
Jeollanam-do, Gwangju and even Jeju, an island-province far removed from the epicenter of the
outbreak.”

The Shincheonji outbreak prompted the central government to activate the highest health alert level
on February 23, 2020.%? This was a turning point in the coronavirus response across the country, 2>
2627 with South Korean President Moon Jae-in declaring,

“The [coronavirus] situation [in the country] is entirely different after the Shincheonji outbreak....
The central government, local governments, health officials and medical personnel and the
entire people must wage an all-out, concerted response to the [COVID-19] problem.”

By February 26, 2020, there were over 1,100 confirmed cases, approximately half of which were
attributable to the Shincheonji Church.” The identification of the superspreader linked to the
Shincheonji Church and the consequent virus outbreak resulted in a large number of governmental
countermeasures deployed at the end of February. As the number of confirmed cases surpassed 7,000
in Daegu and some cities in Gyeongsangbuk-do in mid-March, the South Korean government declared
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a state of emergency for those regions hardest hit by the virus.*® Throughout the country, additional

policies were adopted, including strengthened travel restrictions, wider testing regimes,
recommendations for social distancing, and guidelines for certain business operations.

On March 19, 2020, as the number of confirmed cases in other countries and the risk of importing the
pathogen increased, the central government extended screening measures to all inbound travelers
arriving from every country,® *' requiring them to report their symptoms daily for 14 days via a
self-diagnosis mobile application.” As the situation in other countries worsened, the government
intensified its efforts in limiting the spread of the virus from abroad. On March 22, 2020, inbound
travelers from Europe were subjected to a home-quarantine for 14 days.* This policy was revised on
March 27,2020 to also include all symptomatic travelers arriving from the US.>* Shortly after, on April
1, 2020, this policy was expanded to include inbound travelers arriving from all countries.*

Italy

The first confirmed cases in Italy were imported cases detected on January 31, 2020.% By mid
February, the virus had spread to Lombardy, and later Veneto, in Northern Italy.*” The hardest hit
municipalities within these regions (Bertonico, Casalpusterlengo, Castelgerundo, Castiglione d'Adda,
Codogno, Fombio, Maleo, San Fiorano, Somaglia, and Terranova dei Passerini in Lombardy, and

Vo'Eugane in Veneto)* were the first areas in Italy to be placed under lockdown on February 22, 2020.
39

The Italian government made the decision at the national level to close schools across the country on
March 5, 2020.“° On March 8, 2020, Prime Minister Giuseppe Conte placed Lombardy and 14 other
northern provinces under lockdown, and placed restrictions on the rest of the country (such as
suspending any public or private gatherings and other social distancing measures).** He then placed
the entire country under lockdown on March 10, 2020,* with increasing restrictions on commercial

2 Moon declares virus-hit Daegu, part of North Gyeongsang Province as special disaster zones

W 381925 0AIREl § HUZ A HBOHY S FLIS BE LY 9|7 01 9T A2 HH57IZ 59ICh. 0/
2|2 Z A} HY BFE I BB CH~0f B Al Afey of & MAE QI F 2119 Mot £ 2 §& 125101 512 f/E 2210/
FLHZ AR YEIE X 25t AHEHt 2| 9/8H = X[ O[CL” (Translation: “The government decided to expand Special Entry
Procedure to all Koreans and foreign nationals entering Korea from March 19... In consideration of the number of cases
confirmed from quarantining inbound travelers, and the speed of global transmission, this measure is designed to strongly
block the inflow of overseas risk factors into Korea.”)
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activities passed on March 11, 2020.* Lastly on March 22, 2020, additional commercial activities and

industries were closed, and people’s ability to travel across the country were further curtailed.*> *

Throughout this period, Italian policymakers weighed implementing restrictive anti-contagion
policies against maintaining individual freedoms, and were delayed in reaching consensus on when to
implement policies due to coordinating across the different branches of government.*®

A majority (62.7%) of all policies in Italy were deployed on a Sunday.

[ran

The first major outbreak in Iran was connected to a major Shia pilgrimage in the city of Qom that
brought travelers from Iran and throughout the Middle East to visit the Fatima Masumeh shrine,
which often involves kissing or touching the shrine.*” The virus, initially centered in Qom and
neighboring Tehran, spread rapidly throughout the country. Early in the pandemic, government
communication and policy responses appeared mixed.” It has been reported that, as the virus spread,
factions within the government competed for control over the nation’s coronavirus response, leading
to implementation of policy that was not strongly coordinated.®

43 Coronavirus, negozi e locali chiusi in tutta Italia fino al 25 marzo. Garantiti servizi essenziali, alimentari e farmacie. Possibili

riduzioni trasporti. Conte: "Torneremo ad abbracciarci"(Coronavirus, Conte: "In Italy until March 25, shops except food and

pharmacies are closed. Possible reductions on transport. Effects for 14 days)

#virus News: [talian Industry Shuts Down

“® For example, early in the pandemic, officials appeared confident in the country's ability to manage the crisis. But, this
quickly gave way to a reportedly uncoordinated policy response: “Iranian health officials initially boasted of their public health
prowess. They ridiculed quarantines as ‘archaic’ and portrayed Iran as a global role model. President Hassan Rouhani
suggested a week ago that by this past Saturday life would have returned to normal..

Embarrassed anew by the spread of the disease, the Iranian authorities have responded with a hodgepodge of contradictory
measures mixing elements of a crackdown with attempts to save face.” Iran's Coronavirus Response: Pride, Paranoia, Secrecy,
Chaos (Accessed 5/5/20)

“ For example, the New York Times reported on infighting between the civilian government (led by President Rouhani) and
the military after the Supreme Leader Khamenei authorized the military to take over control of the country's coronavirus
response: “While [Khamenei] told the military to work with the civilian government, Mr. Khamenei effectively authorized it to
sideline Mr. Rouhani’s government if needed. Almost instantly the infighting and conflicting public messaging began...

Mr. Rouhani demanded that the armed forces adhere to his command. The generals refused and said Mr. Khamenei had
authorized them to act independently.

The military men proposed closing off Tehran and vast swaths of the country... Mr. Rouhani refused...

Apparently ignoring Mr. Rouhani, General Bagheri said on Friday [March 13, 2020] that the military would severely restrict traffic,
close businesses and clear people off the streets in Tehran and at least 11 provinces... Barely two days later, Mr. Rouhani said
there would be no shutting of cities, no lockdowns, no forced closure of businesses...

By Monday, Mr. Rouhani appeared to have dissuaded the military from imposing strict rules. But local authorities defied him,

independently closing provinces and several cities.” Power Struggle Hampers Iran's Coronavirus Response (Accessed 5/5/20)
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Throughout this period, the Iranian government increased the stringency of its response as the count

of confirmed cases increased. The first two cases and deaths were reported simultaneously on
February 19, 2020. The next day, school closures were announced in the province of Qom and travel in
the region was discouraged. On February 22, 2020, the government closed schools in 14 provinces and
closed down major gathering sites such as football matches and theaters. By March 5, 2020 schools
were closed nationwide and government employees were required to work from home. Home
isolation was overseen by the military on March 13, 2020, described by The Guardian as a “near-curfew
[following] growing exasperation among MPs that calls for Iranian citizens to stay at home had been
widely ignored, as people continued to travel before the Nowruz New Year holidays.”*® Military
implementation of home isolation was reportedly hindered due in part to pushback from the civilian
government.*

France

The ORSAN (organisation de la réponse du systeme de santé en situations sanitaires exceptionnelles)
plan,” originally designed to deal with the 2009 H1N1 epidemic, is a predefined, structured
emergency plan that guides epidemic responses in France. The ORSAN plan, which is implemented by
President Emmanuel Macron and Prime Minister Edouard Philippe based on the advice of the Conseil
scientifique Covid-19, divides the epidemic outbreak into three distinct phases (“stades”) accompanied
by different anti-contagion policies:*

Stade 1: The phase when the virus has not prevalently spread within the French population.
Policies at this point aim to track infected individuals and identify the source of contagion in
order to prevent future clusters. Stade 1 was declared on February 25, 2020.

Stade 2: The phase when the virus has spread to a limited number of regions within the
country. During this phase, policies deployed are designed to slow the propagation of the
virus within these regions. For instance, under stade 2, localities may close schools or limit
access to elderly care facilities on a case-by-case basis. Stade 2 was declared on February 29,
2020 when the cumulative number of cases within the country reached 100 cases, and the
national government prohibited large gatherings of over 5,000 people. On March 9, 2020, this
national policy was subsequently changed to limiting gatherings to no more than 1,000
people.

Stade 3: The phase when every region of the country is affected by the virus. Policies are
intended to mitigate the impact of the epidemic. Stade 3 officially started on March 14, 2020
with a speech from President Emmanuel Macron. He announced a nationwide school closure
starting the following Monday. The next day the government decided to close all non-essential
business and the national lockdown began on March 17, 2020.




106
The central government relied heavily on the Conseil scientifique Covid-19 for the management of the

crisis. The Conseil scientifique Covid-19’s analysis was largely based on epidemiological models
inspired by the Imperial College model (Ferguson et al, 2006 ; Luca et al, 2018 ; Ferguson et al, 2005
According to the Conseil scientifique Covid-19’s first report, the goal of anti-contagion measures was to
limit the number of individuals who would require hospitalization.*

).53

United States

Although the first confirmed COVID-19 case in the US was documented on January 20, 2020, many
jurisdictions across the country did not implement mandatory policies at the county or state level
until early- to mid-March, with some states delaying more restrictive policy action until even later. At
the national level, both policy action and public engagement surrounding COVID-19 moved slowly. On
January 24, 2020, the head of the National Institute of Allergy and Infectious Diseases, Anthony Fauci,
commented that:

"We don't want the American public to be worried about this because their risk is low.”®

On January 28, 2020, Alex Azar, the secretary of Health and Human Services gave a Press Briefing in
which the tone remained largely the same:

“As of today, the CDC has reported 5 cases of the novel coronavirus infection here in the United
States. China has now reported more than 4,500 cases. Americans should know that this is a
potentially very serious public health threat, but, at this point, Americans should not worry for
their own safety.”™’

However, on January 31, 2020, Azar declared a public health emergency for the US.*® The first national
policy action, implemented on February 2, 2020, suspended entry into the United States of foreign
nationals who had visited China in the previous 14 days and mandated quarantine for Americans who
had recently visited hard hit regions of China.” The federal government followed this Presidential

53 Ferguson, N., Cummings, D., Cauchemez, S. et al. Strategies for containing an emerging influenza pandemic in Southeast
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immédiat la réduction maximale de Uafflux prévisible de cas graves en réanimation.”

(Translation: “It therefore appeared essential to the Scientific Council to set the main goal as the maximum reduction of the

foreseeable influx of serious cases in intensive care.”)
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58 Secretary Azar Declares Public Health Emergency for United States for 2019 Novel Coronavirus

% In the press briefing detailing these actions, Robert Redfield, director of the CDC, focused on the number of cases
internationally, saying: “As of today, there are nearly 9,700 cases in China, with more than 200 deaths. Additionally, currently
there are another 23 countries that have confirmed, totally, 132 cases. This also includes 12 individuals who have been
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Proclamation with a similar ban on February 29, 2020, prohibiting entry for non-U.S. citizens who had

been in Iran.*° On March 11, 2020, the federal administration further suspended arrivals by halting
travel from the Schengen Area in Europe.®

On March 16, 2020 the White House announced “15 Days to Slow the Spread,” a set of social distancing
guidelines that urged Americans to work from home, engage in remote schooling, avoid unnecessary
shopping trips, refrain from visiting restaurants and bars, and not gather in groups of more than 10
people.®” It was widely reported that these federal guidelines drew on a report by the Imperial College
COVID-19 Response Team (Ferguson et al, 2020) that recommended non-pharmaceutical
interventions to slow the spread of the virus.* This report assumed that infection was “seeded in each
country at an exponentially growing rate” (page 4) and provided guidance to policymakers that
“suppression policies are best triggered early in the epidemic, with a cumulative total of 200 ICU cases
per week being the latest point at which policies can be triggered” and still keep peak ICU demand
below surge limits.*

Besides the federal travel bans and social distancing guidelines, the majority of US anti-contagion
policies were enacted in a decentralized manner by state governors. Washington State, the first state
to suffer an outbreak, declared a state of emergency on February 29, 2020 in response to the first
in-state COVID-19 death.® A few weeks later, Washington Governor Jay Inslee passed “the immediate
two-week closure of all restaurants, bars, and entertainment and recreational facilities, as well as
additional limits on large gatherings” starting on March 16, 2020, where his “announcement comes
after the recent spike in numbers of COVID-19 cases in the state and across the country.”® A week
later, on March 24,2020, Governor Inslee announced a state-wide shelter-in-place order. In his
announcement, he wrote: “We have now confirmed that more than 2,000 Washingtonians have
contracted the virus. There are likely thousands more that have not yet been diagnosed. COVID-19 has
taken more than 100 lives in our state, a number that will also continue to rise...So, tonight, | am
issuing a ‘Stay at Home’ order to fight this virus...This includes a ban on all gatherings, and closures of
many businesses.”®’

In California, another state with early confirmed cases of COVID-19, the Health and Human Services
Agency in the California Department of Public Health issued on March 7, 2020 “statewide guidance to
help both school and public health officials inform their decision making” on whether to close schools

confirmed in six countries who did not travel to China.” Press Briefing by Members of the President’s Coronavirus Task Force |
January 31,2020

60 Suspension of Entry as Immigrants and Nonimmigrants of Certain Additional Persons Who Pose a Risk of Transmitting
2019 Novel Coronavirus

8" Suspension of Entry as Immigrants and Nonimmigrants of Certain Additional Persons Who Pose a Risk of Transmitting
2019 Novel Coronavirus

62 15 Days to Slow the Spread




108
and school districts.®® They included different scenarios each with a separate course of action, where

scenarios changed based on whether there were two or more confirmed cases in the community; one
or more confirmed case(s) by a student or teacher at the school; or if multiple schools within the
school district had a student or teacher test positive. The recommendations for some of these
scenarios included closing the school or the entire school district. On March 19, 2020, Newsom
announced the state-wide shelter in place order. The governor said his decision to deploy the policy
came after epidemiological models that projected the spread of COVID-19 in California.®

New York State, which would become the center of the US outbreak, confirmed its first case on March
1, 2020. Governor Andrew Cuomo responded by saying that the general risk to New Yorkers “remains
low” and that “we are fully coordinated, and we are fully mobilized, and we are fully prepared to deal
with the situation as it develops."™ On March 9, 2020, during an interview with Katy Tur of MSNBC,
when asked “What about schools? Are you considering closing them? What will it take to close them?”
Cuomo responded:

“We close them on a case-by-case basis...You have higher numbers in certain areas [of the state],
lower in others. If the numbers are low, God bless. If the numbers are high, take action. As |
mentioned before where we have a cluster in Westchester that has more cases than New York
City. So how do you handle that hotbed, that hot spot, as they call it? Closing schools, closing
gatherings, etcetera, extraordinary efforts where you have higher density of cases.”

Only a few days later, on March 16, 2020, New York and neighboring states Connecticut and New
Jersey, announced that they would limit social and recreational gathering to 50 people™ per national
CDC recommendations issued the day before.” The three states also coordinated the implementation
of business closures (including restaurants, bars, movie theaters and casinos) effective on March 16,
2020.” The decision to implement these uniform restrictions all at once across the three neighboring

states was to “prevent 'state shopping' where residents of one state travel to another and vice versa.”
74

In other states that have subsequently been affected by the virus, policies to close businesses and
schools, reduce gatherings and cancel events, and reduce travel have been implemented. In some
cases, the timing of these policies was determined by a holiday or in response to a high number of

68 CDE School Guidance for COVID-19
89 Gov. Gavin Newsom orders all of California to shelter in place
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confirmed cases in-state. For example Ohio (on March 15, 2020),” Michigan (on March 16, 2020),

Illinois (on March 16, 2020)"" and Massachusetts (on March 17, 2020)" responded preemptively to the
St. Patrick’s Day holiday (on March 17, 2020) by ordering the closures of bars and restaurants. In
Georgia, the closure of public K-12 schools starting on March 18, 2020, the limiting of large gatherings
and closing of bars on March 23, 2020, implementing a statewide shelter in place on April 2, 2020, were
deployed in response to “the number of COVID-19 cases in Georgia [which has] continue[d] to rise,” as
stated in the Executive Orders issued by Governor Bill Kemp.” On March 18, 2020, Kentucky closed all
businesses that interfaced with the public, such as recreational facilities, hair salons, and concert
venues, and recommended against visiting senior, psychiatric, or acute care centers.*

Policies across the US were deployed on all days of the week, but a disproportionate number were
deployed on Mondays (25.0%) and Fridays (23.8%) relative to other days of the week (10.2% on
average).

Epidemiological Data

The epidemiological datasets and sources used in this paper are described below. The main health
variables of interest are:
1. cum_confirmed_cases: The total number of confirmed positive cases in the administrative
area since the first confirmed case.
cum_deaths: The total number of individuals that have died from COVID-19.
cum_recoveries: The total number of individuals that have recovered from COVID-19.
cum_hospitalized: The total number of hospitalized individuals.
cum_hospitalized_symptom: The total number of symptomatic hospitalized individuals.
cum_intensive_care : The total number of individuals that have received intensive care.
cum_home_confinement: The total number of individuals that have been self-quarantined in
their homes as a result of a positive test.
8. active_cases: The number of individuals who currently still test positive on the date of the
observation.
9. active_cases_new: The number of new active cases since the previous date.
10. cum_tests: The total number of tests (includes both positive and negative results) conducted
in an administrative unit.

No kW

Additional metadata accompanying the health outcome variables:
1. date: The date of observation.
2. admO_name: The ISO3 (country) code to which this observation belongs.
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adml_name: The name of the Adm1 region (typically state or province) to which this

observation belongs.

adm2_name: If the dataset contains observations at the Adm2 level, then this is the name of
the Adm2 region to which this observation belongs (e.g. counties in the United States).
adm[1,2]_id: Any alphanumeric ID scheme to identify different administrative units (e.g. FIPS
code in the United States).

lat: The latitude of the centroid of the administrative unit.

lon: The longitude of the centroid of the administrative unit.

policies_enacted: The number of active policies that are in place for the administrative unit as
of that date. This variable is not population weighted.

testing_regime: A categorical variable used to identify when an administrative region changed
their COVID-19 testing regime. This is zero-indexed, with the ordering only indicating
chronological progression (there is no external meaning to Regime 2 vs. Regime 1 vs. Regime
0, and there is no consistency enforced for coding across countries). For example, if China
changes their testing regime twice, all observations prior to the first regime change would be
coded testing_regime=0, all observations in between the two changes would be coded
testing_regime=1, and all observations after the second change would be coded
testing_regime=2.

population: The population of the administrative unit.

pop_is_imputed: A binary variable equal to 1 if the population is imputed, and 0 otherwise.
Used for imputing the population of some cities in China.

Data Imputation

In certain instances where health outcome observations are missing or suffer from data quality issues,
we have imputed to fill in the missing values. Imputed health outcome variables are denoted by
[health_outcome]_imputed. We do not use any imputed health data in our analyses; it is only used for
display purposes.

We impute by:

1.

China

Taking the natural log of the non-missing observations pertaining to that health outcome
variable.

Linearly interpolating over the missing dates for that health outcome variable.
Exponentiating the interpolated values back into levels and rounding to the nearest integer.

We have collated a city-level time series health outcome dataset in China for 339 cities from January
10, 2020 to April 7, 2020.

For data from January 24, 2020 onwards, we relied on the public dataset Ding Xiang Yuan® (DXY) that
reports daily statistics across Chinese cities. Since DXY only publishes the most recent

=K Bt % [




111
(cross-sectional) statistics (and not the historical data), we used the time series dataset scraped from

DXY in an open source GitHub project.®” The web scraper program checks for updates at least once a
day for the statistics published on DXY and records any changes in the number of cumulative
confirmed cases, cumulative recoveries or cumulative deaths.

We assumed that no updates to the statistics meant there had been no new cases. We dropped a small
number of cases that had been recorded but not assigned to a specific city (many of these cases are
imported ones from other cities). We also dropped confirmed cases in prison populations (we
assumed the spread of COVID-19 in prisons was not affected by the implementation of city-level
lockdowns or travel ban policies).

For city level health outcomes prior to January 24, 2020, we manually collected official daily statistics
from the central® and provincial (Hubei,* Guangdong,® and Zhejiang®®) Chinese government
websites. We did not collect city level health outcomes recorded prior to January 24, 2020 in provinces
that had fewer than ten confirmed cases at that date. We made this decision since our analysis
dropped observations with fewer than ten cumulative confirmed cases to prevent noisy data during
the early transmission phase from disproportionately biasing the estimated results.

After merging the two datasets, we conducted a few quality checks:

(1) We checked that cumulative confirmed cases, cumulative recoveries, and cumulative deaths were
increasing over time. In instances when cumulative outcomes decreased over time, we assumed that
the recent numbers were more reliable, and treated the earlier number of cumulative cases as missing
(this was often due to data entry errors or cases where patients that were reported to have been
diagnosed with COVID-19, but were later found out to actually have tested negative). The magnitude
of these errors was relatively small. We filled in any missing data with the imputation methodology
described in the health data overview section.

(2) We validated our city-level dataset by aggregating observations up to the provincial level and
comparing the time trends from the aggregated dataset to that of the provincial dataset collated by
Johns Hopkins University.®” We confirmed that the two datasets matched very closely (see Figure A2
Panel A).

Testing Regime Changes:
During our sample period starting January 16, 2020, the criteria for being diagnosed with COVID-19
changed five times in China.®® On January 18, 2020, China began using the reverse transcription
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polymerase chain reaction (RT-PCR) test in addition to genome sequencing to confirm the SARS-CoV-2

infection in suspected cases.® China also no longer required failure in antibiotic treatment and began
considering patients who were not exposed to markets in Wuhan but had contact with symptomatic
persons from Wuhan.” On January 28, 2020, China began considering patients not necessarily linked
to Wuhan with at least two out of the previous three required clinical manifestations.” On February
13,2020, China created a separate “clinically confirmed” case definition for the Hubei province, which
counted patients who met clinical criteria through chest imaging and may not have had
epidemiological links or a positive PCR test.”> On February 20, 2020, China reversed this decision and
removed the separate “clinically confirmed” case definition for Hubei.”® On March 4, 2020, China
expanded the possible laboratory confirmation tests for SARS-CoV-2 to include serology.” We
included this information in the dataset because it could have potentially changed the levels and
short-term growth rates of the number of confirmed cases.

The testing regime date changes are encoded within the data cleaning script.

South Korea

We have collated a provincial-level time series health outcome dataset in South Korea from January
20, 2020 to April 6, 2020.

Most provinces in South Korea have been publishing data on their number of confirmed coronavirus
cases. Seoul,” Daegu,” Gyeongsangbuk-do,” Jeollabuk-do,”® and Sejong® provinces have been
reporting the number of confirmed cases on a daily basis. For these provinces, we recorded this
published health data.

Given that the province of Gangwon-do'® does not report provincial-level health data, we refer to the
daily number of new cases reported by each of its counties (Chuncheon-si,'* Wonju-si,'*
Gangneung-si,'” Taebaek-si,'* Sokcho-si,'”® and Samcheok-si'®). As a result, we manually collected
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the number of new confirmed cases from each county’s webpage and aggregated the numbers to the

provincial level.

The remaining provinces (Gyeonggi-do,'*” Incheon,'®® Busan,'” Ulsan,'*° Gwangju,"
Chungcheongnam-do,'*? Chungcheongbuk-do," Gyeongsangnam-do,™* Jeju,"* and Jeollanam-do
did not explicitly publish the number of cumulative confirmed cases. However, they did publish
patient-level data, including the date when patients had tested positive. For these provinces, we
constructed the measure of cumulative confirmed cases by counting the number of daily confirmed
cases and adding it to the previous date’s total.

116)

Most provinces did not publish the number of deaths. Instead, we checked the daily policy briefings
posted on the government homepages mentioned in the footnotes and manually collected mortality
data. In instances when mortality data were not found in the briefings, we obtained the mortality data
from other sources, such as through social media sources (e.g. Facebook) and blogs maintained by
local governments. Lastly, we supplemented these sources with mortality data reported in news
articles.

Testing regime changes:

We collected information on testing regime changes using press releases from the Korean Center for
Disease Control and Prevention (KCDC). In the press release menu, the KCDC uploaded daily briefing
announcements which contained information on testing criteria and changes to its testing regime.*’
Initially, the South Korean government only tested people who: 1) demonstrated respiratory
symptoms within 14 days after visiting Wuhan South China Seafood Wholesale Market and 2) those
who had pneumonia symptoms within 14 days after returning from Wuhan.'*®

As the outbreak spread, the KCDC broadened the criteria for testing. Starting January 28, 2020, the
agency isolated 1) those who had fever or respiratory symptoms upon returning from Hubei province
and 2) those who had symptoms of pneumonia upon returning from mainland China.'***** We coded
this as the first change in the testing regime.
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120 NB: The KCDC English website explains the testing regime change in a more condensed format: “Any citizens identified
with a fever or respiratory symptoms and have visited Wuhan will be isolated and tested at a nationally designated isolation

hospital, and any foreigners staying in Korea will be conducted in cooperation with police.” Urges cooperation in preventing
the spread of 2019-nCoV in community | Press Release | News Room : KCDC
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The second testing regime change occurred on February 4, 2020, when the KCDC announced that
people who had had any “routine contacts” with confirmed cases were required to self quarantine for
a 14-day period. The agency defines two categories of contacts: close contacts and routine contacts.
The former is defined as a person who has been within two meters of, in the same room as, or exposed
to any respiratory secretions of an infected individual. The latter refers to whether the individual
conducted any activity in the same place and at the same time as the infected person. Prior to this
regime change, the KCDC separated those two cases and applied different quarantine policies;
starting February 4, 2020, any routine contacts were also required to be self-quarantined. ***

Shortly thereafter, South Korea aggressively expanded the scope of their testing. Starting February 7,
2020, the KCDC broadened the definition of suspected cases to 1) anyone who developed a fever or
respiratory symptoms within 14 days after returning from China, 2) anyone who developed a fever or
respiratory symptoms within 14 days after being in close contact with a confirmed case, and 3) anyone
suspected of contracting COVID-19 based on their travel history to affected countries and their clinical
symptoms.’* Moreover, the KCDC announced that the test would be free for all suspected cases and
confirmed cases.'” As a result of these efforts, KCDC announced that they would begin to test 3,000
people daily, a marked increase from only 200 people a day previously."**

The KCDC revised their guidelines on February 20, 2020 in order to test more people. Their press
release stated: “Suspected cases with a medical professional’s recommendation, regardless of travel
history, will get tested. Additionally, those who are hospitalized with unknown pneumonia will also be
tested. Lastly, anybody in contact with a diagnosed individual will need to self-isolate, and will only be
released when they test negative on the thirteenth day of isolation.”**

As the number of patients grew rapidly, the KCDC decided to focus on more vulnerable groups. In their
February 29, 2020 press release, the agency stated: “The KCDC has asked local government and health
facilities to focus on tests and treatment, especially targeting those aged 65+ and those with
underlying conditions who need early detection and treatment.” This change was coded as our next
testing regime change in the dataset.'”

On March 22,2020, the KCDC began conducting COVID-19 diagnostic testing for every inbound
traveler entering from Europe. This was coded as another testing regime change. Of the 1,442 inbound
travelers from Europe arriving March 22,2020, 152 were symptomatic and were quarantined and

motal D X2 IfRHET| " AIE FZLHHO|PA ZHAE S X[ QI B474 " (Revision in the Guidance Documents for

NB: The date of this press release is February 8 2020 but the definition of “suspected cases” was effective starting from
February 7, 2020.

12 NB: The testing fee was already somewhat affordable; a person needed to pay 160,000 KRW (about $130 USD). A related
article can be found here: 5 M1 ZEFZ L FICHZHALH 22 oinpy 2

124 AIE F2LIHIO|PA ZHIE ZohAL &A= R 5 3| E (22 72]) (Daily b:'ef’nngQ}!D—]Q February 7)
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tested at an airport quarantine facility. The remaining 1,290 travelers were asymptomatic and were

moved to a temporary living facility to be tested.™”

On March 27, 2020, this policy was expanded, where all inbound travellers from the US with symptoms
(regardless of nationality) were required to be tested at the airport.’”® We code this as our final testing
regime change.

The data on the testing regime date changes are in the “KOR_policy_data_sources.csv.”

Italy

We have collated a regional and provincial level time series health outcome dataset in Italy from
February 24, 2020 to April 7, 2020.

This data came from the GitHub repository maintained by the Italian Department of Civil Protection
(Dipartimento della Protezione Civile). Health outcomes included the number of confirmed cases, the
number of deaths, the number of recoveries, and the number of active cases. These figures have been
updating daily at 5 or 6 pm (Central European Time). The regional-level dataset was pulled directly
from “dati-regioni/dpc-covid19-ita-regioni.csv,” and the provincial-level dataset was pulled from
“dati-province/dpc-covid19-ita-province.csv.”

Testing regime changes:

The testing regime change in Italy occurred when the Director of Higher Health Council announced on
February 26,2020 that COVID-19 testing would only be performed on symptomatic patients, as the
majority of the previous tests performed were negative.

The data on the testing regime date changes are in the “ITA_policy_data_sources.csv.”

Iran

We have collated a provincial-level time series health outcome dataset in Iran from February 19, 2020
to March 22, 2020 (however health data are not reported by the Iranian Ministry of Health for March
2-3,2020).

The Iranian government had been announcing its new daily number of COVID-19 confirmed cases at
the provincial level on the Ministry of Health’s website. This data has been compiled daily in the table
"New COVID-19 cases in Iran by province"'* located in the “2020 coronavirus pandemic in Iran” article
on Wikipedia.
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We spot-checked the data in the Wikipedia table against the Iranian Ministry of Health

announcements™ using a combination of Google Translate and a comparison**! of the numbers in the
announcements (which were written in Persian script) to the Persian numbers.

Testing regime changes:

On March 6, 2020, the Ministry of Health announced™” a national coronavirus plan, which included
contacting families by phone to identify potential cases, along with the disinfecting of public places.
The plan was to begin in the provinces of Qom, Gilan, and Isfahan, and then would be rolled out
nationwide. On March 13, 2020, the government announced a military-enforced home isolation policy
throughout the nation.™ This announcement included nationwide disinfecting of public places. While
a follow-up announcement of the March 6 high testing regime stating its complete rollout was not
found, the March 13 announcement did reference the implementation of the public spaces
component of the earlier plan across the country. We thus assumed that the high testing regime had
also been fully rolled out on March 13, 2020.

Testing Regime Changes:
The data on the testing regime date changes are in the “/RN_policy_data_sources.csv.”

France

We have collated a regional-level time series confirmed cases dataset in France from February 15,
2020 to March 25, 2020, and regional-level time series hospitalization data from March 3, 2020 to April
6, 2020.

We used the number of confirmed COVID-19 cases by région from France’s government website."* The
sources listed for this dataset were the French public health website,"* the Ministry of Solidarity and
Health,"® French newspapers that reported government information,"’ and regional public health
websites.™® Given that these data were not published on a daily basis, we supplemented the dataset
by scraping the number of confirmed cases by région on the French public health website through
March 25, 2020, which is the last date the subnational case data are made publicly available.*

3% Example of Ministry of Health data:
W 40 e s jlay Lolnds
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Hospitalization data come from the same source **° (Santé Publique France) as the case data. Santé

Publique France announced they would stop posting regional-level case data because they were not
reliable, and only provide hospitalization data instead.

140 (

Testing Regime Changes:

The one testing regime change in France occurred on March 13, 2020 with the beginning of the
epidemic “stade 3”, when the government started to give severe cases in hospitals priority for testing.
"I The testing regime date changes are encoded within the data cleaning script.

United States

We have collated a state-level time series health outcome dataset in the United States from January
22,2020 to April 7, 2020.

The data come from the Github repository associated with the usafacts.org interactive dashboard. As
of the time of writing, the data are available here. The repository and dashboard are updated
essentially in real-time, at least daily.

Testing regime changes:

To determine the testing regime, we used estimated daily counts of the cumulative number of tests
conducted in every state, as aggregated by the largely crowdsourced effort named "The Covid
Tracking Project" (covidtracking.com). We estimated the total number of tests as the sum of
confirmed positive and negative cases. For some states and some days, there have been no negative
case counts, in which case we utilize just the confirmed positive cases. We also ensured that the
confirmed number of positive cases agreed with the counts in the John Hopkins University COVID-19
»4dataset.'”

We programmatically determined possible testing regime changes by filtering for any consecutive
days during which the testing rate increased at least 250% from one day to the next, and where this
jump was an increase of at least 150 total tests over one day. After visually inspecting the candidates,
we confirmed that the automatically detecting testing regime changes represent visually
distinguishable changes in testing rates. The testing regime date changes are encoded within the data
cleaning script.

Policy Data

The policy events, datasets, and sources used in this paper are described below. For each country, the
relevant country-specific policies identified were then mapped to a harmonized policy categorization
used across all countries.

140 https://www.data.gouv.fr/fr/datasets/donnees-hospitalieres-relatives-a-lepidemie-de-covid-19/

. RPN
141 . « » ) 2

142 cSSEGISandData/COVID-19: Novel Coronavirus (COVID-19) Cases, provided by JHU CSSE
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The policy categories are by default coded as binary variables, where [policy_variable] = 0 before the
policy is implemented in that area, and [policy_variable] = 1 on the date the policy is implemented
(and for all subsequent dates until the policy is lifted). There are instances when the value of the policy
variable is between 0 and 1; for further details, refer to the Policy Intensity subsection.

The main policy categories identified across the six different countries fall into four broad classes:

1. Restricting travel:

a.

travel_ban_local : A policy that restricts people from entering or exiting the
administrative area (e.g county or province) treated by the policy.
travel_ban_intl_in: A policy that either bans foreigners from specific countries from
entering the country, or requires travelers coming from abroad to self-isolate upon
entering the country.

travel_ban_intl_out: A policy that suspends international travel to specific foreign
countries that have high levels of COVID-19 outbreak.

travel_ban_country_list: A list of countries for which the national government has
issued a travel ban or advisory. This information supplements the policy variable
travel_ban_intl_out.

transit_suspension: A policy that suspends any non-essential land-, rail-, or
water-based passenger or freight transit.

2. Distancing through cancellation of events and suspension of
educational/commercial/religious activities:

a.
b.

school_closure: A policy that closes school and other educational services in that area.
business_closure: A policy that closes offices, non-essential businesses, and
non-essential commercial activities in that area. Non-essential services are defined by
area. This policy also includes the limiting of business hours and reducing restaurant
and bar operations.

religious_closure: A policy that prohibits gatherings at a place of worship, specifically
targeting locations that are epicenters of the COVID-19 outbreak. See the section on
Korean policy for more information on this policy variable.

work_from_home: A policy that requires people to work remotely. This policy may also
include encouraging workers to take holiday/paid time off.

event_cancel: A policy that cancels a specific pre-scheduled large event (e.g. parade,
sporting event, etc). This is different from prohibiting all events over a certain size.
no_gathering: A policy that prohibits any type of public or private gathering. (whether
cultural, sporting, recreational, or religious). Depending on the country, the policy can
prohibit a gathering above a certain size, in which case the number of people is
specified by the “no_gathering_size” variable.

no_gathering_inside: A policy that specifically prohibits indoor gatherings. See the
section on French policy for more information on this policy variable.
no_demonstration: A policy that prohibits protest-specific gatherings. See the section
on Korean policy for more information on this policy variable.
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social_distance: A policy that encourages people to maintain a safety distance (often

between one to two meters) from others. This policy differs by country, but includes
other policies that close cultural institutions (e.g. museums or libraries), or encourage
establishments to reduce density.

welfare_services_closure: A policy that mandates the closure of social welfare facilities,
specifically mental rehabilitation facilities, social welfare centers, and homeless use
facilities. See the section on Korean policy for more information on this policy
variable.

3. Quarantine and lockdown:

a.

pos_cases_quarantine: A policy that mandates that people who have tested positive
for COVID-19, or subject to quarantine measures, have to confine themselves at home.
The policy can also include encouraging people who have fevers or respiratory
symptoms to stay at home, regardless of whether they tested positive or not.
home_isolation: A policy that prohibits people from leaving their home regardless of
their testing status. For some countries, the policy can also include the case when
people have to stay at home, but are allowed to leave for work- or health-related
purposes. This policy is also a superset of other, less stringent policies. As such, the
estimates of the full home isolation effect encapsulates the effect one would observe if
none of the less stringent policies were yet in place when home isolation was
implemented.

4. Additional policies

a.

b.

emergency_declaration: A decision made at the city/municipality, county,
state/provincial, or federal level to declare a state of emergency. This allows the
affected area to marshal emergency funds and resources as well as activate
emergency legislation.

paid_sick_leave: A policy where employees receive pay while they are not working due
to theillness.

Optional policies:

In the cases when the aforementioned policies are optional, we denote this as [policy_variable] _opt.

Population weighting of policy variables:

In cases where only a portion of the administrative unit (e.g. half of the counties within the state) are
affected by the implementation of the policy, we weight the policy variable by the percentage of
population within the administrative unit that is treated by the policy. This is denoted as
[policy_variable]_popwt, and the value that this variable can take on is a continuous number between
0 and 1. Sources for the population data are detailed in a later section.
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Policy intensity

policy_intensity is a continuous value between 0 and 1 that modulates the intensity/restrictiveness of
a policy. By default this value is 0 when the policy has not been implemented and 1 when the policy is
implemented (i.e. the policy variables are treated as indicator variables). However, in instances when
a policy has evolved over time, then less restrictive implementations of the policy are weighted by a
policy_intensity value that is between 0 and 1, and the most restrictive version of the policy has a value
of 1.

For simplicity, if a given policy has undergone one version change, then the policy_intensity of the less
restrictive edition is equal to 0.5, and the value of the more restrictive edition is equal to 1. If there
have been two version changes, then the policy_intensity of the less restrictive edition is equal to 0.33,
the value of the second most restrictive edition is equal to 0.67, and the value of the most restrictive
edition is equal to 1, etc.

Additionally, in certain countries, a type of broad policy category (e.g. business_closure) could have
multiple sub-policies that fall within this category (e.g. closing of restaurants/bars, closing of
gyms/casinos/recreational facilities, and closing of non-food/non-recreational facilities). In this case,
the policies are treated additively, where each of the three sub-policies have a policy_intensity weight
of 0.33, and if an administrative unit has implemented only two of three of the policies on a given date,
then the business_closure variable would equal 0.66.

Lastly, for some countries, the deployment of a certain policy (e.g. home_isolation) implies that other
policies are also turned on (e.g. travel_ban_local or work_from_home), even if there is no separate
policy that explicitly states this. The relationships between policies are country-specific, and these
assumptions are encoded in our country-by-country policy data dictionary, which can be found in the
GitHub repository at data/raw/multi_country/policy_implication_rules.json.

In the instances when the implementation of a certain policy implies that other policies are also in
place, these secondary policies are only drawn from the set of policies that have already been
deployed within that country. For example, in Italy when home_isolation is enacted for an
administrative unit on a specific date, this implies that business_closure and work_from_home should
also be turned on for this administrative unit on this date, since these two policies have been
implemented within the country. However, this would not imply that the policy variable
no_demonstrations (a policy that has been implemented in other countries within our sample, but not
in Italy) is turned on, since this policy had not been deployed in any Italian administrative unit prior to
this specific date.

More specifically, we compute policy_intensity using this approach:

1. For non-population-weighted policy variables: For a given policy category on a specific date
(e.g. business_closure on March 15, 2020), take the maximum of the mandatory policy
intensities for all units lower (e.g. Adm0) than, equal to, and higher (e.g. Adm2) than the
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analysis unit (e.g. Adm1). Assign this maximum policy_intensity value to the unit of analysis. If

there is no mandatory version of the policy that applies to the unit of analysis, then take the
maximum of the optional policy intensities and assign it to the optional policy variable for the
analysis unit.

2. For population-weighted policy variables: Take the maximum of the mandatory policy
intensities for all units lower (e.g. Adm0) than and equal to the analysis unit (e.g. Adm1), and
assign that as the default mandatory intensity for all units higher (e.g. Adm2). If the policy is
not mandatory at the analysis or lower unit, then assign the maximum of the optional
policy_intensity value as the default optional intensity for all higher units. For any higher unit
that has a specific policy, assign the appropriate version (mandatory or optional) of the policy
variable at that higher unit the maximum of that intensity and the default intensity, with
mandatory always taking priority over optional. For all that don't have a specific policy, assign
them the default intensity (again, assigning this to the optional or mandatory version as
appropriate). Then calculate the population-weighting at the analysis unit level (e.g. Adm1),
separately for both optional and mandatory variables. Each higher unit should only have a
non-zero intensity for optional or for mandatory (or neither), but not both.

3. Forbroadly defined policy variables like social_distance that could encompass a variety of
country-specific policies: The policy_intensity assignment differs by country. If the specific
policies employed at the various administrative levels are the same policy, then the approach
in (1) is used. If they are different policies within the same broad category, then we add
instead of taking the maximum, allow for both optional and mandatory policies, and and
otherwise follow the approach of (1). This addition is appropriate across different
administrative divisions because of (1).

China

We obtain data on China’s policy response to the COVID-19 pandemic by culling data on the start
dates of travel bans and lockdowns at the city-level from the “2020 Hubei lockdowns” Wikipedia page,
%3 and various news reports.

To combat the spread of COVID-19, the Chinese government imposed Level 1 emergency declarations,
travel restrictions and quarantine measures. The lockdown of the city of Wuhan, the origin of the
pandemic, occurred on January 23, 2020. Immediately following the Wuhan lockdown, neighboring
cities followed suit, banning travel into and out of their borders, shutting down businesses, and
placing residents under household quarantine. The same policy measures were implemented in cities
across China for the next three weeks.

Starting around the same time as the initial lockdown, from January 23 to January 29, 2020, all
provincial governments declared Level 1 emergency responses.** The declaration often included the

143 .
2020 Hubei lockdowns

¥ Tian, Huaiyu, Yonghong Liu, Yidan Li, Chieh-Hsi Wu, Bin Chen, Moritz UG Kraemer, Bingying Li et al. "An investigation of

transmission control measures during the first 50 days of the COVID-19 epidemic in China." Science (2020).
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closing of entertainment venues, banning of public gatherings, and extensive temperature monitoring

at airports, railway stations and highway checkpoints.'* |

Some lockdowns occurred during the national Chinese New Year holiday (January 24-30, 2020) when
schools and most workers were on break. On January 27, 2020, China extended the official holiday to
February 2, 2020, while many additional provinces delayed resuming work and opening schools for
even longer."® The Chinese New Year holiday is analogous to containment policies such as school
closures and restrictions on non-essential work. We do not specifically estimate the effect of this
holiday extension, as most cities were in lockdown during the extended holiday, and a lockdown is a
more restrictive containment measure. A lockdown requires all residents to stay home, except for
medical reasons or essential work, and only allows one person from each household to go outside
once every one to five days (exact policy varied by city).

South Korea

We obtained data on South Korea’s policy response to the COVID-19 pandemic from various news
sources, as well as press releases from the Korean Centers for Disease Control and Prevention (KCDC),
the Ministry of Foreign Affairs, and local governments’ websites. The policy variables coded in the
dataset are: welfare_services_closure, business_closure_opt, emergency_declaration,
no_demonstration, religious_closure, event_cancel, school_closure, social_distance_opt,
travel_ban_intl_in_opt, travel_ban_intl_out_opt,, work_from_home_opt, and pos_cases_quarantine.

On February 28 2020, the KCDC recommended the closure of 14 types of social welfare facilities to
reduce the spread of infection among vulnerable groups in the population.**’ These include childcare
centers, vocational rehabilitation centers for the disabled, senior citizen centers, mental
rehabilitation facilities, and homeless use facilities. We code this in the variable
welfare_services_closure. Even though it was technically a recommendation, we did not code this
policy as optional because a majority of facility types listed in the press release (senior citizen centers,
job centers, childcare centers, etc.) are under public administration, so these facilities likely would
have followed recommendations. Indeed, some news articles have reported that all children’s centers
in Busan are closed™*® as well as over 3,600 facilities in Seoul.**

We created another variable, business_closure_opt, which applies to two provinces: Seoul and
Gyeonggi-do. On March 11, 2020, the mayor of Seoul advised that popular commercial establishments
such as karaoke places, clubs, and cyber cafes be closed.™ Seven days later, the governor of
Gyeonggi-do issued an executive order limiting the usage of commonly frequented commercial

145 http://www.gov.cn/xinwen/2020-01/29/content_5472881.htm
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China Extends Lunar New Year Holiday to Feb 2, Shanghaito Feb 9
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establishments and requiring a higher standard of cleanliness.”* We coded this as an optional

business closure given that the policy discourages usage of these facilities but did not explicitly order
them to shut down.

Daegu and Gyeongsangbuk-do have been two of the regions hardest hit by COVID-19. The government
of South Korea declared an emergency for those two areas on March 15, 2020."*> We incorporated this
information into the variable emergency_declaration.

The variable no_demonstration reflects the efforts of some regions limiting any protests calling for
slowing the spread of the outbreak. On February 24, 2020, Incheon stopped a protest in front of the
Incheon Metropolitan City Hall.**® Two days later, Seoul prohibited protests in downtown areas where
massive demonstrations used to take place.”

Many province level COVID-19 policies have targeted religious gatherings at Shincheonji Church of
Jesus, since its religious gatherings have been linked to the explosion in the number of cumulative
confirmed cases. Provincial governments tried to shut down Shincheonji-related places of worship,
and the related policy implementation is encoded in the variable religious_closure. The regions which
utilized this policy option are: Daegu," Gyeongsangbuk-do,"® Seoul,” Jeju,"® Gyeonggi-do,"*®
Jeollanam-do,"® Gyeongsangnam-do,'* Incheon,'®* Ulsan,'® Busan,' Jeollabuk-do,'*
Chungcheongbuk-do,'*® Gwangju,"*” Chungcheongnam-do,'*® and Daejeon.'®

151 (14 3| =) O|KYB, “pCit- - PHOA A B 2 254l Q1 A of 2T 0| R KI5 SHF{TH24” (Cyber cafes, karaokes, and clubs under
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Many provinces have also canceled public events organized by local administrative agencies. We code

this policy in the variable event_cancel. The regions which exercised this policy are: Seoul,'” Daegu,'™
Gangwon-do,'” Chungcheongbuk-do,'” Chungcheongnam-do,'" Sejong,'”™ Daejeon,'™
Gyeongsangbuk-do,""” Gyeongsangnam-do,'”® Jeju,'” Gyeonggi-do,'® Ulsan,'® Gwangju,'®* Busan,'®*
Incheon,*® Jeollanam-do,*®* and Jeollabuk-do.*®

The policy variable school_closure has been turned on for the entirety of the Korean time series
dataset. This is because all schools were already on vacation during the beginning of the outbreak,
and the government then postponed their start dates. At the time of writing, the Ministry of Education
announced that schools would be kept closed until April 3,2020."*" Therefore, this policy variable is
always equal to 1 in the dataset.

social_distance_opt has been turned on from February 29, 2020, when KCDC recommended social
distancing as one of the main tools to deal with the outbreak. In their press release, they
recommended that people maintain personal hygiene and practice ‘social distancing’ until the
beginning of March, an important point of this outbreak.'® In the case of Daegu, the hardest-hit region
in the country, we coded the variable as 1 starting from February 22, 2020, based on the statement, “It
is recommended for residents in Daegu to minimize gathering events and outdoor activities.”**

The first travel restriction for incoming travelers (travel_ban_intl_in_opt) was implemented on
January 28, 2020. It is worth noting that it was not a total prohibition of incoming visitors; rather, it
means inbound travellers were subject to COVID-19 specific emergency measures. KCDC mentioned
that starting on January 28, 2020 “any travellers depart[ing] from China [would] be a subject to
strengthened screening and quarantine measures.”*® On February 12, 2020, KCDC broadened the list
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of countries subject to the stricter measures to include Hong Kong and Macau.'* Subsequently, KCDC

added Italy and Iran (on March 11, 2020);'* France, Germany, Spain, UK, and Netherlands (on March
15,2020);'** and any remaining European countries (March 15, 2020)"** to their country list. On March
19, 2020, the policy was expanded to include all travelers arriving at port regardless of country of
origin.'®

This restriction was not limited to inbound travellers. The government also issued advisories on
countries where the number of infections had increased, which has been encoded as the variable
travel_ban_intl_out_opt. The first outbound travel alert due to COVID-19 was announced on January
28, 2020: The Ministry of Foreign Affairs (MOFA) issued a Level 2 (Yellow) alert for any travel to
mainland China, Hong Kong, and Macau.™* Later, MOFA added Italy on February 28, 2020,"*" Japan on
March 9, 2020,"*® and all European countries on March 16, 2020." On March 18, 2020, KCDC strongly
called for the cancellation or delay of all international travel on non-urgent matters.”® It should be
noted that the Level 2 alert does not enable the government to prohibit travel to these destinations,
which is why the policy was coded as optional.

There are four types of travel advisories distributed by the South Korean government: Level 1, Navy;
Level 2, Yellow; Level 3, Red; and Level 4, Black.” Travel under the Level 4 alert is prohibited, and the
government utilizes legal instruments to enforce the restriction. If people leave the country under the
black alert, they will be subject to fines up to ten million KRW, or imprisonment up to a year. However,
there is no enforcement instrument for the advisories up to Level 3. In that sense, we stated above
that the banning policy does not mean prohibiting travel. Nevertheless, we coded the yellow alert as
the first travel ban in our dataset, since Level 2 alerts are issued relatively rarely, such as during a
significant demonstration®® or military coup.”® As a result, we coded the Level 2 alert due to COVID-19
into the dataset for the policy analysis.

The policy variable work_from_home_optional indicates when KCDC began recommending that
people work from home. On March 15, 2020, the KCDC press release stated: “Since contact with
confirmed cases in an enclosed space increases the possibility of transmission, it is recommended to
work at home or adjust desk locations so as to keep a certain distance among people in the office.
More detailed guidelines for local governments and high-risk working environments will be
distributed soon.
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On March 22,2020, the KCDC announced that all inbound travelers from Europe would be tested at
the airport and subject to quarantine measures.”” Korean citizens and long-term visitors returning
from abroad needed to home-quarantine for 14 days (even if they test negative for COVID-19), while
short-term visitors would be actively monitored. Inbound travelers with no symptoms were required
to stay at temporary facilities while awaiting their test results.”® We coded this as the policy variable
pos_cases_quarantine modulated by policy_intensity = 0.25. When this policy was expanded on March
27,2020 to include all symptomatic travelers arriving from the US, " we coded this variable with a
policy_intensity =0.5. On April 1, 2020, these quarantine measures were extended to include inbound
travelers arriving from all countries, with exceptions allowed only for limited cases (diplomatic
missions etc.).”® This variable was then coded with policy_intensity = 0.75. Lastly, starting on April 5,
2020, the KCDC announced that inbound travelers who fail to comply with quarantine regulations are
subject to imprisonment of up to 1 year or a fine of up to 10 million won for the violation of the
Infectious Disease Control and Prevention Act. In addition, persons of foreign nationality who fail to
comply may be subject to measures including deportation and entry ban in accordance with the
Immigration Act.””® We then coded this variable with the policy_intensity = 1.

Italy

We have obtained data on Italy’s policy responses to the COVID-19 pandemic primarily from the
English version of the COVID-19 dossier “Chronology of main steps and legal acts taken by the Italian
Government for the containment of the COVID-19 epidemiological emergency”** written by the
Department of Civil Protection (Dipartimento della Protezione Civile), most recently updated on March
12,2020. This dossier details the majority of the municipal, regional, provincial, and national policies
rolled out between the start of the pandemic to present-day. We have supplemented these policy
events with news articles that detail which administrative areas were specifically impacted by the
additional policies.

The first major policy rollout was on February 23, 2020, when 11 municipalities across two provinces in
Northern Italy were placed on lockdown. These policies included closing schools, cancelling public
and private events and gatherings, closing museums and other cultural institutions, closing
non-essential commercial activities, and prohibiting the movement of people into or out of the
municipalities.

The second major policy rollout was on March 1, 2020, when two provinces and three regions in
Northern Italy were placed on partial lockdown. These policies also included closing schools,
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cancelling public and private events and gatherings, closing museums, closing non-essential

commercial activities, as well as limiting the number of people at places of worship, restricting
operating hours of bars and restaurants, and encouraging people to work remotely.

The third major policy roll-out was on March 5, 2020, when all schools across the country were closed.

The fourth major policy roll-out was on March 8, 2020 when the region of Lombardy and 13 provinces
in Northern Italy were placed on lockdown. These policies included the cancellation of public and
private events and gatherings, closing of museums, encouraging people to work remotely, limiting the
number of people at places of worship, restricting opening hours of bars and restaurants, mandating
quarantine of people who tested positive for COVID-19, prohibiting the movement of people into or
out of the affected area, and restricting movement within the affected area to only work or
health-related purposes. Commercial activities were still allowed, as long as they maintained a safety
distance of one meter apart per person within the establishment. All civil and religious ceremonies,
including weddings and funerals, were suspended. During this same policy roll-out, the rest of the
country faced less stringent policies: cancelling public and private events, closing museums, and
requiring restaurants and commercial establishments to maintain a safety distance of one meter
apart per person within the establishment.

The fifth major policy roll-out was announced on March 9, 2020, and went into effect on March 10,
2020, when lockdown policies applied to Northern Italy were rolled out to the entire country. Lastly,
on March 11, 2020, the lockdown was changed to also cover the closing of any non-essential
businesses and further restricted people from leaving their home.

After the death toll in Italy surpassed that of China on March 21, 2020, the Italian government
increased the severity of their existing policies. Effective March 22, 2020, all non-essential industrial
production and factories would be shut down across the country.”* Domestic travel was further
restricted; people were not permitted to leave the municipality they were currently in except for
urgent matters or emergencies.””? Lastly, in the hard-hit northern region of Lombardy, the regional
government increased lockdown restrictions by banning all individual outdoor exercise or sporting
activity.”

Policy Intensity: We have modified the policy intensity of three different policy variables:
home_isolation, business_closure, and travel_ban_local.

The home_isolation policy underwent three policy revisions:
1. The least restrictive version of the policy applies to when people were allowed to leave the
house for work, health, and essential reasons (policy_intensity of home_isolation = 0.33).
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2. The moderate version of the policy applies to when people were allowed to leave the house

only for health and essential reasons (which includes the ability to go outdoors for individual
exercise/sporting activities) (policy_intensity of home_isolation =0.67).

3. The most restrictive version of the policy applies to when people were allowed to leave the
house only for health and essential reasons, but were no longer allowed to leave the house for
individual exercise/sporting activities (policy_intensity of home_isolation = 1).

The business_closure policy underwent three policy revisions:

1. The least restrictive version of the policy applies to the limiting of restaurant hours (but other
commercial activities were permitted) (policy_intensity of business_closure = 0.33),

2. the moderate version of the policy applies to the closing of all non-essential businesses,
(policy_intensity of business_closure = 0.67),

3. and the most restrictive version of the policy applies to the closing of all non-essential
industrial production and factories, in addition to the closing of non-essential businesses
(policy_intensity of business_closure = 1).

Lastly, the travel_ban_local policy underwent two policy revisions:
1. The least restrictive version of the policy applies to when people were not allowed to
enter/exit the affected administrative area, (policy_intensity of travel_ban_local=0.5),
2. andthe most restrictive version of the policy applies to a more restrictive ban on domestic
travel that mandated that people had to stay in the municipality they were currently in
(policy_intensity of travel_ban_local = 1).

Iran

For Iran’s policy response to the COVID-19 pandemic, we relied on news media reporting as the
primary source of policy information (mostly due to translation restrictions). We also relied on two
timelines of pandemic events in Iran to help guide the policy search.?'*

The first major outbreak in Iran was connected to a major Shia pilgrimage in the city of Qom that
brought Shiite pilgrims from Iran and throughout the Middle East, where they came to kiss the Fatima
Masumeh shrine. It is possible that the disease was brought to Qom by a merchant traveling from
Wuhan, China.*® In addition, it is believed that the Iranian government knew of the COVID-19 outbreak
prior to its February 21, 2020 parliamentary elections, but downplayed the risks associated with the
disease as not to suppress voter turnout (given concerns that a low turnout would reflect poorly on its
legitimacy).”*” The disease, initially centered in Qom and neighboring Tehran, spread rapidly
throughout the country.

24 ) pDATED: Timeline of the Coronavirus
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As the number of cases grew, the Iranian government started to increase the stringency of its

response. The first case was reported on February 19, 2020 (two individuals who both were reported
to have died that day). The next day, school closures were announced in the province of Qom and
travel in the region was discouraged. By February 22, 2020 the government closed schools in 14
provinces and closed down major gathering sites such as football matches and theaters. By March 5,
2020 schools were closed nationwide and government employees were required to work from home.
Home isolation was implemented by the military on March 13, 2020, which the media described as
“the near-curfew follows growing exasperation among MPs that calls for Iranian citizens to stay at

home had been widely ignored, as people continued to travel before the Nowruz New Year holidays.”
218

France

We obtain data on France’s policy response to the COVID-19 pandemic from the French government
website, press releases from each regional public health site, and Wikipedia.

The French government website contains a timeline of all national policy measures.”® Each regional
public health agency (I’Agence Régionale de Santé) in France posts press releases with information on
the policies the région or départements within the région will implement to mitigate the spread and
impact of the COVID-19 outbreak.”*® The Wikipedia page on the 2020 coronavirus pandemic in France

has collated information on the major policy measures taken in response to the COVID-19 pandemic.
221

Starting February 29, 2020, France banned mass gatherings of more than 5,000 people nationwide,
while some major sporting events were cancelled and a handful of schools closed to mitigate the
spread of the virus. As more COVID-19 cases were confirmed during the following week, additional
sporting events were canceled, more schools decided to close, and certain cities and départements
limited mass gatherings to no more than 50 people, excluding shops, business, restaurants, bars,
weddings, and funerals. Some régions closed early childhood establishments (e.g. nurseries, daycare
centers) and prohibited visitors to elderly care facilities. On March 8, 2020, France banned mass
gatherings of more than 1,000 people nationwide. Other schools, cities, and départements followed
suit with additional school closures and limiting mass gatherings. On March 11, 2020, France
prohibited all visits to elder care establishments. Starting March 16, 2020, France closed all schools
nationwide. Between March 17,2020 - March 23, 2020, governments at both the national level and
région level implemented more restrictive lockdown policies, which included shelter-in-place
measures,”” the closing of public places,”” and banning of outside markets and severely restricting
movement outside of the house.”
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We have coded various policies that cancel events and large gatherings as such: any cancellations of
professional sporting and other specific pre-scheduled events as the policy variable event_cancel. The
no_gathering policy variable represents policy measures that banned all events or mass gatherings of
a certain size, e.g. no gatherings of over 1,000 people. The social_distance policy variable includes
measures preventing visits to elder care establishments, closures of public pools and tourist
attractions, and teleworking plans for workers.

United States

For the United States’ policy response to the COVID-19 pandemic, we relied on a number of sources,
including the U.S. Center for Disease Control (CDC), the National Governors Association, individual
state health departments, as well as various press releases from county and city-level government or
media outlets. The CDC has posted and continually updated a Community Mitigation Framework that
encompasses both mandatory and recommended policies at a national level.””*** The CDC’s
framework along with the guidelines released by the White House on March 16,2020 named “15 Days
to Slow the Spread” included a set of social distancing guidelines that urged Americans to work from
home, engage in remote schooling, avoid unnecessary shopping trips, refrain from visiting restaurants
and bars, and not gather in groups of more than 10 people.”’ These guidelines were interpreted by
individual governors as they each declared their own States of Emergency at various subsequent
dates, and later released their own community mitigation plans or executive orders.

Some of the first states to release such plans included Massachusetts, California, Florida, Washington,
and New York, which included both mandatory and optional policies to prevent the COVID-19 spread.
28 |n addition the National Governors Association has served as a resource for individual states’
policies in response to COVID-19, updating each states’ policy rollout timelines as well as providing
links to states’ Executive Orders and other official policy documentation.”” To supplement both
national and state level policies and recommendations, data was collected, when possible, for cities
and counties that have also taken on the role of providing guidance and implementing policies to
mitigate the spread of COVID-19.

There have been a wide range in regulatory responses since the first case of COVID-19 was announced
in Washington State on January 14, 2020. As a result, the CDC and the Department of State began
releasing guidance to those at risk of being exposed to the virus. The initial recommendations
included travel warnings for specific countries with confirmed cases and sustained COVID-19 spread.
Over the course of our dataset, these warnings increased in intensity, changing from warning against
inbound and outbound travel to specific countries in both Europe and Asia to warning against travel
at all.” International travel restrictions were coded as travel_ban_int_out for outbound travel, and

25 Community Mitigation Strategies | CDC
22715 Days to Slow the Spread
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travel_ban_int_in for inbound travel, with lists of the places to and from which travel was restricted

also included. On March 31, 2020, the US changed its global travel warning to Level 4, the highest
warning level, which the US Department of State defines as avoiding “all international travel due to
the global impact of COVID-19.”%" In addition to the national travel restrictions, individual states also
implemented local travel bans, coded as travel_ban_local as the spread continued to grow, such that
anyone entering specific states in which this policy was in effect were required to self-quarantine for
14 days. This ultimately reflected the national policy as well, in that people could still technically
travel under a Level 4 warning, but upon arrival to the US, they would be putin a mandatory
quarantine for 14 days.

In addition to travel restrictions, as COVID-19 prevalence increased within the US, the CDC began to
release additional guidance for healthcare workers, individuals at higher risk, as well as for state-level
action (e.g. travel or social distancing policies),”* and these policies have largely been implemented at
the state-level rather than at the national level.

Social distancing guidelines were among the first and most widely implemented policies across
states, but there exists a fair amount of variation in the specifics of each policy between states. As a
result, social_distancing encompasses a wide range of mandatory and optional guidelines that all
were focused on keeping people apart. Specifically, this policy variable was coded as a number of
subcategories to capture the fact that it was implemented in a piecemeal manner within and across

These are the policies included within each of the social_distance subcategories:

e /solate certain populations: recommend or mandate the isolation of populations such as the
elderly, immunocompromised or those who have recently returned from a cruise

e [foutside the home, must abide by social distancing standards: require a six foot minimum
distance from others outside the home, maintain distance when riding public transportation,
ask that businesses restrict the number of people within storefront at a time as well as
restricting certain types of activities that involve physical interaction with customers (e.g..,
bagging groceries, taking cash payment)

e Mandate mask wearing: require people to wear a mask outside the home

e Close public facilities: close libraries, museums, flea markets, historic sites, memorials, and
polling locations

e Close outdoor facilities: close beaches, state parks, public parks, public toilets, lakes, and
campgrounds.

e Social distance restriction of visitation to certain facilities: restrict visitation to prisons, long
term care facilities, child care facilities, and homeless shelters, stop elective medical and
veterinary procedures, and bar short term rental accommodations.
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e Suspend non-critical state operations/qovernment services: close government buildings, stop in

person meetings of people working for the state, suspend court operations, waive or extend
licensing, and permit certain types of work to be carried out remotely, when normally could
not (e.g.; notaries, police work, licensing)

Along the same line of social distancing policies, a separate variable was coded as no_gathering to
represent policy measures that banned all events or mass gatherings of a certain size, i.e. no
gatherings over a certain number of people (where this number has varied by region).

In addition, many governors mandated statewide school closures at the private and public K-12 and
higher education levels, while others have left it up to each school district to decide.” School closures
have been coded as school_closure and once implemented, have been “turned on” for the remainder
of our time series, as no schools have reopened since these policies have been implemented.

Business closures, coded as business_closure, have also been recommended or mandated at the state
level. These policies have ranged from shutting down all non-essential businesses, reducing the
number of hours a business may be in operation, severely restricting the number of customers that
are allowed inside at one time, to prohibiting customers to enter a business, such as in the case of
bars and restaurants, where they were only allowed to operate or take-out and delivery services.
When business closures have involved shutting down all non-essential operations, “essential” has
been defined by each state but is largely similar between states, generally defining essential as food or
healthcare providers, as well as basic government operations (i.e. trash collection, mail, water
monitoring, etc). To support employees working remotely or staying home when sick, a number of
states have also mandated paid sick leave for those who are affected by COVID-19, which has been
coded as paid_sick_leave. There is a separate work_from_home category that includes measures that
require businesses to allow employees to telework, if possible, such that no workers except for those
who have essential functions are allowed to work in an office.

At the subnational level, many governors have implemented a statewide mandatory shelter-in-place
policy, requiring all individuals to self-isolate within their home or place of residence and limit
outdoor activity to essential functions only, which is defined by each state. Shelter-in-place laws have
been coded as home_isolation, which implies all of the policies enacted alongside shelter-in-place
policies, including work from home, business closures, and no gathering policies.

Both the emergency_declaration and event_cancel variables were included in the raw data, but were
notincluded in the final analysis.

Population Data

In order to construct population weighted policy variables and to determine the susceptible fraction
of the population for disease projections under the realized and the no-policy counterfactual
scenarios, we obtained the most recent estimates of population for each administrative unit included
in our analysis. The sources of that population data are documented below.

235 Js School Closures due to COVID-19
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China

City-level population data have been extracted from a compiled dataset of the 2010 Chinese City
Statistical Yearbooks. We matched the city level population dataset to the city level COVID-19
epidemiology dataset. As the two datasets use slightly different administrative divisions, we only
matched 295 cities that exist in both datasets, and grouped the remaining 39 cities in our compiled
epidemiology dataset into "other" for prediction purposes. Cities grouped into "other" because of
mismatches have a total population of 114,000,000, or 8.5% of the total population in China.

For these 39 cities that we could not match, we imputed the population by taking the total remaining
population (114,000,000) and divided it evenly between these remaining cities. We flag the imputed
populations by using the binary variable pop_is_imputed.

South Korea

We downloaded the number of population by provinces from a webpage administered by the Korean
Statistical Information Service (KOSIS).”® The government agency recently updated the population
information of February, 2020, which we used for our analysis.

Italy

Region and province level population data come from the Italian National Institute of Statistics (Istat),
estimating total population on January 1,2019. The datasets for all Italian regions and provinces are
scraped from Istat’s website in get_adm_info.ipynb.

lran

Province level population data for Iran comes from the 2016 Census, as listed on the City Population
website.”*" It is scraped in get_adm_info.ipynb.

France

Département-level populations are obtained from the National Institute of Statistics and Economic
database.”® We used the most up to date estimation of the population in France as of January 2020.

United States

State- and county-level population data come from the 2017 American Community Surveys dataset,
and is downloaded via the census Python package®® in get_adm_info.ipynb.
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Supplementary Methods

In our Supplementary Methods, we describe several sensitivity analyses performed to assess the
robustness of our growth rate impacts and projections of cases averted/delayed.

This section is divided into five analyses:

1. Testing the sensitivity of projected averted/delayed cases to varying epidemiological
parameters
Testing the sensitivity of our regression model to varying epidemiological parameters
Testing the sensitivity of our regression model to changes in lag structure
Testing the sensitivity of our regression model to withholding of data
Testing the sensitivity of our regression model to changes in policy groupings

o kW

1. Sensitivity of projected averted/delayed cases to the removal rate
7, the use of an SEIR framework, and the infection-fatality ratio

We compute the empirical removal rate using aggregated data from the countries for which we
observe active cases (i.e., China and South Korea) and estimate a value of » =0.079 (see the Methods
section of the main text). This value measures the inverse of the mean duration from being reported as
infected to being reported as recovered (or dead) and may differ from the fundamental
epidemiological parameter describing the rate of removal from the pool of infectious individuals.
While our estimate implies a recovery period (symptom onset to recovery) that is comparable to some
estimates in the literature (median time of 19-23 days, varying based on age group, sex, severity, and
mode of detection®?), we test the extent to which our simulation results in Figure 4 depend on this
value (Extended Data Figure 7). One motivation for this exercise is that there may be an unknown
delay between the time when a patient becomes non-infectious and the time in which they are
recorded in the aggregate data as recovered. For example, assuming a conservatively high value of 14
days for the average delay between “no longer infectious” and “confirmed recovered,” our empirical
estimation yields 7 =0.18.

In addition, the use of an SIR framework may misrepresent the true underlying disease dynamics, and
a more general SEIR framework, which includes representation of people exposed to the infection
without yet being infectious, may produce more realistic simulations of cases averted/delayed by
policy. We also test sensitivity to the use of the SEIR framework, as well as a key parameter in this
alternative framework -- the assumed rate of transition from exposed to infectious ( 7).

We replicate the simulation underlying Figure 4 using an SEIR framework with values of » ={0.05, 0.1,
0.15,0.2,0.25,0.3,0.35,0.4} and 0 € {0.2,0.33, 0.5, =}, with ¢ = corresponding to the SIR
framework we employ in the main simulation. We present our estimates of the total number of cases
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under both the no-policy and policy scenarios, as well as the total number of cases averted/delayed

by policy. We sum simulated cases across all countries on the last dates of the countries’ respective
samples. Note that the simulation uses the growth rates derived from our empirical model such that
changesin 7 and o correspond to changes in the transmission rate 4. £ mustvary with 7 and o
as our data determine the underlying exponential growth rate. We show the results of this sensitivity
analysis in Extended Data Figure 7.

Panels (a) and (b) respectively show the simulated number of cases in the no-policy and with-policy
scenarios. The number of simulated no-policy cases is decreasingin 7 for high ¢ and increasingin
for low 0. The number of simulated no-policy cases is increasing in o for low » and nonmonotonic
in o for high ».The number of simulated with-policy cases is increasing in » and decreasingin o.
Panel (c) shows the number of cases averted due to policy and demonstrates that varying ¢ or » can
reduce our estimate of cases averted on the order of several million reported cases (up to 10%). Panel
(c) shows that higher values of » produce lower estimates of cases averted for the SIR model ( o = ),
but increasing estimates of cases averted for the lower values of . Panel (d) plots the content of
Panel (c) on the log scale used in Figure 4 of the main text for comparison. For our simulation value of
7, decreasing ¢ decreases our estimate of cases averted.

Overall, these results show that the order of magnitude of the number of cases averted is preserved
within this reasonable range of potential 7 and o values.

We also compute country-specific estimates of infection underreporting to improve the outbreak
simulations in Figure 4. To produce these estimates, we use code from Russell et al. and substitute the
assumed case-fatality ratio (a key parameter in their model) for an infection-fatality ratio (IFR) of
0.75%.%*"*** Their analysis produces country-specific estimates of infection underreporting, which we
use to scale our estimates of confirmed cases to estimate total infections. We test the sensitivity of our
main results to this IFR assumption in Supplementary Table 6, where we also show results for the total
number of confirmed cases and infections avoided/delayed using IFR assumptions of 0.5% and 1%.
The table shows approximately a 70% increase in the estimated number of confirmed cases
avoided/delayed for a doubling in the IFR. However, the estimated number of infections is relatively
stable with approximately a 15% decline in the estimated number of infections for a doubling in the
IFR.

2. Sensitivity of exponential regression model to varying
epidemiological parameters

The model we use to estimate the impacts of policy on growth rates assumes exponential growth,
which is typically valid for early-stage disease outbreaks. If growth is not exponential, there exists the
potential for bias in estimated coefficients. There are three primary reasons why an early-stage
outbreak could exhibit non-exponential growth in the absence of policy intervention:

241 Using a delay-adjusted case fatality ratio to estimate under-reporting
2 R - >
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1. Theinfection spread may progress quickly, lowering the susceptible fraction of the population
to a degree that materially affects the infection spread, transitioning the outbreak away from
the exponential “early stage” regime.

2. Inadisease with a substantial latent period, the growth of infections is only asymptotically
exponential.*”® At any given moment in time, the instantaneous growth rate may differ from a
steady-state exponential growth rate.

3. When analyzing growth in cumulative infections, as we do for countries where active infection
data are unavailable, growth is similarly only asymptotically exponential.

In our dataset, 95% of administrative units have susceptible fractions above 0.93 on their last analysis
day and all have susceptible fractions above 0.78, indicating that the first reason is unlikely to induce
substantial bias in our results. When the transmission rate of a disease declines due to anti-contagion
policy, the growth rate in infections decreases with a lag due to the dynamics associated with the
latent period. Because of this, exponential models estimating the average treatment effect (ATE) of a
policy may underestimate the true reduction seen from a policy because they include days in which
the growth rate was still higher than the new steady state growth rate. Finally, in the early stages of an
outbreak, the number of active cases will dominate the number of recovered/deceased patients and
thus the differences in growth of active and cumulative cases is likely to be small.

To test the robustness of our regression approach, we construct simulated outbreaks in which we
control demographic, policy, and epidemiological parameters. We then use a variant of the regression
model (Eq. 7) from the main text to estimate the no-policy growth rates and the effects of each policy.
In this simulation, we do not include any fixed effects to control for day-of-week (8) and changing
testing regime (1) effects. These variables are not simulated as these are primarily measurement
controls and their effects would be directly absorbed by the corresponding regression parameters if
simulated. We compare the coefficient estimates to the “true” values used in the simulation.

To capture the impact of disease latency, we use an SEIR model framework to generate synthetic
outbreaks. We simulate 12,000 45-day outbreaks at hourly timesteps, starting with a no-policy
exponential growth rate of 0.4 (similar to those estimated in our main analysis) and a single exposed
individual. We adjust this asymptotic exponential growth rate to account for three synthetic policies
that turn on at random times, each with a known effect (-0.05, -0.1, and -0.2). For each subset of 1,000
simulations, we use one of four plausible values for the mean latency period, 6™ (0, 2, 3, and 5 days),
and one of three plausible values for the mean infectious period, y* (3, 5, and 20 days). We choose a
wide range of these variables due to substantial uncertainty over the epidemiological characteristics
of the novel coronavirus,** and a nonexistent latency period is included for comparison to an SIR-like
data generating process. The mean transmission rate per infected person per day, 3, is derived from
the asymptotic growth rate, the mean latency period, and the mean infection period by solving for the
eigenvalues of a SEIR system,** which yields:




- m . 137
We apply exponential noise to 3 for each simulation and at each timestep, and contribute additional
gaussian noise to o and y (standard deviations of 0.01 and 0.03, respectively). We add additional
gaussian “measurement noise” to the instantaneous growth rates after simulation but before running
our regression (standard deviation of 0.1). Cumulatively, this results in an average
root-mean-squared-error (RMSE) in regressions across all 12,000 simulations of ~0.11, which matches
the RMSE of daily growth rate values across all six countries in our main analysis.

The dynamic model outputs a time series of susceptible (S), exposed (E), infectious (I), and removed
(R) individuals, as a fraction of the total population. We use both I and I+R as the left-hand-side
variables in our regression framework. The former corresponds to the analysis we run for countries in
which we observe active cases and the latter to countries in which we observe only cumulative cases.
We assume the majority of the “exposed but not infectious” population will not yet have been tested
and will not appear in any of the datasets used in the main analysis. Our right-hand-side variables
consist of the binary policy variables, allowing only for contemporaneous effects. This matches our
main specification for all countries except China (where data availability allows for the estimate of
lagged effects) and provides the most challenging environment in which to estimate the effect of
policy in a dynamic system.

Results are presented in Extended Data Figures 8 and 9. While it is possible to simulate outbreaks
consisting of innumerable parameter combinations and noise distributions, we display those that
seem most relevant for evaluating the robustness of our main analysis. Our associated GitHub
repository contains a Jupyter notebook for readers to further examine the effect of simulation
configurations on regression model robustness.

Figures 8 and 9 are each split into two panels (a) and (b). Panel (a) of each figure shows simulations in
near-ideal data conditions, in which we observe active infections within a large population. This
means that the susceptible fraction of the population remains high during the entire sample period.
For example, these conditions are similar to those in our real data for Chongging, China. Panel (b) of
each figure shows simulations in a non-ideal data scenario where we are only able to observe
cumulative infections in a small population. In these simulations, the susceptible fraction declines to
values as low as 33% of the population. For example, these conditions are similar to those in our real
sample of data for Cremona, Italy.

Figure 8 demonstrates that our model recovers unbiased estimates of the no-policy growth rate under
all conditions simulated. Because the growth rate prior to policy has likely approached its asymptotic
rate by the time we begin our regressions, variance in our no-policy growth rate estimates comes from
noise in the disease parameters and measurement. The ability to recover unbiased estimates of this
value has important implications for our estimate of the total number of cases averted/delayed to
date, as this number is primarily driven by the counterfactual number of cases we would expect to see
in a world in which no anti-contagion policy was enacted.
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Figure 9 demonstrates that our model recovers unbiased estimates of the cumulative effect for a

disease with very short latency. As the latency period increases, the model begins to slightly
underestimate the true effect of policy (i.e. it predicts a less negative value), due to the decay time
over which a shock to transmission rate propagates to a new steady-state growth rate. The
underestimate is reduced in situations where we are able to directly observe active infections and is
increased when we can only observe cumulative infections. Note that statistical uncertainty in these
estimated parameters dominates potential biases, even in “worst case” data conditions.

We conclude that biases (due to the use of an exponential model) in our estimates of the no-policy
growth rate are essentially zero and are likely to be small and negative for our estimates of policy
effectiveness. If present in the data, such biases would cause us to modestly understate the
effectiveness of anti-contagion policies.

3. Sensitivity of estimates to changes in lag structure

Existing evidence has not demonstrated whether policies should affect infection growth rates in the
days immediately following deployment. It is therefore not clear ex ante whether the policy variables
in Equation 7 should be encoded as “on” immediately following a policy deployment. As a robustness
check, we estimate “fixed-lag” models in which a fixed delay between a policy’s deployment and its
effect is assumed. Specifically, we assume that policies cannot influence infection growth rates for L
days, recoding a policy variable at time t as zero if a policy was implemented fewer than L days before
t. We re-estimate Equation (7) for each value of L and present results in Extended Data Figure 5 and
Supplementary Table 5. If a delay model is more consistent with real world infection dynamics, these
fixed lag models should recover larger estimates for the impact of policies and exhibit better model fit.

Panel a of Extended Data Figure 5 displays the R? associated with each cou ntry-level fixed lag model
with fixed lag lengths ranging from no fixed lags up to a 15 day fixed lag. In-sample fit generally
declines or remains unchanged if policies are assumed to have a delay longer than 4 days. Panel b of
Extended Data Figure 5 plots the estimated effects for no lag (the model reported in the main text) and
for fixed-lags between one and five days. Estimates generally are unchanged or shrink towards zero
(e.g. home_isolation in Iran), consistent with miscoding of post-policy days as no-policy days.

In Supplementary Table 5, we show our estimates of the effect of all policy interventions in each
country (analogous to the average difference between red and blue markers in Figure 3 of the main
text) using a fixed lag of up to 5 days. The estimated effects are broadly consistent across different lag
lengths; however, the magnitude of the effect size declines slightly with increasing lag lengths. If
policies take several days to impact infection growth rates, we would expect effect sizes to increase
rather than decrease with lag lengths. Our finding of declining effect sizes is more consistent with
contamination of the control group, where policies are incorrectly encoded as zeros after they have
been deployed.
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4, Sensitivity of estimates to withholding of data

To ensure that the estimates from our regression model are robust to the withholding of data, we
re-estimate our main model k. number of times for each country, where k. is the number of first level

administrative units (Adm1, i.e. state or province) in country c. In each of the k. regressions for

country ¢, we withhold data from one Adm1 unit when we estimate the effects of policy interventions
on growth rates. The results of this exercise are displayed in Extended Data Figures 3 and 4.

5. Sensitivity of estimated growth rates to changes in policy groupings

In our main regression model, due to the limited length of our time series data and instances where
multiple policies are deployed on the same date, we group certain policy interventions together. We
group policies together that have similar objectives (e.g. travel_ban_local and transit_suspension
would be one group, event_cancel and no_gathering would be another) and keep certain policies
separate (i.e. business_closure, school_closure, home_isolation) where possible.

To test the sensitivity of our results to the grouping of policy interventions, we also estimate a model
where the policies are estimated without grouping. Extended Data Figure 6 panel a shows the
estimated infection growth rates and no-policy counterfactual growth rates using the model with
disaggregated policies. Additionally, in Supplementary Table 4, we compare the effect of policy
interventions in each country when the effect of all policies are estimated separately (“Disaggregated
Model”) and when they are grouped into policy packages as in our preferred specification (“Main
Specification”). We find the estimated impact of policy interventions on case growth rates is robust to
this alternative specification.



Supplementary Tables

Supplementary Table 1 | Number of unique anti-contagion policies in this study tabulated by

administrative divisions of each country.

Country AdmO Adm1 Adm2 Adm3 Total
China 0 35 133 0 168
South Korea 20 39 0 0 59
Italy 14 29 94 7 214
Iran 6 17 0 0 23
France 8 1 50 0 59
United States 43 694 426 31 1194
Total 91 815 703 108 1717
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This table reports the policy data that have been collected at various levels of administrative divisions in each country. Admo represents the country level, and

higher Adm* numbers indicate smaller administrative subdivisions, which are specific to each country. Each policy is counted at the highest resolution

administrative unit in which the policy is applied differentially. For example, if a country has ten regions at the Adm1 level, and a policy is applied across five of

those regions, the policy is counted as five separate Adm1 policies rather than a single Adm0 policy. National policies are counted only once as Admo.
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Supplementary Table 2 | Estimates of no-policy infection growth rates and case doubling time
using different samples from Wuhan, China.

(1) () (3) (4) (5) (6)

Raw case . . . .
. Estimates using Estimates using
Date data on datein (1) Raw case- 1/22/20 as sample 1/22/20 as sample
Source: Wuetal. dataondatein (1)
(used as start of (2020) end date end date Notes
sample) Cumulative . Estimated infection  Case doubling time
confirmed cases Active cases growth rate (days)

12/10/19 1 1 0.12 5.69 «Wu etal. (2020) and Li et al. (2020)**"
12/11/19 1 1 0.12 5.56 sample begins
12/12/19 1 1 0.13 5.42
12/13/19 1 1 0.13 5.29
12/14/19 2 2 0.12 5.96
12/15/19 4 4 0.10 6.88
12/16/19 6 6 0.09 7.51
12/17/19 6 6 0.09 7.30
12/18/19 6 6 0.10 7.10
12/19/19 6 6 0.10 6.89
12/20/19 7 7 0.10 7.00
12/21/19 8 8 0.10 7.08
12/22/19 10 10 0.09 7.40
12/23/19 11 11 0.09 7.40
12/24/19 11 11 0.10 7.15
12/25/19 13 13 0.09 7.34
12/26/19 13 13 0.10 7.07
12/27/19 13 13 0.10 6.80
12/28/19 14 14 0.10 6.72
12/29/19 18 18 0.10 7.17
12/30/19 21 21 0.09 7.37
12/31/19 22 22 0.10 7.20

1/1/20 28 28 0.09 7.78

1/2/20 34 34 0.08 8.30

1/3/20 44 44 0.07 9.39

1/4/20 44 44 0.08 8.87 « Lietal. (2020) sample ends

1/5/20 59 59 0.06 10.71

1/6/20 59 59 0.07 10.04

1/7/20 59 59 0.07 9.37

1/8/20 59 59 0.08 8.70

1/9/20 41 41 0.12 5.94 < Official cumulative cases decreases
1/10/20 41 38 0.13 5.17 < No new official cases
1/11/20 41 34 0.16 437 < No new official cases
1/12/20 41 33 0.18 3.86 < No new official cases
1/13/20 41 33 0.20 3.43 < No new official cases
1/14/20 41 33 0.23 3.00 < No new official cases
1/15/20 41 27 0.30 2.29 < National standards for diagnosis issued
1/16/20 45 28 0.36 1.95 < Testing available in Hubei
1/17/20 62 41 0.35 1.98 Our sample begins (see the
1/18/20 121 94 0.35 1.98 Supplementary Notes on Epi. Data
1/19/20 198 170 0.27 2.58 in China)
1/20/20 258 228 0.26 2.70
1/21/20 365 329 0.15 4.72
1/22/20 425 381 - - <« Wu et al. (2020) and our sample for

estimating no-policy growth rate end

This table reports the raw epidemiological data in Wuhan, China and our estimates of infection growth rates and case doubling times prior to the city-wide
lockdown on January 22, 2020, utilizing different sample periods to estimate these values. Column (1) provides the dates of observations. Columns (2) and (3)
show raw official epidemiological data: the number of cumulative cases and the number of active cases (= cumulative cases - recoveries - deaths), respectively.

246,

Wu, J.T., Leung, K., Bushman, M. et al. Estimating clinical severity of COVID-19 from the transmission dynamics in Wuhan, China. Nature Medicine 26, 506-510
(2020). https://doi.org/10.1038/s41591-020-0822-7

mLi, Qun, Xuhua Guan, Peng Wu, Xiaoye Wang, Lei Zhou, Yeqing Tong, Ruigi Ren et al. "Early transmission dynamics in Wuhan, China, of novel
coronavirus-infected pneumonia." New England Journal of Medicine (2020).



We show data from Wu et al. (2020) which match our data in the overlapping periods; in the interest of space, we do not display raw data used in Li et al. (2020),
but they are similar with small differences. Columns (4) and (5), report estimates of pre-policy infection growth rates and case doubling times (in days) using
different start dates, respectively. Specifically, we set the sample start date as the date in column (1) and the end date of the sample (used for estimating our
no-policy growth rate) fixed at January 22, 2020 (the day prior to city-wide lockdown), using the time series data between these two dates to estimate the
parameters in columns (4) and (5). Column (6) provides notes on these data. Using a start date of 12/10/19, the same as Wu et al (2020), we obtain an estimated
case doubling time of 5.7 days, similar to their estimated 5.2 days (they use an alternative structural modeling approach). As described in our Supplementary
Notes on Epidemiological Data in China, we only use data in China beginning 1/16/20 because the first national guidelines for diagnosis were issued on 1/15/20.
Prior to that date, there did not exist a consistent case definition to identify the earliest 41 confirmed cases in Wuhan.**® Additionally, the documented lack of
testing capacity in the province of Hubei before 1/16/20 raises concern about data quality during that time period.** These concerns about data quality appear
consistent with irregularities in the official record of cumulative cases (column 2). For example, official cumulative cases decreased on 1/9/20, which should not
be possible. Additionally, no new cases were reported between 1/9/20 and 1/15/20, when at least roughly five new cases per day should have been reported if
case doubling time actually was 5.2 days. The reliability of these official reports during the 1/9/20-1/15/20 period has been called into question, with news
sources suggesting that people who were likely to have been infected by COVID-19 in that period of time (and deaths attributed to the disease) were not counted
in the official tally.”**' These data quality concerns motivate our use of the 1/16/20 start data for our sample in China, which provide an infection growth rate of
0.36 and case doubling time of 1.95 days (gray) using only the time series in Wuhan. These estimates are broadly consistent with our estimates from all other
countries we examine, except Iran, and the global average growth rate of 0.37 we estimate (see Figure 2A in the main text).

Zmpact of changing case definitions for COVID-19 on the epidemic curve and transmission parameters in mainland China Affiliation
BN % FEIEMATIEEI % 288 = 4K (Wuhan pneumonia: 30 days from outbreak to out of control)

% Warning against cover-up as China virus cases jump

! As families tell of pneumonia-like deaths in Wuhan, some wonder if China virus count is too low
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Supplementary Table 3 | Country level regression results estimating the effect of policy

interventions on COVID-19 infection growth rates.

a. China
Dependent variable: growth rate of active cases (Alog cases per day) Effect of all policies combined
Variables Coefficient Std Error P-value Coefficient Std Error P-value
Policy variables: Week 1 -0.026 0.046 0.581
Emergency declaration, Week 1 -0.012 0.043 0.792 Week 2 -0.204*** 0.049 0.000
Emergency declaration, Week 2 -0.173*** 0.046 0.000 Week 3 -0.279*** 0.047 0.000
Emergency declaration, Week 3 -0.234*** 0.047 0.000 Week 4 -0.302*** 0.046 0.000
Emergency declaration, Week 4 -0.250*** 0.047 0.000 Week 5 -0.292*** 0.047 0.000
Emergency declaration, Week 5 -0.248*** 0.047 0.000
Travel ban, Week 1 0.015 0.016 0.338
Travel ban, Week 2 -0.009 0.018 0.618
Travel ban, Week 3 -0.031 0.024 0.191
Travel ban, Week 4 -0.048 0.029 0.107
Travel ban, Week 5 -0.079** 0.038 0.043
Home isolation, Week 1 -0.029** 0.014 0.041
Home isolation, Week 2 -0.021 0.017 0.223
Home isolation, Week 3 -0.014 0.021 0.512
Home isolation, Week 4 -0.003 0.027 0.897
Home isolation, Week 5 0.035 0.037 0.355
Testing regime dummy variables:
Testing regime change on Jan 18, 2020 0.488*** 0.046 0.000
Testing regime change on Jan 28, 2020 0.065*** 0.015 0.000
Testing regime change on Feb 06, 2020 -0.039*** 0.012 0.002
Testing regime change on Feb 13,2020 -0.002 0.002 0.356
Testing regime change on Feb 20, 2020 -0.005** 0.002 0.015
Testing regime change on Mar 05, 2020 -0.006 0.005 0.237
Observations 3,669
R-squared 0.60

*** p<0.01, ** p<0.05, * p<0.1

This regression includes city fixed effects and clustered standard errors at the day level.
P-values,

are from the two-sided test with the null hypothesis that the coefficient is equal to zero. The
sample includes 3,669 observations at the city-day level.

In China, we encode home isolation to imply a local travel ban. The estimate reported for home
isolation in Figure 2 is the combined effect of both of these policies. Here, we report the
incremental effect of the home isolation order separate from the effect of all policies it implies.
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b. South Korea

Dependent variable: growth rate of active cases (Alog cases per day) Effect of all policies combined
Variables Coefficient  Std Error P-value Coefficient Std Error P-value
Policy variables: -0.494*** 0.150 0.002
:::ingci;l.sjtsr:ltti)(s):re, welfare service facilities closure, no -0.304* 0.151 0.049
Work from home, business closure, other social distance (optional) ~ -0.083** 0.038 0.032
Emergency declaration -0.127*** 0.046 0.009
Quarantine inbound travelers 0.020 0.019 0.295
Testing regime dummy variables:
Testing regime change on Feb 20, 2020 0.074 0.087 0.398
Testing regime change on Feb 29, 2020 0.040** 0.019 0.044
Testing regime change on Mar 22,2020 -0.010 0.023 0.655
Testing regime change on Mar 27, 2020 -0.039 0.038 0.309
Observations 595
R-squared 0.28

*** p<0.01, ** p<0.05, * p<0.1

This regression includes province fixed effects, day-of-week fixed effects, and clustered standard errors at the day
level. P-values are from the two-sided test with the null hypothesis that the coefficient is equal to zero. The
sample includes 595 observations at the province-day level.

"Work from home, business closure, other social distance (optional)" includes recommended policies related to
social distancing, e.g. limit gatherings, work from home, and closing businesses such as karaoke and cyber cafes.

This regression does not include school closures and event cancellation policies, which were implemented in all
provinces before our sample period starting February 17, 2020.

c. Italy
Dependent variable: growth rate of cumulative confirmed cases (Alog cases per day) Effect of all policies combined
Variables Coefficient Std Error P-value Coefficient Std Error P-value
Policy variables: -0.453*** 0.105 0.000
School closure -0.109 0.070 0.127
Quarantine positive cases -0.084 0.055 0.134
Work from home, no gathering, other social distance 0.144** 0.068 0.040
Travel ban, transit suspension -0.331** 0.137 0.021
Business closure -0.121 0.098 0.225
Home isolation 0.048 0.051 0.360
Observations 2,898
R-squared 0.29

*** p<0.01, ** p<0.05, * p<0.1

This regression includes province fixed effects, day-of-week fixed effects, and clustered standard errors
at the day level. P-values are from the two-sided test with the null hypothesis that the coefficient is
equal to zero. The sample includes 2,898 observations at the province-day level.

"Work from home, no gathering, other social distance" includes policies for working from home, maintaining
one meter distance from others in public, and prohibiting public and private events.

In Italy, we encode home isolation to imply a local travel ban, business closures, work from home, no
gathering, and other social distancing measures. The estimate reported for home isolation in Figure 2 is the
combined effect of these policies. Here, we report the incremental effect of the home isolation order
separate from the effect of all policies it implies.
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d. Iran
Dependent variable: growth rate of cumulative confirmed cases (Alog cases per day) Effect of all policies combined
Variables Coefficient Std Error P-value Coefficient Std Error P-value
Policy variables: -0.487*** 0.076 0.000
Travel ban (opt), work from home, school closure  -0.334*** 0.089 0.001
Home isolation -0.154*** 0.033 0.000

Testing regime dummy variable:

Testing regime change on Mar 13, 2020 -0.075 0.096 0.442
Observations 548
R-squared 0.29

*** p<0.01, ** p<0.05, * p<0.1

This regression includes province fixed effects, day-of-week fixed effects, and clustered standard errors
at the day level. P-values are from the two-sided test with the null hypothesis that the coefficient is
equal to zero. The sample includes 548 observations at the province-day level.

"Travel ban (opt), work from home, school closure" policies were the national policies enacted March
1-5, 2020, which overlap with missing provincial case data in Iran on March 2-3, 2020.

This regression does not include a national no gathering policy, provincial school closures, and an
optional travel ban in Qom, which were allimplemented in the respective provinces before our sample
period starting February 27, 2020. This regression does not include a religious closure policy in Qom
enacted on March 17, 2020, as Iran stopped reporting provincial case data on March 22, 2020.

e. France
Dependent variable: growth rate of cumulative confirmed cases (Alog cases per day) Effect of all policies combined
Variables Coefficient Std Error P-value Coefficient Std Error P-value
Policy variables: -0.169*** 0.020 0.000
School closure -0.009 0.042 0.826
Cancel events, no gathering, other social distance  -0.243*** 0.072 0.003
Business closure, home isolation 0.083 0.052 0.127

Testing regime dummy variable:

Testing regime change on Mar 15, 2020 -0.112*** 0.021 0.000

Observations 270

R-squared 0.30

*** p<0.01, ** p<0.05, * p<0.1

This regression includes region fixed effects, day-of-week fixed effects, and clustered standard errors at
the day level. P-values are from the two-sided test with the null hypothesis that the coefficient is equal
to zero. The sample includes 270 observations at the region-day level.

“Cancel events, no gathering, other social distance” policies include banning audiences at professional
sport events, prohibiting gatherings of a certain size, and limiting visits to long term care facilities.

In France, we encode home isolation to imply event cancellations, no gathering, and social distancing
measures. The estimate reported for the national lockdown in Figure 2 is the combined effect of these
policies. Here, we report the incremental effect of the national lockdown separate from the effect of all
policies it implies.



f. United States

Dependent variable: growth rate of cumulative confirmed cases (Alog cases per day)

Effect of all policies combined
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Variables Coefficient Std Error P-value Coefficient Std Error P-value

Policy variables: -0.380*** 0.095 0.000
Slow the Spread Guidelines (Mar 16 federal) 0.049 0.037 0.193
Other social distance -0.246*** 0.044 0.000
Paid sick leave -0.027 0.087 0.761
Quarantine positive cases -0.061* 0.031 0.058
Travel ban, transit suspension -0.008 0.033 0.802
School closure 0.026 0.031 0.407
Religious closure 0.008 0.020 0.713
Work from home -0.047*** 0.017 0.009
No gathering 0.011 0.035 0.750
Business closure -0.055** 0.021 0.014
Home isolation -0.030* 0.017 0.096

Testing regime dummy variables:
Testing regime change on Mar 13,2020 in NY -0.137*** 0.043 0.003
Testing regime change on Mar 16, 2020 in CA -0.021 0.024 0.388
Testing regime change on Mar 18,2020 in NC 0.169*** 0.042 0.000
Testing regime change on Mar 19,2020 in CT 0.106** 0.040 0.012
Testing regime change on Mar 19, 2020 in NV 0.241*** 0.039 0.000
Testing regime change on Mar 19,2020 in UT -0.162*** 0.038 0.000
Testing regime change on Mar 20, 2020 in 1A -0.211*** 0.024 0.000
Testing regime change on Mar 21,2020 in TN 0.203*** 0.037 0.000
Testing regime change on Mar 22,2020 in AL -0.001 0.027 0.966
Testing regime change on Mar 23,2020 in HI -0.034 0.024 0.162
Testing regime change on Mar 24, 2020 in KS -0.041** 0.020 0.046
Testing regime change on Mar 24,2020 in NJ 0.022 0.026 0.406
Testing regime change on Mar 25, 2020 in OH 0.010 0.027 0.717
Testing regime change on Mar 27,2020 in AZ 0.047 0.033 0.162
Testing regime change on Mar 28,2020 in MD 0.006 0.029 0.833
Testing regime change on Mar 28,2020 in MO -0.034 0.051 0.502
Testing regime change on Mar 30, 2020 in DE -0.008 0.033 0.808

Observations 1,238

R-squared 0.29

*** p<0.01, ** p<0.05, * p<0.1

This regression includes state fixed effects, day-of-week fixed effects, and clustered standard errors at
the day level. P-values are from the two-sided test with the null hypothesis that the coefficientis equal
to zero. The sample includes 1,238 observations at the state-day level.

"Other social distance" includes policies such as closing libraries, maintaining 6 feet distance from others
in public, and limiting visits to long term care facilities.

In the United States, we encode home isolation to imply work from home, no gathering, and closure of
non-essential businesses. The estimate reported for home isolation in Figure 2 is the combined effect of
these policies. Here, we report the incremental effect of the home isolation order separate from the effect

of all policies it implies.

These regression tables a-f display the results from our main model estimating the effect of policy on daily COVID-19 infection growth rates in China, South
Korea, Italy, Iran, France, and the United States. The regression model is estimated separately for each country, allowing for the policy type to have different

average treatment effects for each country.
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Supplementary Table 4 | Estimated Effect of Actual Policies on Infection Growth Rates With and
Without Grouping Policies

Main Specification (policies grouped) Disaggregated Model (policies separate)

Country Effect size 95% CI Effect size 95% CI
China -0.252 (-.339,-.164) -0.252 (-.339,-.164)
South Korea -0.248 (-.423,-.073) -0.21 (-.377,-.044)
Italy -0.24 (-.372,-.107) -0.237 (-.369, -.104)
Iran -0.355 (-.48,-.231) -0.291 (-.437,-.146)
France -0.123 (-.16,-.086) -0.123 (-.176,-.07)
United States -0.084 (-.144,-.025) -0.084 (-.144,-.024)

Average effect of all policies on infection growth rates in our sample (analogous to the average difference between red and blue markers in Figure 3 of the main
text) using our main specification, where the impact of grouped policy interventions are estimated jointly, compared to a disaggregated model where the effect
of all policies are estimated simultaneously but without grouping them (See Supplementary Methods 5). In our main specification, policies are grouped due to
limited data. We group policies that have similar objectives (e.g. travel_ban_local and transit_suspension) or are deployed very close in time. We keep other
policies separate where possible (e.g. school_closure and home_isolation). In the disaggregated model, no policies are grouped and individual policies estimates
are noisier, however combined effects are similar. The sample size is 3,669 in China, 595 in South Korea, 2,898 in Italy, 548 in Iran, 270 in France, and 1,238 in the
United States.

Supplementary Table 5 | Estimated Effect of Actual Policies Combined on Infection Growth Rates

Using Alternative Models that Assume Lagged Effects Of Policies

Country Statistic 0 Day Lag 1Daylag 2Day Lag 3 Daylag 4 Day Lag 5Day Lag
Effect size -0.252 -0.239 -0.242 -0.275 -0.268 -0.269
China 95% ClI (-.339,-.164) (-.313,-.166) (-.299,-.184) (-.349,-.2) (-.334,-.202) (-.325,-.214)
R 0.597 0.581 0.563 0.559 0.562 0.552
Effect size -0.248 -0.246 -0.23 -0.221 -0.197 -0.171
South Korea 95% ClI (-.423,-.073) (-.372,-.119) (-.337,-.123) (-.312,-.13) (-.282,-.113) (-.246,-.097)
R 0.281 0.298 0.301 0.314 0.309 0.29
Effect size -0.24 -0.252 -0.219 -0.207 -0.192 -0.176
Italy 95% ClI (-.372,-.107) (-.344,-.16) (-.288, -.149) (-.26,-.153) (-.233,-.151) (-.222,-.13)
R? 0.294 0.296 0.29 0.291 0.295 0.3
Effect size -0.355 -0.34 -0.324 -0.347 -0.348 -0.278
Iran 95% ClI (-.48,-.231) (-.416,-.264) (-.44,-.207) (-.435,-.259) (-416,-.28) (-.324,-.231)
R? 0.289 0.311 0.298 0.328 0.351 0.356
Effect size -0.123 -0.105 -0.089 -0.077 -0.071 -0.066
France 95% CI (-.16,-.086) (-.139,-.07) (-.127,-.051) (-.103,-.05) (-.094, -.048) (-.086, -.045)
R’ 0.299 0.292 0.282 0.266 0.258 0.245
Effect size -0.084 -0.078 -0.091 -0.079 -0.089 -0.083
United States 95% ClI (-.144,-.025) (-.119,-.037) (-.12,-.062) (-.105, -.053) (-.115,-.064) (-.105, -.062)
R 0.291 0.293 0.288 0.291 0.293 0.288

Average effect of all policies on infection growth rates in our sample (analogous to the average difference between red and blue markers in Figure 3 of the main
text) using models with different assumed delays of policy impact, ranging from a one day lag to a five day lag. The “0 Day Lag” column corresponds to the

estimates reported in the main text. For models with non-zero lag, the lag structure of the estimating equation is such that for a model with an L day lag, the
policy intervention implemented on day t is assumed to have no impact on infection growth rates until day t+L. As in the main text, for China and Korea, the

reported effect size is the policy impact on the growth rate of active cases, where in the other countries cumulative cases are used. See Supplementary Methods

3 for a discussion of these results. The sample size is 3,669 in China, 595 in South Korea, 2,898 in Italy, 548 in Iran, 270 in France, and 1,238 in the US.
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Supplementary Table 6 | Sensitivity of cases and infections delayed/avoided to assumed
infection fatality rate

IFR=0.5% IFR=0.75% (Main results) IFR=1.0%

Confirmed cases

Infections

Confirmed cases

Infections

Confirmed cases

Infections

avoided/delayed  avoided/delayed avoided/delayed avoided/delayed avoided/delayed avoided/delayed
China 28,316,000 321,771,000 37,013,000 284,718,000 45,682,000 253,790,000
South
K 7,955,000 39,775,000 11,547,000 38,491,000 14,966,000 37,414,000
orea
Italy 1,404,000 48,423,000 2,122,000 49,351,000 2,828,000 49,616,000
Iran 3,540,000 58,036,000 4,900,000 53,843,000 6,071,000 50,591,000
France 934,000 44,480,000 1,401,000 45,182,000 1,846,000 45,022,000
United
States 3,727,000 70,323,000 4,789,000 59,867,000 5,752,000 52,292,000
Total 45,876,000 582,808,000 61,772,000 531,452,000 77,145,000 488,725,000

Total estimated confirmed cases and infections avoided/delayed for assumed infection fatality ratios (IFRs) of 0.5%, 0.75% (main results) and 1.0%. Table shows
values on the respective final days of our samples for each of the six countries presented in our analysis. We use the assumed IFRs to compute underreporting

estimates following Russell et a

l 252
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Chapter 4

Past, Present, and Future Economic
Risks from Hurricanes in the United
States

Hurricanes are one of the costliest natural disasters in the United States, and cli-
mate change is expected to alter the frequency, intensity, and spatial distribution
of these events. These changing physical characteristics will likely alter economic
risks in coastal regions. However, the magnitude of the contribution of climate
change to past economic losses and to potential future losses remains uncertain.
To estimate the impact of climate change on coastal risk, we construct and apply
a tropical cyclone integrated assessment model that simulates economic risk for
a variety of climate scenarios. We first derive the relationship between storm
surge, high winds, and economic damages using physical simulations of historical
storms. We then use this relationship to project damages from synthetic storms
representative of 21st century climate under two different emissions scenarios.
We show that risk increases nonlinearly through the 21st century. There is a
notable difference in risk between the high- and low-emissions scenarios studied,
indicating a potential to minimize this increase in risk through greenhouse gas
emissions reduction. While analyses of coastal climate risk typically focus on
sea level rise, these results suggest that changing hurricane patterns represent
another substantial component of this risk.

This chapter represents work led by the author of this dissertation, in partnership with a
number of collaborators from the Climate Impact Lab. These include Daniel Allen, Michael
Delgado, Michael Greenstone, Ali Hamidi, Trevor Houser, Solomon Hsiang, Robert Kopp,
and Maya Norman. Additional contributors from other institutions include Kerry Emanuel,
Daniel Gilford, Jaecheol Lee, Moon Limb, Kyle Mandli, and Jay Sayre. The project was
conceptualized by Solomon Hsiang, Robert Kopp, Trevor Houser, and Michael Greenstone.
Analysis was conducted by the dissertation author, in addition to Daniel Allen, Michael



CHAPTER 4. PAST, PRESENT, AND FUTURE ECONOMIC RISKS FROM
HURRICANES IN THE UNITED STATES 150

Delgado, Ali Hamidi, Moon Limb, Jaecheol Lee, Maya Norman, and Jay Sayre. The chapter
was written by the dissertation author.

4.1 Introduction

Tropical cyclones (TCs) are massive collections of organized atmospheric convection that can
cause large economic impacts upon landfall (Klotzbach et al. 2018). In the United States
alone, the average annual loss (AAL) from North Atlantic TCs — also known as hurricanes
— has been estimated at $54 billion (Congressional Budget Office 2019). Despite this large
societal cost, the influence of past and future anthropogenic climate change on these impacts
remains an open question. While historical trends in TC landfall frequency and damage are
uncertain (Gabriel A. Vecchi and Knutson 2011; Gabriel A Vecchi, Swanson, and Soden 2008;
Roger A. Pielke et al. 2008; K. Emanuel 2005; Schmidt, Kemfert, and Hoppe 2009; Schmidt,
Kemfert, and Hoppe 2010), recent research suggests that changes to the large-scale climate
have measurably affected recent severe storms (Patricola and Wehner 2018). Regardless
of climate-driven changes to date, evidence suggests that TC frequency (K. Bhatia et al.
2018), intensity (Sobel et al. 2016), rainfall (P. Lu et al. 2018; Kossin 2018), and spatial
pattern (Kossin, K. A. Emanuel, and Gabriel A. Vecchi 2014) are all expected to change
with future climate change (Knutson et al. 2010). These changes in TC characteristics will
alter physical hazards, such as storm surge and high wind speeds, experienced by coastal
populations. The physical capital and human populations exposed to these hazards will also
be changing over the coming years, as will the vulnerability of coastal regions.

All three of these factors — hazard, exposure, and vulnerability — affect the socioeconomic
risk of coastal regions. Understanding how this risk will change over the next century can
benefit decision-making across contexts, from municipal and national policy to institutional
investments to residential real estate purchases to insurance pricing. Importantly, knowing
how climate change contributes to this evolving risk can improve our understanding of the
costs of greenhouse gas emissions. In this paper, we develop and apply a physical-econometric
modeling framework that explicitly addresses each of these three contributing factors. We
forecast U.S. hurricane-driven economic risk throughout the 21st century under two separate
climate scenarios (Representative Concentration Pathways 4.5 and 8.5, Vuuren et al. 2011).
We then use these forecasts to identify the impact of climate change on this risk.

Notably, we focus on direct economic losses - defined as damage to physical infrastructure
that occurs as an immediate result of a hurricane. Upcoming work will seek to identify the
impact of climate on indirect hurricane losses, including long-term economic growth impacts
as well as loss of life. While the causal relationships between each hurricane event and these
outcomes may be more complex, the potential costs are also substantial (S. Hsiang and Jina
2014).

Several previous studies have estimated the socioeconomic impacts of climate-driven TC
changes (S. Hsiang and Jina 2014; Gettelman et al. 2018; Mendelsohn et al. 2012; HOUSER
et al. 2015; Neumann, K. Emanuel, et al. 2015; United States Global Change Research



CHAPTER 4. PAST, PRESENT, AND FUTURE ECONOMIC RISKS FROM
HURRICANES IN THE UNITED STATES 151

Program 2018). Many follow the framework of a Tropical Cyclone Integrated Assessment
Model (TCIAM), formalized by Mendelsohn et al. 2012, to map outputs from climate models
to TC damages. However, a number of complex physical and econometric processes link
large-scale climatic change to change in coastal economic risk, and not all of them have been
fully characterized in these previous models. This has the potential to bias estimates of the
climate’s impact.

Studies that use a single index of storm hazard, such as wind speed (S. Hsiang and
Jina 2014; Gettelman et al. 2018), central pressure (Mendelsohn et al. 2012), or storm
surge (Neumann, K. Emanuel, et al. 2015), may not accurately account for damages from
other hazards. If climate change has a differential effect on these hazards, e.g. because sea
level rise (SLR) interacts with storm surge heights but not wind speed, then these single-
hazard models may produce biased estimates of future TC-driven economic risk. A limited
number of studies simultaneously account for wind and surge damages, and incorporate SLR.
HOUSER et al. 2015 and Dinan 2017 both rely on damage projections using a model from
Risk Management Solutions, Inc. (RMS) that simulates surge and wind damages directly for
the present day climate. However, both assume simplistic changes in hurricane characteristics
over time by varying a hurricane category-specific frequency parameter. This parameterized
approach to modeling hurricane changes fails to account for some predicted trends, such as
slower moving storms (Zhang et al. 2020), that may contribute to altered hazard patterns.
In addition, the closed-source nature of RMS’ damage model limits external validation and
modification. Other studies provide more physically based representations of changing TC
hazards (K. Yang, Paramygin, and Sheng 2019; Marsooli et al. 2019), yet stop short of
coupling econometric analysis to map this physical hazard to societal impact. Still others
model the damages associated with shifting the distribution of extreme sea levels due to
SLR (Lorie et al. 2020), yet do not account for the changing shape of these distributions due
to climate-driven storm pattern changes.

In our analysis, we address each of these challenges by simulating hurricanes across
potential future climates, estimating spatial fields of both storm surge and wind for each
storm using physically based models, and then jointly estimating damages from both of
these hazards.

A second challenge in the literature stems from the reliance of each of these models on
a dose-response function, also known as a damage function or vulnerability curve, that may
not be rigorously derived from empirical analysis or representative for the full geographic
region of analysis. For example, the United States Army Corps of Engineers’ Depth-Damage
Relationships (U.S. Army Corps of Engineers 2000), which drive the storm surge damages
in Neumann, K. Emanuel, et al. 2015; HOUSER et al. 2015, and Dinan 2017, were developed
from a handful of flood study sites over three years and provide dose-response functions for
a variety of residential structure types. When applied in a modeling context, if a storm
surge model is biased relative to observations or if an underlying exposure dataset contains
commercial or industrial infrastructure, the application of such an externally derived dose-
response function may lead to biased damage forecasts. In our analysis, we address this
issue by learning an internally consistent empirical dose-response function that translates our
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estimated exposure and hazard to damages, using observed insurance claims from historical
events.

A third challenge is the representation of tropical cyclones in unprecedented climates. The
possibility for so called “black swan” events, with magnitudes that have not been experienced
in the historical record, means that we cannot rely on historical analysis alone to forecast
future risks. While Earth System Models (ESMs) provide much of our general understanding
of future climates, most ESMs applied to climate change at the global scale have too coarse
of a resolution to resolve tropical cyclones (Camargo 2013; K. Bhatia et al. 2018). Some TC
damage projections rely on higher resolution “convection-permitting” models (Gettelman
et al. 2018); however, such models have a high computational cost that limits the number
of simulations that can be run. TCs are highly stochastic events and the dose-response
function is generally assumed to be highly nonlinear (Mendelsohn et al. 2012; W. Nordhaus
2006; W. D. Nordhaus 2010; Hallegatte 2007; Roger A Pielke 2007). This contributes to a fat-
tailed distribution of damages. Mendelsohn et al. 2012, for example, estimates that the worst
1% of TCs cause over 50% of the damages. Without large samples of potential future storms
to draw from, projections based on only a handful of realizations may mischaracterize risk
by failing to accurately capture the frequency of rare but impactful storms. In our analysis,
we address this “tail risk” challenge by using a physically based TC simulation model (K.
Emanuel, Sundararajan, and Williams 2008) to produce 120,000 North Atlantic storm tracks
representative of different future climates, and by using Monte Carlo sampling to simulate
thousands of realizations of each year in our sample period.

Despite these technical challenges, the large economic impact of hurricanes and their
projected climate-driven changes make estimating future hurricane risk a key objective for
a diverse array of stakeholders. Financial institutions have begun to incorporate this risk
in the allocation of their portfolio (Blackrock Investment Institute 2019; Fink 2020), with
implications for incentivizing climate adaptation through shifting investments. Regulators
and central banks are working to ensure that insurance and reinsurance firms are accurately
pricing risk when underwriting their policies (Prudential Regulation Authority 2019). In-
dividuals are leveraging novel data sources to evaluate flood risks when navigating the real
estate market (First Street Foundation 2020). And municipal and national policymakers are
searching for ways to address coastal climate risks through mitigation or adaptation. Numer-
ous adaptation options exist, and previous work has suggested that many of these approaches
may be cost-effective methods for partially offsetting coastal climate damages (Desmet et al.
2018; Lorie et al. 2020; Tiggeloven et al. 2020; Tamura et al. 2019). However, deep uncer-
tainty surrounding future environmental hazards, economic development, and demographic
trends complicates advanced decision-making and action (Sriver et al. 2018). Robust adap-
tation thus depends crucially on accurately quantifying future costs in the absence of action,
fully accounting for existing uncertainties.

This study combines recent modeling advances in climate science, tropical cyclone dynam-
ics, SLR projection, hydrodynamic simulation, and climate econometrics. We pair models
from across these disciplines with high-resolution real estate data and digital elevation mod-
els (DEMs) to provide a new generation of TCIAM that can better quantify future coastal
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economic risk and serve the needs of each of these stakeholders. The risk forecasting pipeline
we develop is modular, allowing for future integration of improved data or alternative com-
ponent models. In the process of generating and applying this model, we develop the first
database of gridded and consistently modeled wind and flood hazards for all historical storms
that caused recorded damages in the continental United States (CONUS). We additionally
create the first three-dimensional, high-resolution map of physical capital across CONUS
(Section 4.2). We then produce the first nationally representative, empirically-derived dose
response functions for hurricane winds and storm surge (Section 4.3). Our primary contribu-
tion, however, consists of the first probabilistic projections of hurricane damage in the U.S. to
jointly quantify locally modeled wind and storm surge losses and account for spatiotemporal
uncertainty in future SLR (Section 4.4).

4.2 Modeling Hazard and Exposure from Historical
Events

To identify the relationship linking hurricane-driven flooding and high winds to damages,
we first generate spatially resolved “hindcasts” of these hazards from historical events We
apply physically based wind (LICRICE, S. Hsiang and Jina 2014) and storm surge (GEO-
CLAW, Mandli and Dawson 2014) models to all North Atlantic hurricanes in a comprehensive
tropical cyclone track dataset (Knapp et al. 2010). To estimate storm surge from each event,
we further integrate topography (The National Map—New data delivery homepage, advanced
viewer, lidar visualization 2019), bathymetry (Tozer et al. 2019), and local sea level observa-
tions and astronomical tidal estimates from NOAA tide gauges (National Oceanographic and
Atmospheric Administration 2009). The result is a grid of the maximum wind speed, 4z,
and water level, TW L,,4., experienced during each historical event. Figure 4.1 (Column 1)
summarizes this data by depicting the predicted 50-year return values for both flood height
and wind speed within the historical record.

Importantly, this approach provides model-consistent estimates of spatially resolved haz-
ard that are uncorrelated with any socioeconomic trends. Previous studies have investigated
climate-driven trends in hurricane damages by searching for trends in reported damage.
However, trends in damage can occur both through changing environmental factors (hazard)
and through socioeconomic growth (exposure). To remove the large socioeconomic compo-
nent of historical damage trends, these studies have “normalized” damages as a function
of economic and population growth (Roger A Pielke and Landsea 1998; Collins and Lowe
2001; Roger A. Pielke et al. 2008; W. D. Nordhaus 2010; Mendelsohn et al. 2012). However,
national economic trends are used in each of these cases that may not accurately capture
differential trends in per-capita physical asset value across coastal and non-coastal regions.

!The damping of the 1-in-50 year wind speeds in the synthetic track sets compared with the observed
track set is due to an earlier error in wind field simulation that has been corrected and used to re-generate
historical wind speeds. This figure will be updated when the wind model has been re-run on our synthetic
track sets.
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Figure 4.1: Modeled hazard return values for observed and synthetic hurricanes. In order, the
columns refer to the historical record; synthetic storms generated from the 2008-2018 NCEP/NCAR Re-
analysis; synthetic storms generated from seven GCMs in a 2085-2095 climate under RCP 4.5; and synthetic
storms generated from seven GCMs in a 2085-2095 climate under RCP 8.5. Row 1 shows the track and the
maximum velocity of major hurricanes (maximum wind speed > 50 m/s). The historical figure shows the
entire record, beginning in 1851. For the synthetic storm contexts, 1000 simulated “seasons” are shown.
Row 2 depicts estimated maximum wind speeds ($yqz) for the 1-in-50 year wind speed in each pixel. Row
3 depicts estimated flood heights for the 1-in-50 year storm surge-driven flood (TW L,,4.) in each pixel.!

Instead, our approach separately models physical and socioeconomic components of damage.
This enables us to hold either component fixed and independently identify the contribution
of the other component.

To model the socioeconomic component, we begin with a novel, property-level database
of estimated values, sales prices, and tax assessment values (ATTOM Data Solutions 2019).
We apply a set of logical rules to generate best estimates of the present-day value of each
of 156 million properties nationwide, and aggregate property value into grid cells at 0.125°
horizontal resolution and 10cm vertical resolution. To estimate historical exposures, we then
scale these back using a gap-filled index of county-level housing prices (House Price Index
— Federal Housing Finance Agency) and population data from the U.S. Census (US Census
Bureau 2017). The output of this model is a time series of 3-dimensional grids of property



CHAPTER 4. PAST, PRESENT, AND FUTURE ECONOMIC RISKS FROM
HURRICANES IN THE UNITED STATES 155

value across the continental U.S.

For each historical storm, we combine modeled wind and surge hazards with the estimated
exposure grid and datasets of historical private (Verisk Analytics 2019) and public (U.S.
Department of Homeland Security 2019) insurance claims. We include both datasets because
in the U.S. the majority of wind damage is covered by private insurance while the majority
of flood damage is covered by the National Flood Insurance Program (NFIP). The process to
generate and combine each of these data sources is described in Figure 4.2, and the derived
input datasets for three example storms are shown in Figure 4.3. We then apply a multiple
linear regression to to uncover a dose-response relationship between fractional losses and
surge and wind hazards.

IBTrACS NOAA Tide Gauges DEMs HPI Census Pop. Data ATTOM
SRTMI15+and Nat1 Map

| TWL g ‘ Dpcs Dyrre

dose-response
functions

Figure 4.2: Flowchart of input data and models used to estimate empirical dose-response func-
tions. Filled nodes and unfilled circles correspond to input data sources and models, respectively. Squares
correspond to intermediate data products, and the trapezoid corresponds to the output dose-response rela-
tionships. (b) depicts the input and intermediate and intermediate data products used to estimate dose-
response relationships. Examples are shown for three high-damage storms that span the majority of our
analysis period. The first column visualizes the raw track data from IBTrACS, with storm size equivalent
to the observed or estimated RMW (Section 4.6.1). The second and third columns visualize the outputs of
LICRICE (Section 4.6.1.1) and GEOCLAW (Section 4.6.1.2), respectively. The fourth shows our spatiotem-
porally scaled exposure product (Section 4.6.1.3). The fifth and sixth visualize damage data from the PCS
and NFIP datasets, respectively (Section 4.6.1.4). No NFIP claims exist for Hurricane Donna, as it occurred
before the start of the program and is thus excluded from the NFIP dose-response regression.

4.3 Estimating Wind and Coastal Flood
Dose-Response Functions

Several functional forms have been proposed for the relationships between economic losses
and hurricane-driven wind or flood hazards, but no consensus emerges from the literature.
For wind, many previous studies assume power law relationships of order two to five (An-
thropogenic Effects on Tropical Cyclone Activity; Roger A Pielke and Landsea 1998; Munich
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Figure 4.3: Data and models generating hazard, exposure, and damage datasets for each his-
torical hurricane Each set of maps depicts the input and intermediate data products used to estimate
dose-response relationships. Examples are shown for three high-damage storms that span the majority of
our analysis period. Moving from left to right, top to bottom: The first column visualizes the raw track data
from IBTrACS, with storm size equivalent to the observed or estimated RMW (Section 4.6.1). The second
and third columns visualize the outputs of LICRICE (Section 4.6.1.1) and GEOCLAW (Section 4.6.1.2),
respectively. The fourth shows our spatiotemporally scaled exposure product (Section 4.6.1.3). The fifth
and sixth visualize damage data from the PCS and NFIP datasets, respectively (Section 4.6.1.4). No NFIP
claims exist for Hurricane Donna, as it occurred before the start of the program and is thus excluded from
the NFIP dose-response regression.
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Re Group 2002), based on a relationship to derived physical energetic properties (Bell et al.
2000; K. Emanuel 2005). W. D. Nordhaus 2010 found a substantially higher order rela-
tionship, of order nine, through an empirical analysis using all recorded damages from U.S.
landfalling hurricanes in the 20th century. One reason for this wide discrepancy could be the
use of different wind metrics. While the physically based indices are functions of experienced
wind speed at a given point, the latter study used a single storm-level scalar: Mazimum
wind speed at landfall. 'W. D. Nordhaus 2010 also did not control for storm surge; while
flood damages were included in the outcome, only wind speed at landfall was included as a
predictor. This could bias the observed wind speed-damage relationship given a correlation
between wind and storm surge. Prahl et al. 2015 explored several exponential, quadratic,
and cubic wind speed-damage relationships for winter wind storms in Europe, including var-
ious minimum speed thresholds. They find mixed results for the predictive skill of different
functional forms, providing further evidence of the lack of consensus.

In addition to this uncertainty in functional form, it is likely that wind-damage relation-
ship vary across locations based on local building standards and other factors that control
vulnerability. This suggests that relationships derived from one location may not be broadly
representative. Together, this uncertainty of functional form and heterogeneity argue for
an empirically driven approach where a relationship is fit using data from the entire region
in which predictions will be made. Importantly, such a function should relate damage to
experienced wind speed at each point, rather than a storm-level wind intensity scalar such as
maximum speed at landfall. This better represents the true data generating process of wind
damages and can more accurately represent the differing damage characteristics of small-
and large-radius storms.

Many fewer national or global hurricane damage studies have utilized flood dose-response
relationships, possibly due to the complexity of modeling storm surge. Several of the afore-
mentioned studies used storm-level scalar characteristics, such as the maximum wind speed
at landfall, to represent wind hazard. However, storm surge magnitude is dependent on a
variety of local characteristics, such as coastal bathymetry, and path-dependent characteris-
tics, such as the size and intensity of the storm prior to landfall. While one could in theory
develop a parameterized surge prediction that accounts for these features, the complexity of
that relationship motivates instead the use of a physically based model to simulate surge.

The few studies that have examined surge-driven economic losses from hurricanes using
numerical simulations (e.g. Neumann, K. Emanuel, et al. 2015) typically rely on depth-
damage relationships from the U.S. Army Corps of Engineers (U.S. Army Corps of Engineers
2000; U.S. Army Corps of Engineers 2003). Because of the challenges in surge modeling,
biases in modeled versus observed TWL could exist, and thus these observation-based depth-
damage curves may be inappropriate for use in a hurricane damage forecast that uses modeled
surge. Additionally, these curves are developed using data from a variety of types of flooding.
Storm surge from coastal storms may exhibit different characteristics than inland flooding,
including different velocities and salinities, which may alter the depth-damage relationship.
Furthermore, these curves can often be guided by expert elicitation (Lehman and Nafari
2016), which may bias the estimates away from empirically valid relationships. Indeed,
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a recent assessment of NFIP claims data suggests that common notions of monotonically
increasing depth-damage relationships may not be empirically valid (Wing et al. 2020).
Despite myriad challenges, the influence of SLR on storm surge heights necessitates that
accurate forecasts of future hurricane damages simulate surge-driven damages in addition
to wind damages. For this reason, we jointly estimate an empirical depth-damage function
alongside a wind-damage function using our modeled surge from historical storms.

Using high-resolution modeled fields for both wind and surge, paired with newly available
disaggregated data for both private insurance claims (at the state level) and public insurance
claims (at the claim level), our empirical analysis exploits spatial (co)variation in hazard
and exposure. To do so, it follows a process formalized by S. Hsiang and Jina 2014 for
combining local hazard and exposure information with aggregated outcome data. Here, we
calculate nonlinear transformations of the hazard variables (maximum sustained wind speed
and maximum depth of inundation) at the building-level, representing the dose-response
function as a linear combination of these transformed parameters plus an error term:

where D; is the damage for a given building i, F; is the value (a.k.a. exposure) of that
building, h; is the vector of hazard variables experienced at that building, ~ is the vector-
valued nonlinear transformation operator, 5 is a vector of coefficients, and ¢; is a random
noise term. Given this “linear-in-the-parameters” model, we can sum the transformed and
value-weighted hazard vector v(h;)E; across the spatial unit of the outcome data. We then
run the regression at the aggregated scale to recover  (see Section 4.6.1.4 for a detailed
description of this procedure).

Figure 4.4a shows the resulting dose-response functions. The value of joint estimation
of wind and surge damages can be seen when comparing the curves generated from NFIP
claims. After controlling for inundation depth, we see little correlation between wind speeds
and losses. This matches expectations, as NFIP only covers flood-driven damages. Inunda-
tion depth does show a strong correlation with PCS claims. This could be due to one or
both of two potential factors. First, the small amount of physical capital covered by private
flood insurance in that dataset may consist of high-risk, often damaged buildings. Second,
individuals may successfully claim flood damages on their policies when the experience of
compound hazards makes it difficult for assessors to disaggregate the driver of losses. Re-
gardless of cause, we sum the empirically estimated dose-response functions across our two
claims datasets to use in projecting future losses.?

2There is ample evidence for heterogeneity in dose-response relationships over space and time (S. Hsiang
and Jina 2014; W. D. Nordhaus 2010). To address this, ongoing work explores interactions in the dose-
response function with local income levels and historical hazard characteristics. The theoretical justification
for these interaction terms comes from the concept that adaptation is driven by resource availability and
perceived risk. Increased income is likely correlated with increased financial resources needed to implement
adaptation measures, and increased historical hazard is likely correlated with a higher perceived risk.
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Figure 4.4: Dose-response relationships estimated from historical hurricanes. (a) shows the empir-
ically estimated dose-response relationships emerging from both private (PCS) and public (NFIP) insurance
claims. Predicted values are uncorrected for uninsured properties. (b) shows out-of-sample validation on
the PCS (private) claims dataset. Values are cumulative annual losses, with predictions made using grouped
5-fold cross validation.

4.4 Projecting Risk Under Climate Change

Once we have identified dose-response from the historical data, we can estimate the impact
of climate on economic risk by projecting damages in simulated hurricane seasons under
different climates. While analyses of historical damage trends have not conclusively demon-
strated an environmentally forced signal (Roger A Pielke and Landsea 1998; Roger A. Pielke
et al. 2008), the character of annual hurricane damages may be too stochastic to reliably
observe the underlying risk over a relatively short historical record (Hallegatte 2007). The
alternative approach that we employ is to use a stochastic tropical cyclone simulator (K.
Emanuel, Sundararajan, and Williams 2008), forced with different large-scale climates, and
then to predict damage from the simulated storms. Mendelsohn et al. 2012 demonstrated this
approach using an indexed dose-relationship pinned to storm-level characteristics including
minimum pressure, maximum wind speed, and landfall location. Neumann, K. Emanuel, et
al. 2015 extended the modeling framework to directly simulate storm surge in an analysis of
future coastal flood risks. We further improve on the approach by using the aforementioned
empirically estimated, hazard-based dose-response functions; by using explicit simulation of
physical hazards from the synthetically generated storms; and by jointly simulating both
wind and surge damages.

Our risk projection model is divided into five steps. In the first, we extract climates from
seven different global climate models, under two assumed global emissions trajectories (RCP
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4.5 and RCP 8.5), and at four 11-year time intervals over the 215 century: Present (2015-
2025), near-term (2035-2045), medium-term (2055-2065), and end-of-century (2085-95). We
also extract information on past and present climates using the NCEP/NCAR Reanalysis
for the 1979-89 and 2008-2018 periods. We feed each of these climates into the hurricane
simulator to generate 120,000 synthetic hurricane tracks (Section 4.6.2.1). The simulator
also outputs a mean hurricane frequency for each simulated climate.

In the second step, we again apply wind and storm surge models to estimate gridded
Smaz and TW Ly, for each simulated storm track (Section 4.6.2.2). Figure 4.1 shows pre-
dicted return values estimated using synthetic tracks generated from the NCEP reanalysis
(Column 2) and from the seven GCMs at the end-of-century (Columns 3 and 4). Figure 4.5
disaggregates the multi-model mean end-of-century results across each of the seven models.

In the third step, we incorporate spatiotemporal variance in SLR projections (Sec-
tion 4.6.2.3). In the fourth, we utilize the previously estimated dose-response functions
to predict damage from multiple realizations of hurricane seasons under each climate and
SLR projection (Section 4.6.2.4). And in the fifth, we compare the distributions of these
simulated damages across climates and assess the contribution of climate to differences in
risk (Section 4.6.3).

Our primary result is an estimate of the average annual loss from hurricanes across
multiple time periods in the 21%¢ century. These results are presented in Figure 4.6.

These results suggest that cumulative insured losses are expected to increase from $12-
14B/yr to $20-57B/yr under RCP 8.5 and to $13-23B per year under RCP 4.5 at end of
century. The majority of that increase is driven by increased surge damage in the later
part of the 215 century, which occurs due to changing storm frequency but also rising sea
level (Figure 4.7 shows the correlation between expected losses and SLR). At the same time,
the majority of the cross-model uncertainty in total damage is due to projections of wind
hazard®. Overall, cross-model uncertainty grows over time, particularly in the RCP 8.5
scenario, reaching ranges in the end-of-century period that are of similar magnitude to the
projections of the median model.

While estimates of the fraction of total economic losses that are insured varies, a ratio of
2 appears to be a commonly used, yet conservative, estimate (Roger A Pielke and Landsea
1998).* Assuming this multiplier to estimate economic losses from predicted insured losses,
a 3% discount rate, a 2% GDP growth rate, and an elasticity of property value of 0.45 (Neu-
mann, Hudgens, et al. 2010), the multi-model mean in the RCP 8.5 scenario projects the
cost of climate driven TC damages to be $1.7T in present discounted value (PDV). This
is roughly 9% of current US GDP and roughly 2.5 times a recent estimate of the loss in
property value associated with nuisance flooding due to SLR (using the same discounting
rate and growth assumption) (Union of Concerned Scientists 2018).

30ur SLR projections are conditioned on emissions scenario and year, and thus do not vary across models
and do not contribute to the cross-model variance

4In ongoing updates to this analysis, adjustments for insurance coverage rates are performed prior to
dose-response identification and are performed separately for surge and wind based on disaggregated coverage
information from U.S. Department of Homeland Security 2019 and Congressional Budget Office 2019.
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Figure 4.5: Modeled hazard return values for the 2085-2095 period predicted by each of seven
GCMs. Figure interpretation is as in Columns 3 and 4 of 4.1. (a) shows results from the moderate-emissions
scenario (RCP 4.5) while (b) shows results from the high-emissions scenario (RCP 8.5).
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Figure 4.6: Projections of nationally aggregated Average Annual Insured Loss (AAIL). Boxplots
show (left) Average annual insured loss by time period and (right) change in average annual insured loss
from a 2007-2017 base period. Boxes show inter-quartile range (IQR) and whiskers show the full range across
7 climate models. The top row shows total estimated damages, while the bottom two break this into storm
surge- and wind-driven damage. Predictions are made for four 11-year time periods within the 21st century,

for both RCP 4.5 and 8.5.
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Figure 4.7: Modeled AAIL for RCP 8.5, by SLR quantile. Each cell represents mean damages for
a single year, averaged across seven GCMs and 100 simulated hurricane seasons within each GCM. Results
are ordered by the quantile of SLR uncertainty assumed in simulations. X axis labels depict the midpoint
year for each of four 11-year intervals.

In Figure 4.8, we show damages resolved spatially to the level of Core-Based Statistical
Areas (CBSAs) and compared across the present-day period and the end-of-century. Coastal
CBSAs with a significant exposure of assets, such as New York-Newark-Jersey City, expe-
rience a large share of the additional losses, as do Western Gulf regions. The lower panels
show total damage, rather than changes over time, disaggregating this damage into surge-
and wind-driven components and normalizing by the total exposed value in each CBSA. This
describes the total fractional loss for each CBSA at end-of-century. As expected, surge dam-
ages are concentrated in coastal CBSAs, while wind damages reach further inland. Fractional
losses are greatest in the Gulf and South Atlantic regions, with a concentration of additional
surge-driven losses in the Western Gulf. This finding is consistent with the results of Marsooli
et al. 2019.
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Figure 4.8: Mean estimated change in AAIL from present-day to end-of-century, by CBSA,
assuming RCP 8.5. Top panel shows the multi-GCM mean change in AAIL for each CBSA. Total damages,
rather than changes, are shown in the bottom row and disaggregated by wind (top left) and surge (top right).
Additionally, the displayed wind and surge damages are normalized by the exposed value in each CBSA.
Inset shows NY/NJ area.
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4.5 Discussion and Future Work

The results of our analysis suggest that changes to hurricane patterns in the North Atlantic
will bring a substantial increase in economic risk to the United States. This finding is
consistent with previous studies performed at other scales (Mendelsohn et al. 2012; Neumann,
K. Emanuel, et al. 2015). It provides further evidence that storm patterns must be considered
along with SLR as a component of physical climate risks in coastal regions. By explicitly
modeling hazards from projected storms, our results also carry novel spatial information. We
demonstrate that while fractional losses are greatest in the Gulf region, areas of substantial
capital in the Northeast stand to experience the greatest increase in losses absent adaptive
measures. We show that increasing coastal flood damages in the later part of the century,
driven largely by the superposition of storm surge and SLR, is a substantial component
of climate-driven damages. This demonstrates the importance of including both surge and
wind hazards in projections of future hurricane risk, as this signal would be lost had we
made damages a function purely of hurricane wind speed.

While our analysis introduces explicit, spatially resolved modeling of hurricane hazards
to the literature on climate-driven hurricane damages, several notable limitations of the
current approach remain. We characterize several of the important limitations below and
and describe how they will be addressed in ongoing or future work.

First, we project only direct infrastructural damages. In doing this, we leverage the
higher-resolution data available for these impacts but ignore the sometimes substantial soci-
etal cost of hurricane-caused mortality and long-term economic effects of a hurricane “shock”
that are mediated by macroeconomic channels. Some estimates suggest such that indirect
costs of climate-driven changes to global TC patterns might reach $10 trillion (S. Hsiang
and Jina 2014). This large potential price tag implies that these costs are crucial to include
in a comprehensive analysis of climate change impacts. Our empirical model is flexible to
a variety of outcomes other than our current measures of insured loss. Future work will
incorporate mortality, following valuation approaches outlined in (Carleton et al. 2018), and
long-run GDP growth rate changes, following (S. Hsiang and Jina 2014), to address these
other TC impacts.

Second, we do not model the impact of tropical cyclone rainfall (TCR) and inland flood-
ing. Numerical simulations have suggested that TCR has already been affected by climate
change (Risser and Wehner 2017), and TCs are projected to deposit even more rainfall in
future climates (P. Lu et al. 2018; Kossin 2018). Our results will fail to capture this climate
signal, rendering our current projections conservative in our estimate of the impact of climate
change. Future work will incorporate a recently developed TCR model (P. Lu et al. 2018)
to properly represent this additional hazard.

Third, we explicitly project damages in the absence of adaptation. This serves to moti-
vate efficient adaptation by quantifying the potential benefits from avoided hurricane losses.
However, the true societal costs of climate-driven changes to hurricanes incorporate the costs
and benefits of adaptive measures that will be employed. For instance, migration out of areas
seeing increased economic risk might bring costs to those populations but could avoid even
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greater losses as their hurricane risk rises. To measure this, one must explicitly account for
changing exposure maps and dose-response functions as a consequence of adaptation, and
must also incorporate the costs of these adaptive changes. Carleton et al. 2018 demonstrates
a method for predicting changes in the vulnerability, or dose-response, of regions as they
adapt to climate change. This approach, along with a dynamic adaptation model to repre-
sent migration due to SLR (Diaz 2016), will be incorporated in future work conducted at
the global scale.

Fourth, our analysis relies on only one model that relates large-scale climate to stochas-
tically simulated hurricanes. We attempt to account for uncertainty in future damages by
including seven GCMs, two emissions scenarios, and uncertainty in local SLR. However, this
uncertainty quantification would be made more complete by surveying multiple hurricane
track simulators. Dinan 2017 suggests that the use of alternative representations of future
hurricane intensity and frequency can have substantial effects on estimated economic risk.
Until recently, the model we use from K. Emanuel, Sundararajan, and Williams 2008 was
the only available environmentally forced TC simulator. A recently developed alternative
model (C.-Y. Lee et al. 2018) will be incorporated in future work.

Fifth, one additional source of unquantified uncertainty comes from errors in our to-
pography representation. We rely on the finest-resolution comprehensive DEM over the
continental U.S. (The National Map—New data delivery homepage, advanced viewer, lidar
visualization 2019); however, 95% confidence intervals surrounding the accuracy of each 1/3
arc-second pixel is 3m (Gesch, Oimoen, and Evans 2014). The bias is estimated to be much
smaller, at -29 cm; however, both bias and variance contribute to additional uncertainty in
the damages incurred by flooding of a given height. At a global scale, Kulp and Strauss 2019
show that biases in commonly used elevation products can change flood impacts efforts by
a factor of 3. However, the lower bias in the U.S. DEM used in this analysis would limit
this effect. Furthermore, our empirical approach for estimating dose-response functions can
implicitly adjust to counteract systematic biases in flooding depth. Regardless, to address
the contribution of elevation uncertainty to damage projections, future work will incorpo-
rate a distribution of potential elevations for each property within our broader Monte Carlo
approach.

Despite these limitations, probabilistic, spatially resolved projections that account for
wind, storm surge, and SLR represent a new generation of hurricane risk forecasting model.
These results can inform, and have informed, adaptation decisions across a variety of stake-
holders. They can guide financial institutions’ investment portfolios (Blackrock Investment
Institute 2019; Rhodium Group 2019), inform individuals real estate decisions (First Street
Foundation 2020), and affect policy from municipal to national levels (Hess et al. 2019).
Future work will apply this methodology at a global scope, using the results to help inform
a data-driven estimate of the contribution of coastal damages to the Social Cost of Carbon
(SCC). Additional work can leverage these spatially resolved damage forecasts to better
understand the distributional impacts of changing hurricane risks.
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4.6 Methods

Our goal is estimate the impact of climate change on hurricane-driven coastal economic
risk. To do this, we simulate direct economic losses from a large number of synthetic hurri-
cane seasons under several climate scenarios. Aggregating these simulated damages into a
probability distribution provides a characterization of economic risk, and comparing these
distributions across climate scenarios allows us to quantify the impact of climate change on
this risk. Equation 4.1 defines the conceptual model used to estimate damage. Equivalently,
we can refer to the “fractional loss” for building ¢ as a function purely of hazard and the
noise term.

Dfrac,i = % = /y(hz)Tﬁ + €; (42)

i
Risk, R, we define as the distribution of damages:

Our model to estimate and compare risk under different climates can broadly be divided
into three stages. Each can be interpreted within this conceptual model as follows:

1. Empirical estimation of S from E, h, and D, using observed historical events (Sec-
tion 4.3).

2. Simulation of D under a variety of climate conditions, using  from Step 1, E projected
into the future, and h from synthetic storms (Section 4.4.

3. Statistical analysis of the distributions of D across climate scenarios to estimate R for
different climates and, thus, to estimate the impact of climate change (Section 4.4).

The input data into each of these steps, along with the modeling methodology applied
to those inputs, are described in detail below.

4.6.1 Dose-Response Estimation

Figure 4.2 shows the data and modeling pipeline used to estimate a dose-response func-
tion relating storm surge inundation and wind speed magnitudes to the fraction of exposed
physical capital that is lost. We begin with the set of observed storm tracks in the North
Atlantic and Eastern Pacific basins from the International Best Track Archive for Climate
Stewardship (IBTrACS) (Knapp et al. 2010). Among other variables, this dataset contains
information on the location of the storm’s eye, the maximum wind speed (V},q.), the cen-
tral pressure (F), the radius of maximum wind (RMW), and the “radius of the last closed
isobar” (ROCT) — which we take to be the outer radius of the storm. For storms that are
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missing radius information, we estimate RMW with the regression equation used for wind
modeling in Solomon M. Hsiang 2010:

RMW,,, = 63.2730 — 0.8683 x V¢

max

+1.00700 x ¢ (4.4)

where V9 is the maximum circular wind speed observed at a given time, and ¢ is the

latitude of the storm’s eye, in degrees. V?__is calculated by removing a portion of the storms
translational speed component from observed maximum wind speeds (see Section 4.6.1.1).
We fill in missing observations of ROCT with 1000km.”

We subset this dataset to storms that match records in either of two sources of insurance
claims data. The Property Claims Service (PCS) database (Verisk Analytics 2019) records
private insurance claims from extreme weather events beginning in 1950 and is aggregated
to the state level, while the National Flood Insurance Program (NFIP) reports damages at
the national level from 60 damaging events beginning in 1978 (Significant Flood Events).5
Together, these represent the bulk of insured losses from hurricanes in the United States. In
total, we match these claims to 118 storm tracks from 1950-2018.

For each of the 118 tracks, we simulate spatial fields of the maximum wind speed, (Saz,
Section 4.6.1.1) and maximum total water level (TW L, Section 4.6.1.2) at 0.125° spatial
resolution. We merge this with building-level estimates of elevation for 156 million properties
in the United States (Section 4.6.1.3) to get estimates of inundation depth for the subset of
buildings exposed to storm surge in a given storm. Using this estimated hazard and exposure
data for all 118 storms, we then empirically fit dose-response functions relating observed
insurance claims to depth of flooding and maximum experienced wind speed (Section 4.6.1.4).
Each of these inputs are shown in Figure 4.3 for a set of three example storms.

4.6.1.1 Wind Field Estimation

To estimate wind hazard for a given storm track, we adapt the Limited Information Cyclone
Reconstruction and Integration for Climate and Economics (LICRICE) model first applied
in Solomon M. Hsiang 2010. This model estimates a wind field at each time step of a storm’s
evolution using a Modified Rankine vortex and then integrates that wind field through space.
It tracks both the maximum wind speed (spmq:) experienced by each grid cell in a domain,
as well as a grid-cell-level measure of the Power Dissipation Index (PDI, K. Emanuel 2005).
In our analysis, we use only $,,,, as PDI was not shown to produce additional skill in
predicting damages. First, when information on RMW and ROC is available in IBTrACS,
we use it rather than estimating these parameters from a latitude-based regression. Second,
the model radius is extended from 250km surrounding the storm’s eye to 400km to better
model the tails of larger storms. Third, when separating the maximum observed wind speed

5This parameter affects only the outer reaches of our modeled wind fields and, given that damages are
strongly nonlinear in wind speed, should have little effect on predicted wind damages. For this reason we
choose 1000km as a round imputation value that lies within the support of observed radii

6Recently, NFIP has released disaggregated claim and policy coverage information that is currently being
incorporated into a revised version of this analysis.
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into translational and gradient (circular) components, a latitude-dependent fraction of the
measured translational speed is subtracted from the total speed, rather than the entire
translational speed:

Veircular = Utotal — mm(l, 0.8 + 35(1 + tanh((¢ - 35)/10)>>Utranslational (45)

where Vyansiational 1S calculated from observed storm eye positions using the mean of
forward- and backward-Euler velocity calculations:

dist dist _
Utranslational t — e <xt+17xt)2—£t 2 (tht 1> (46)

This change better accounts for the inherent variance in gradient wind speed in a real
hurricane that is not represented with a symmetric vortex model. The coefficients in Equa-
tion 4.5 are taken from analysis scripts associated with K. Emanuel 2005.

Fourth, because the Rankine vortex is known to overestimate winds far from the storm’s
eye, a hyperbolic tangent ramping function is used to gradually ramp down the gradient
winds estimated by the model at large radii:

v*(r) =v(r) - (0.5 (1 — tanh((r — rouw)/100km))) (4.7)

where r,,; is the outer radius of the storm, chosen to be equal to ROCT when reported
in IBTrACS or set to 1000km when missing.

Fifth, the translational velocity is tapered to 0 close to and far from the eye. These last
two changes match the wind scaling methodology used in the hydrodynamic surge model
described in Section 4.6.1.2.

4.6.1.2 Surge Field Estimation

To estimate surge hazard for a given storm track, we adapt GEOCLAW (Mandli and Dawson
2014), an Adaptive Mesh Refinement (AMR)-based hydrodynamic model that has been
previously used for storm surge simulation. The use of a dynamic model for surge is driven
by the spatial characteristics of storm surge. As opposed to hurricane winds, which follow
relatively smooth spatial patterns that can be reasonably represented by a low-dimensional
parameterization, surge is affected by dynamic interaction between winds, ocean currents,
and local bathymetry and topography. This leads to large differences in surge heights across
space that are not easily parameterized statistically.

Our conceptual model for the storm tide experienced during an event is one of a linear
superposition of components:

stormyide(t) = SL(t) + S(t) + T(t) (4.8)

where SL is the local sea level, S is storm surge, and T is the tidal contribution. This
approach follows the linear model outlined in (Kirezci et al. 2020), with the exclusion of wave
setup (W.S). This exclusion means that our model predicts “storm tide” (the combination
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of surge and tide) rather than TW L, which additionally incorporate wave action. Wave
contributions represent a component of hurricane-driven flooding that are not simulated in
most hydrodynamic models. Previous studies have coupled a model for wave setup to a
storm surge model (e.g. Thomas et al. 2019) for individual storm case studies, but this is
computationally infeasible at scale. While the substitution of storm tide predictions for TW L
will lead to lower forecasted flood depths, the use of an empirical dose-response function
allows for a systematic bias in flood hazard to be absorbed by a shift of the dose-response
curve.’

Hydrodynamic models are often used to assess local surge risks in individual locations (Man-
dli and Dawson 2014; Sebastian et al. 2014; N. Lin et al. 2016), yet substantial model tuning
and computational cost is typically required. This might be feasible for predicting surge from
our 118 historical storm surge models across the Atlantic and Gulf coasts; however, running
our 120,000 synthetic storms through a basin-scale model at sufficient resolution to recover
local bathymetric effects would challenge available computational resources. For example, a
single high-resolution storm surge simulation with the Advanced Circulation (ADCIRC, AD-
CIRC') model can take 2000 core-hours or longer if coupled to a wave model. Simulation of
120,000 storms is thus a ;200 million core-hour problem. A recent study by Marsooli et al.
2019 utilized a basin-scale, moderate-resolution unstructured mesh simulation to facilitate
surge estimation over a wide area from a large numbers of storms. The unstructured mesh
approach allows for spatial heterogeneity in resolution, targeting computation in regions
of interest. We choose an alternative approach by developing an automated configuration
pipeline for an AMR model. The adaptive mesh allows the resolution of the model to vary not
only in space but also in time by “tracking” the storm with a high-refinement region. In this
way, the computational domain adapts to each individual track, and the model is resolved
to a fine scale only within regions and time intervals that are relevant to that track. This
further reduces computational burden, allowing for storm surge simulation from a greater
number of events.

Figure 4.9 illustrates the computational benefits of AMR simulation when compared
to an alternative high-resolution storm surge+wave simulation (ADCIRC+SWAN). GEO-
CLAW achieves better precision and comparable accuracy in predicting maximum water
heights observed at tide gauges. The root-mean-squared-error (RMSE) of the GEOCLAW

"In a revised version of this analysis, we are fitting a simple statistical parameterization that adjusts
storm tide to TW L using a linear function of maximum wind speed:

TW L; = astorm_tide; maz + BSmaz,i + i (4.9)

a = 1.03 and 8 = 0.38 are fit via linear regression where the TWL observations are obtained from a USGS
High-water-mark dataset (Koenig et al. 2016), and $,,4, is obtained from the LICRICE results described
in the preceeding section. Additional predictors were included in sensitivity tests, including the maximum
wind speed parallel to the shoreline gradient gradient, the elevation, slope, and direction of the shore, and
interactions between these variables; however, best out-of-sample predictive performance was obtained with
the simple function of s,,4,. Figure 4.10 illustrates the effect of the statistical wave runup on predicted total
water levels.
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predictions, -41lcm, is 7cm less than that of ADCIRC+SWAN across these seven storms.
ADCIRC+SWAN predictions, on the other hand, demonstrate a bias of only +2cm, while
GEOCLAW predictions demonstrate a -10cm bias. This low-bias may be due to the exclusion
of dynamically simulated wave action. ADCIRC+SWAN incorporates the static component
of waves (wave setup), thus accounting for the component of wave action that is measured
by tide gauges.®. We correct for this bias statistically in a post-processing step, described in
the following section.

Approximate Runtimes

ADCIRC+SWAN: 6,000 CPU-hours GEOCLAW: 12 CPU-hours
4 ADCIRC+SWAN °  _ GEOCLAW
RMSE: 0.478 RMSE: 0.406
Mean Bias: 0.018 ¢ - Mean Bias: -0.100 o
3 o o ®
—_ €] @
§ Sandy
& ° o lke
14 N Katrina
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Irma
0- - Harvey
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I 1 I T 1 I I T T 1
0 1 2 3 4 0 1 2 3 4

Observed (m) Observed (m)

Figure 4.9: Comparison of GEOCLAW to ADCIRCH+SWAN. This figure shows predicted versus
observed maximum water heights at a selection of NOAA tide gauges near the storm track for each of
seven historical hurricanes. The left panel shows simulations using ADCIRC coupled with the Simulating
Waves Nearshore (SWAN) wave model (N., L.H., and R.C. 2020). The right panel shows simulations with
GEOCLAW. Mean runtimes across these seven storms are displayed above the figure in CPU-hours.?

Our adaptation of GEOCLAW includes the introduction of pre- and post-processing
steps, as well as the modification of the model itself. For the full set of additions and modi-
fications, one should reference the source code for this manuscript (In Prep.); however, the
key changes are described below.

Pre-processing First, prior to the model execution, we select an appropriate spatial and
temporal computational domain based on track location and storm radius. Second, we select
the initial sea level. To do this, we select all NOAA Tide Gauges (National Oceanographic
and Atmospheric Administration 2009) that were active at the time of the storm and located
within 5x the maximum wind radius for the storm at any point. We average observations

8Dynamic wave action, otherwise known as swash is integrated out of 6-minute tide gauge observations,
and thus does not appear in either the predicted or observed values for either model

9ADCIRC+SWAN simulations were carried out by Celso Ferreira and Arslaan Kahlid of the Flood
Hazards Research Lab at George Mason University.
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for each gauge in the 7 days prior to the first storm track observation to determine the local
short-term mean sea level (LSTMSL). Using the same NOAA API, we calculate the mean
predicted astronomical tide during that same interval, which we term local short-term mean
tide (LSTMT). We also calculate the predicted tide during the storm (tide) and set the
initial sea level to the theoretical max water height that would have occurred during the
simulation interval in the absence of the storm:

SLinit = max(mélx(tz'de) — LSTMST,+ LSTMSL,) (4.10)
g

where g indexes nearby gauges, and ¢ indexes the time interval of the storm. GEOCLAW
does not simulate tidal variability, so this step allows for the simulation of surge at a base-
line water height equal to the maximum experienced tidal value. Third, we select all of the
points at which we have estimated physical capital (see Section 4.6.1.3) and configure these
as hourly output locations for the model.

Storm surge modeling We then run GEOCLAW, using a baseline resolution of 0.25°, with
a minimum resolution of 30 arc-seconds (1 km). The resolution at any given point in space
or time is determined by a variety of refinement criteria and lies somewhere between those
two values. Numerical instability is a challenge for storm surge models where a noticeable
amount of surge reaches the boundary. Because of this, we introduce a step into the numerical
integration of GEOCLAW that checks for boundary cell velocities and restarts the model with
a larger domain should these velocities exceed 5 m/s. To define bathymetry in the model,
we use the SRTM15+ V2 15 arc-second global blended topography-bathymetry DEM (Tozer
et al. 2019). To define topography, we use the National Map (The National Map—New
data delivery homepage, advanced viewer, lidar visualization 2019), a 1/3 arc-second DEM.
We use the Holland 1980 wind model (Holland 1986) to define the model’s wind forcing
and apply a drag law that is linearly increasing in velocity (Garratt 1977). We double the
drag coefficient implied by this previously-identified relationship, a tuning step optimized to
fit modeled historical storm surge return periods to observed surge in a separate analysis
performed as a part of First Street Foundation 2020.

Post-processing Because we simulated surge on top of a baseline sea level equal to the
maximum tidal value at any location in the domain of the storm, we next subtract the
relative local tidal signal from the model outputs. To do so, we match each output grid
cell to its nearest neighbor NOAA gauge and subtract that gauge’s predicted astronomical
tide time series from the time series of output. We then take the maximum of this linear
combination (see Equation 4.8) to get our predicted maximum storm tide:

storm_tide; maz = SLinit + mtax(surge(t, i)+ tide(t, 7)) + OsLinij (4.11)
= max(LSTMSLy, — LSTMT, + m;‘ix(tideg))
g

+ mtax(surge(t, i) + tide(t, 7)) + 08,0
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where i indexes grid cells; j is the nearest NOAA gauge to grid cell i; S L + surge(t, i)
is the output of GEOCLAW; and tide(t, j) is the predicted astronomical tide for gauge j.
08L,,...; defines the difference in pre-storm water height at gauge j from SL;,; and is used
to account for regional differences in tides and starting sea level. Formally, it is defined as
the following:

= LSTMSL; — LSTMT; — max(LSTMSL, — LSTMT, + mtax(tz'deg))
9

Next we apply a nearest-neighbors model to interpolate theoretical water heights to
locations that did not get wet within the simulation. While these “water table” heights will
be lower than the simulated elevation at those locations, our elevation data is assigned to
properties at a finer scale of resolution than that of our surge model (see Section 4.6.1.3).
Thus, each 0.125° grid cell contains capital at a range of elevations. Using this “bathtub”
model approach to interpolate water heights allows us to capture inundation of properties
that may be situated at the lower end of these distributions.

Total Water Level model Performance
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Figure 4.10: Effect of statistical wave runup adjustment. This figure compares observed high water
marks to predicted water levels across the same seven historical hurricanes in Figure 4.9. A notable downward
bias is observed prior to adjustment using 4.9. Hurricane Harvey is responsible for the majority of the under-
predicted outliers due to the large rainfall-driven component to its observed values.!?

4.6.1.3 Exposure Estimation

To estimate the present-day value of physical capital at each grid cell in our model, we
leverage a property-level dataset containing location, estimated value, last sale price, and/or
tax assessed value for each of 156 million properties nationwide (ATTOM Data Solutions
2019). We simultaneously estimate county-level yearly scaling factors that describe the
change over time in building stock and building value-per-unit, using the House Price Index
(HPI) (House Price Index — Federal Housing Finance Agency) and population data from
the U.S. Census (Population Datasets). Because the property-level dataset only contains
estimated present-day value for a subset of residential properties, we use the time series of
scaling factors along with observed relationships between present-day value and sale price
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or tax assessed value in a given year to fill in missing estimates. We then assign elevations
to each property using the National Map. To reduce computational burden elsewhere in our
analysis, we then aggregate building value to our 0.125° analysis grid, binning the results
by 10cm elevation bins. We also add further bin dimensions corresponding to the nearest
operating NOAA tide gauge (see Section 4.6.1.2), the nearest gauge in the SLR forecast
dataset from Kopp, Horton, et al. 2014 (K14, see Section 4.6.2.3), and the ID of any levee
that may protect this property (see Section 4.6.1.4). These additional dimensions facilitate
operations in other components of the analysis.

Estimating the change in exposure over time

We assume that temporal change in physical capital within an arbitrarily defined area is the
product of two independent changes — the average building price, P and the total building
stock V. This gives us the simple equation for estimating the value within grid cell ¢ that
lies in county ¢, presuming we know information about P and V' at the county level and that
we know the capital value E at a baseline time tg:

Pc,t ‘/c,t
cto . 1s
” Pc,to ‘/C,to

As a proxy for the second term, we use HPI, which calculates scaled indices using the
change in sale price across repeat home sales. Bogin, Doerner, and Larson 2019 interpolate
this data to the county level from 1975-2015, which is the dataset we use. Notably, while
HPI measures change in the consistent building stock, it does not capture new construction
that is at a different value than the existing stock. It also only incorporates residential
prices. Nevertheless, we believe it more plausibly resembles time trends of average building
value at a local level than the national-level proxies that have been used in previous studies.
Such previous approaches include a fixed assumed annual inflation value (Gettelman et al.
2018), the product of inflation and wealth metrics (Roger A. Pielke et al. 2008; Roger A
Pielke and Landsea 1998; Collins and Lowe 2001), or GDP (implicitly assumed to be per-
capita) (Mendelsohn et al. 2012; W. D. Nordhaus 2010). As noted in Bogin, Doerner, and
Larson 2019, the HPI dataset is able to capture differential trends including the relatively
high suburban prices prior to 1990 and the relatively higher urban prices since that point.
Occasionally, HPI values are missing for certain county-by-year observations. We interpolate
observations assuming constant exponential growth. For smaller counties that are missing
for the entire dataset, we use the state-level values. To extend the start of the dataset from
1975 to 1950 and the end of the dataset from 2015-2019, we fit a constant growth rate model
at the state level. We then extrapolate the 1975 county-level HPI observations back to 1950
and 2015 county-level HPI observations up to 2019.

As a proxy for the third term, we use estimates of county-level annual population from the
U.S. Census Bureau. This is similar to the proxy used in Roger A. Pielke et al. 2008; Roger A
Pielke and Landsea 1998, and, implicitly thru the use of national GDP, in Mendelsohn et al.
2012. Collins and Lowe 2001 use interpolated decennial measurements of housing units, an

Eici = E; (4.13)
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alternative proxy for the same concept. We interpolate and/or extrapolate missing values
following the HPI approach described above.

We divide both the HPI and population scaling factors by their 2019 values to set a
baseline year, ty. Thus, our estimate of Equation 4.13 is:

HPI., POP.,
HAPIC,2019 POPC,2019

Estimating present-day property values

While the ATTOM Data Solutions 2019 dataset is geographically complete, the estimated
present-day value that we need to construct an exposure dataset is present only for a subset of
residential buildings. However, relevant data on previous sale prices and/or tax assessments
can help us fill in the missing values. Here we take a hierarchical approach to estimating
the present-day value of each property following the list below, where the highest ranked
estimate that is available for a given property is chosen.

EiA,c,t = Ei,c,2019 (414>

1. Where available, we use ATTOM’s Automated Valuation Model (AVM) estimated
present-day value.

2. For residential properties where sale price from the most recent sale is available, we
scale it to 2019 using our county-level HPI panel, dropping sale prices under $1k and
cases where the assessment value is > 100x the sale price. We then multiply by the
mean ratio of AVM price to 2019-scaled sale price across all properties in the same
county that have observations for both values.

3. When a tax assessment value is available for a residential property, we follow a similar
procedure as above. However, in the final step we scale by the county-averaged ratio
of AVM prices to 2019-adjusted taz assessed values (rather than to 2019-adjusted sale
prices).

4. For other residential properties that fall within a county that has some AVM estimates,
we take the mean AVM estimate from that county.

5. For all other residential properties, we assign the mean AVM value from the full dataset.

6. For non-residential properties, we follow the same procedures as (2) and (3), without
the sale price-to-AVM scaling step.

7. For remaining non-residential properties, we assign the mean 2019-scaled sale price for
all non-residential properties in the same county.

8. For the remaining non-residential properties, we assign the mean 2019-scaled sale price
for all non-residential properties in the full dataset.
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The result is an estimate of present-day value for all 156 million properties in the original
dataset.

Assigning elevation and binning to reduce computational burden

We next map each geolocated property to an elevation using the 1/3 arc-second (10m) Na-
tional Map DEM, flag whenever a property falls in a levee-protected region as identified by
the National Levee Database (National Levee Database), and identify the nearest tide gauge
in both the NOAA archive and the K14 SLR dataset. In theory, we could calculate the
wind and flood hazard at each individual property when estimating damages for each of our
120,000 simulated storms. However, our hazard models are only run at 0.1° so there is no
additional information gained from the increased horizontal resolution provided by calcu-
lating property-level exposure. We greatly reduce computational complexity by aggregating
the property-level dataset to a 0.1° x 0.1° x 10cm grid. Here we make the assumption that
10cm is within the range of the combined error introduced by imperfect surge modeling and
imperfect DEMs, and thus binning at this level provides equally precise estimates while min-
imizing computational cost. In addition to horizontal and vertical dimensions, we further
bin properties by ownership type, nearest NOAA and K14 gauges as well as levee status.
Having binned across all of these dimensions, all properties within a given bin will receive the
same modeled magnitude of hazard in our models of both historical and synthetic storms.
Because our conceptual damage model (Equation 4.1) is linear in exposure, we can sum the
property value in each bin in the following way:

Dj = D(hy, Ej) = y(hj)"B ) Ei (4.15)

€]

where 7 is a building in bin j.!!

Resulting exposure panel dataset

The result of the above pipeline is the first 4-dimensional dataset of physical capital in
the continental United States, aggregated to 0.125° horizontal resolution, 10cm vertical res-
olution, and yearly temporal resolution. Additional dimensions bin capital along further
categories.

4.6.1.4 Dose-Response Function Estimation

To estimate a dose-response function relating both wind speed and inundation depth to frac-
tional losses, we rely on two datasets that together comprise the bulk of insurance claims
from historical storms. The first, PCS from Verisk Analytics, contains private insurance
claims matched to events from 1950 to present. In the U.S. most, but not all, private insur-
ance does not cover flood damage. Thus, we expect this dataset to predominantely express

"Tn an ongoing revision of this analysis, we allow for 8 to vary across building types (residential, com-
mercial, and other).
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insured wind-related damage. The second, from the National Flood Insurance Program,
contains losses from storms beginning in 1978. While the vast majority of damage in this
dataset is flood driven, it can sometimes be hard to distinguish when a building receives
both wind- and flood-driven damage. Thus, it is possible that some flood damage exists in
the PCS dataset and that some wind damage exists in the NFIP dataset.

One challenge of utilizing these claims datasets is the spatial mismatch between our inde-
pendent variables of hazard and exposure, modeled at a 0.1° resolution, and the dependent
variable of claim value, observed at state level. To address this, we follow an approach for-
malized in S. Hsiang and Jina 2014, in which the product of exposure and nonlinear features
of hazard is calculated at the pixel level and then summed to the aggregation level of the
outcome. A dose-response function is then fit at this aggregate level. Formally, this requires
the assumptions that (a) damages are linear in those pixel-level products and (b) damages
in different grid cells are independent:

felhy) = ~(hy)" By (4.16)
Dy =Y D] (4.17)

where st indexes a given state, v is a vector-valued function in R? — R™ creating
nonlinear features of inundation depth and maximum wind speed, and S; is a vector of
coefficients in R™. D’ is the (unobserved) damages at each grid cell j.

The first assumption must be true in the limit m — oo as v approaches a universal
function approximator. With a limited dataset, our ability to fit parameters to a large
number of features is limited, and thus this assumption may not hold in practice. However,
given the uncertainty in the existing literature surrounding the functional form of depth-
damage and wind-damage relationships, we argue that restricting ourselves to the set of
functions linear in y(h;) — even when m is small - is reasonable. All dose-response functions
previously proposed in the literature may be represented this way. The second assumption
may not hold exactly. For example, increasing wind damage to one building may cause
shrapnel to fly into another building. However, at the larger resolution scales at which we
are forecasting damages, we argue that these cases are less likely to occur.

For convenience, we refer to the scalar-vector product of hazard features and exposure,
v(hj)Ej, as the “dose”, and the full inner product f;(h;) = v(h;)E; as the “dose-response
function”.

Substituting Equation 4.16 into Equation 4.1 and then into Equation 4.17 gives:
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Dy, = Z [(v(hy)" B + ;) E})
=> () E B+ €E;

=3 [v(h)TEja] B+ pret (4.18)

jEst

where pg = > jest €5 18 @ residual term that follows a distribution equal to the weighted
sum of the distributions €;(h;) across all j in st, weighted by E;.

This summation yields a state-level dataset where each row is a state-by-storm observa-
tion and where the columns include the dependent variable of damages and the concatenated
“dose” vectors.

We estimate our dose-response coefficients, B , using Ordinary Least Squares (OLS). We
choose a low-order polynomial (quadratic in inundation depth and cubic in wind speed)
that is consistent with energetic wind relationships (Bell et al. 2000; K. Emanuel 2005)
and previously used depth curves (U.S. Army Corps of Engineers 2000; U.S. Army Corps of
Engineers 2003). For consistency, we utilize the same time period for both the PCS and NFIP
datasets. The regression on NFIP data is performed as described above, using a national
aggregation level rather than a state level. Additionally, we drop Hurricane Katrina from
the analysis as we are unable to reliably model the dynamics of failing levees. The resulting
curves are shown in Figure 4.4.12

We validate our model by predicting annual historical losses from storms in the PCS and
NFIP datasets using a 5-fold cross-validation approach. Results for predictions of PCS losses
are shown in Figure 4.4b, indicating strong correlation of observed losses with our predicted
values.

Another challenge in estimating total economic losses from a storm, where 10SScconomic =
105Sinsured+10SSuninsured, lies in estimating uninsured losses. There is little validated historical
data on uninsured losses, and indeed the National Hurricane Center has often employed a
simple ”2x” multiplier when estimating economic loss from insured loss (Roger A. Pielke
et al. 2008). We adopt this multiplier in our analysis, acknowledging that recently released
NFIP claims and coverage data (U.S. Department of Homeland Security 2019) may provide
more spatially granular information on coverage rates.!'?

12Tn ongoing work, we replace this OLS model with a cross-validated Generalized Linear Model (GLM),
in which we explore alternative (Tweedie) error distributions that may more accurately represent observed
residuals.

13In an ongoing revision of this analysis multiplier in our analysis, we incorporate this claim-level NFIP
data, along with hazard-specific uninsured loss rates from the U.S. Congressional Budget Office (Congres-
sional Budget Office 2019) to adjust the claims data prior to regression and thus improve our approach to
scaling from insured to economic loss.
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4.6.2 Projection of Future Damages
4.6.2.1 Generation of Synthetic Hurricane Tracks

To represent the link between climate and hurricane activity, we use the synthetic track
simulator from K. Emanuel, Sundararajan, and Williams 2008. This physically based model
uses observed relationships between large-scale environmental conditions, such as sea sur-
face temperature and vertical wind shear, to parameterize a 1-dimensional physically based
tropical cyclone model. While many analyses of the impacts of climate change through other
mechanisms might rely on the outputs of GCMs to understand changes, two properties of
hurricanes make the direct use of GCM output inappropriate. First, the dynamics that form
hurricanes are of small enough scale that they are not adequately resolved in most GCMs
used to forecast climate over century timescales; thus, their frequency and intensity are not
well represented. Second, hurricanes are stochastic events, with damages driven by the most
extreme storms. To accurately represent the tails of the damage distribution, it can be
necessary to simulate many realizations of hurricane seasons.

A particular GCM in the Coupled Model Intercomparison Project 5 (CMIP5, Taylor,
Stouffer, and Meehl 2012) archive will contain only a handful of realizations of future cli-
mates. The K. Emanuel, Sundararajan, and Williams 2008 model, on the other hand, can
produce thousands of plausible storms from a single GCM and can estimate the frequency
and intensity of these storms based on historical relationships between these parameters
and large-scale environmental conditions. It is computationally efficient and has been used
in numerous studies (K. Emanuel, Sundararajan, and Williams 2008; Marsooli et al. 2019;
Mendelsohn et al. 2012; S. Hsiang and Jina 2014).

Here, we employ it to generate 200 storm tracks per emissions scenario, per year, and per
GCM. In total, we examine two emissions scenarios: A moderate-emissions scenario (RCP
4.5) and a high-emissions scenario (RCP 8.5). We utilize seven GCMs: CCSM4 (Commu-
nity Climate System Model, the University Corporation for Atmospheric Research); GFDL5
(Geophysical Fluid Dynamics Laboratory Climate Model, USA); HadGEM5 (Hadley Cen-
tre Global Environment Model, U.K. Meteorological Office); IPSL5 (Institut Pierre Simon
Laplace Climate Model, France); MIROC (Model for Interdisciplinary Research on Climate,
University of Tokyo, National Institute for Environmental Studies, Japan, and Japan Agency
for Marine-Earth Science and Technology Frontier Research Center for Global Change);
MPI5 (Max Planck Institute for Meteorology, Germany); and MRI5 (Meteorological Re-
search Institute, Japan). And we examine four 11-year time periods: Present (2015-2025),
near-term (2035-2045), medium-term (2055-2065), and end-of-century (2085-2095).

In order to bias-correct these GCMs and to examine historical climate-driven trends
in hurricane risk, we also generate storm tracks for current and past climates using the
NCEP/NCAR Reanalysis (Kalnay et al. 1996). We generate 400 storms per year for the
periods 1979-1989 and 2008-2018. Additionally, we extend our earliest GCM time period
to overlap with the 2008-2018 period, including the years 2008-2014 for each of the 14
combinations of GCM and RCP scenario.
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In total, we generate 118,600 synthetic tracks that are then used as input into the same
storm surge and wind models used for historical storms.

4.6.2.2 Hazard Estimation and Bias Correction

Our approach to estimating hazard from synthetic storms is largely identical to that used for
historical storms, with one exception. In setting SL;,;; (Equation 4.10), we use median pro-
jections of local SLR from K14. Specifically, we use the same procedure as in Section 4.6.1.2
to identify nearby NOAA tide gauges for a given storm track. For tide gauges that are
not included in the K14 dataset, we assign them the K14 SLR values from the nearest K14
gauge. We take the median SLR projection for the year in which the synthetic storm oc-
curs for each gauge, and then add a time series of astronomical tides on top of this SLR
projection. To estimate tides for future periods we use the pytides python package (mar-
itimeplanning/pytides: Tide prediction and analysis in python). We then take the maximum
tidal value at each gauge, add it to the SLR projection, and take the maximum across gauges
as in Equation 4.10. Formally, this takes the form:

S Linit,s,y = max(K14, 50, + mg}x(tideg,s)) (4.19)
g

where s is a synthetic storm occurring in year y, K14, 5, is a median K14 SLR projection
at gauge g in year y, and tide, s is the time series of astronomical tide predicted by pytides.
The construction of K145, from the data reported in Kopp, DeConto, et al. 2017 is
described in the following section.

Following the modeling of storm surge, at each grid cell we subtract the tidal signal and
the local deviance in K145, for the nearest gauge, following the pattern we use for the
tidal signal and dgz,,,, in Equation 4.11. The result of the above steps is a dataset of hazard
magnitudes from synthetic storms. It can be represented as an N-dimensional array that is
indexed by latitude, longitude, GCM, emissions scenario, year, storm number, and hazard
type (surge or wind).

GCMs are known to display systematic biases relative to observations. A common ap-
proach is to “bias-correct” the GCMs by applying a correction function based on differences
between the GCM predictions and reference observations during an overlapping time period.
In our case, we treat the distribution of hazards across storms in the NCEP-based synthetic
track set as “truth” because they provide a more fully characterized distribution than the
short historical record. The data generating process, which relies on the hurricane simulator
model, is also consistent with that used for the GCM projections. We then follow a process
to bias correct both the frequency of predicted storms and the resulting spatial distributions
of hazard, following the two-stage approach used in N. Lin et al. 2016.

Using the overlapping time period of 2008-2018, we first calculate a GCM-specific offset in
the yearly frequency parameters estimated for the synthetic track sets driven by NCEP and
by each of the GCMS. This defines a “frequency” bias correction. The hazard distributions
resulting for this frequency correction step are shown in Figures 4.11 and 4.12 for the reference
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period (2008-2018) for nine example cities. Differences exist across locations and across
GCMs because the frequency correction is employed at the basin scale. Nevertheless, we see
general agreement between the NCEP-derived curves and the bias-corrected GCM-derived
curves. This indicates that the spatial structure of GCM-derived synthetic tracks largely
mirrors that of NCEP-derived synthetic tracks over the reference period. Certain locations,
including Fort Myers, FL. and Norfolk, VA, show a greater variance across the GCMs and a
greater deviance from the NCEP-derived return period curves. This suggests that these are
areas in which the variance in large-scale environment present across GCMs has a greater
impact on hurricane risk.
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Figure 4.11: Estimated s,,,; return period curves for 1979-1989 and 2008-2018 for nine example
locations. Each of the nine panels shows estimates of the return periods of maximum sustained wind speed
at the centroid of a given city. There are seven red lines and seven orange lines, defining the curves as
estimated for each of the 7 GCMs for RCP 8.5 and RCP 4.5, respectively. The black curve defines the return
periods as estimated using the 2008-2018 NCEP-derived climatology and the blue curve defines the return
periods as estimated using the 1979-1989 NCEP-derived climatology.
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Hazard return periods: all gcms, 2008-2018 and historical period water level
2008-2018 rcp85 (red), rcp45 (orange), and NCEP (black), and NCEP '79-'89 (blue)
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Figure 4.12: Estimated TWL,,,, return period curves for 1979-1989 and 2008-2018 for nine
example locations. Each of the nine panels shows estimates of the return periods of hurricane-driven flood
heights at the centroid of a given city. There are seven red lines and seven orange lines, defining the curves
as estimated for each of the 7 GCMs for RCP 8.5 and RCP 4.5, respectively. The black curve defines the
return periods as estimated using the 2008-2018 NCEP-derived climatology and the blue curve defines the
return periods as estimated using the 1979-1989 NCEP-derived climatology.

We next employ a quantile-mapping approach to obtain a “hazard intensity” bias cor-
rection. Using the 4400 NCEP-derived tracks and the 2200 GCM-derived tracks for that 11
year period, we match hazards (TW Lye, and Spq.) at the pixel level by quantile. Taking the
difference yields adjustment factors that we then propagate through to estimated hazards
from the rest of the modeled years. For both frequency and hazard intensity corrections, we
perform this adjustment independently for RCP 8.5 and RCP 4.5. This approach assumes
that systematic biases in predicted hazards present in the overlapping time period persist
as a linearly additive error in future periods. The result is to collapse the bias and variance
across models seen in Figures 4.11 and 4.12 such that they match the NCEP-derived curves
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at each location.

4.6.2.3 Incorporation of Sea-Level Rise Uncertainty

Substantial uncertainty surrounds future projections of both global and localized SLR, (Kopp,
Horton, et al. 2014; Kopp, DeConto, et al. 2017), and this uncertainty would affect the magni-
tude of coastal flooding experienced from a given hurricane. To incorporate this uncertainty,
we generate estimates for each of 100 evenly-spaced quantiles from the gauge-level local K14
SLR projections. These are then re-centered to their median projections at the gauge-by-year
level and added to the TWL estimates from the surge modeling described in the preceding
section. In this way, we generate 100 equally likely estimates of future flood hazard from
each of the synthetic storm tracks.

Several steps must be performed to utilize the K14 data. First, they must be brought into
a consistent datum. K14 projections are relative to a 2000 CE baseline, whereas our estimates
of building elevation are in NAVDS88. We use a temporal Gaussian Process Model to fit a
conversion between the M .S Logyg datum of K14 and the M SLigso datum of the National
Tidal Datum Epoch (NTDE) and then use VDATUM (White et al. 2016) to convert from
M S Liggs to NAV D88. Second, we must interpolate between the quantiles reported in the
paper (0.5th, 5th, 17th, 50th, 83rd, 95th, 99.5th, and 99.9th). This is performed via linear
interpolation.'

For the NCEP-based synthetic tracks, historical linear trends at each NOAA tide gauge
in the K14 dataset were used to estimate historical MSL in a consistent manner (Sea Level
Trends - NOAA Tides & Currents). No uncertainty was assumed for these historical local
sea level values.

4.6.2.4 Fractional Loss Estimation

To translate hazard values into a distribution of fractional losses for each GCM, we first
apply the dose-response function from Section 4.6.1 to our hazard array from the synthetic
track set. Next, we sample a large number of fictitious hurricane “seasons” (100) from the
available tracks within each GCM /scenario/year group.

The second step is accomplished by using the estimated “number of storms per year”
parameter that emerges from the K. Emanuel, Sundararajan, and Williams 2008 model.
Following Mendelsohn et al. 2012, Marsooli et al. 2019, and others that have used this
stochastic hurricane model, we draw from a Poisson distribution with mean parameter equal
to this model-generated value. We do this 100 times, providing a value for the number of
storms by GCM, scenario, year, and sample. For each sample, we then draw that number of

14This approach implicitly assumes that all Atlantic and Gulf coast locations experience the same quantile
of SLR. This may be valid at national scales; however, in an ongoing analysis of global TC damages, we
directly ingest Monte Carlo draws from Kopp, DeConto, et al. 2017 rather than interpolating from the
summary statistics reported in the paper. Such an approach can better represent the spatial correlation
structure between gauges.
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storms from the fractional loss array and sum the fractional losses across all of the storms
that occur within each season. The output of this step is 100 realizations of fractional loss for
each GCM /scenario/year/SLR quantile. Assuming each year within an 11-year time period
corresponds to independent draws from the same climatology, we then aggregate across years
to give 1100 realizations of hurricane seasons for each GCM /scenario/period/SLR quantile.

4.6.3 Risk Analysis and Climate Impact Assessment

We combine these estimated fractional losses with modeled exposure to generate estimates of
economic risk in future climates. To do so, we assume a constant and spatially homogeneous
exposure growth rate of 0.9% per year, following Neumann, K. Emanuel, et al. 2015. We
apply this homogeneous growth to our exposure map from Section 4.6.1.3.15

This approach provides an estimated exposure map for each year of the 21st century.
We then take the product of these exposure maps and the fractional loss estimates from the
preceding section. We compare differences in the AAL and the median loss across emissions
scenarios, aggregating losses to CBSAs. As a baseline scenario, we assume that the NCEP
2008-2018 fractional losses persist through the century as exposure evolves. To calculate
the costs of anthropogenic climate change on hurricane risk, we then difference the national
AAL of each scenario from that of the NCEP losses, interpolate between the centerpoint
of the analysis periods, and apply a 3% discount rate to that time series.'® Accumulating
the discounted losses yields an estimate of the present discounted cost of changing hurricane
activity under both RCP 4.5 and 8.5 scenarios. Together, this approach takes the following
form:

T
NPCspm = Z [Z [(7 (Pig,s,m) — (hi,2008—2018,NCEP)) Ei€(0'009_0'03)y]] I6] (4.20)

Yy 7

T

where (R y scen,modet) [ 15 the mean fractional loss estimated across the 1100 simulated
seasons for grid cell 7, year y, emissions scenario s, and GCM m. This is interpolated between
the analysis interval midpoints of 2020, 2040, 2060, and 2090.

5Future work will extend the use of growth projections to incorporate other scenarios, including the
Shared Socioeconomic Pathways (O’Neill et al. 2017). It will also incorporate a dynamic adaptation model
from Diaz 2016

16Ongoing analysis examines the effect of assuming a range of plausible discount rates
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Chapter 5

Implications and Future Work

In general, these studies demonstrate how to augment analytical tools that leverage historical
relationships to understand the impact of potential actions on global welfare. The actions
they target have widespread implications, from limiting the negative consequences of climate
change to saving lives in an unprecedented pandemic. They address challenges for which
appropriate historical data does not exist, creating measurements through alternative sources
or leveraging our understanding of fundamental processes to supplant direct observation. In
the two application areas studied, the results describe substantially larger costs of inaction
or, equivalently, substantially larger benefits of action, than were previously known. In
Chapter 3 we see this borne out in the number of infections averted by anti-contagion policies,
while in Chapter 4 we see this borne out in the magnitude of coastal climate damages from
changing hurricane patterns.

While two observations does not describe a robust pattern, it is likely that these results
are not isolated findings among such challenging estimation environments. If true, this
indicates that by focusing on the problems that can more directly be solved by traditional
methods, we may underestimate the true consequences of inaction. This is a classic example
of the streetlight effect, in which we look for a pair of lost keys only underneath a streetlight,
because that’s the one place we are able to search. The goal of this dissertation has been to
expand the scope of our search by leveraging new sources of light, or new interdisciplinary
approaches, such that we are better able to account for the universe of impacts, positive and
negative, of large-scale policies.

In any thesis developing new data sources and modeling methodologies, it is worth rec-
ognizing that improved quantification of benefits and costs is not an inherently positive
contribution in isolation. The same technologies that can be used to better target subna-
tional and international aid can also be used to optimize oppression and marginalization.
My hope is that the approaches developed here can provide evidence for the marginalized
groups where fewer resources are expended to monitor societal health and welfare. However,
this contribution will only be realized through continued effort to ensure that these tools
are further developed and applied in appropriate contexts. For this reason, I am furthering
the reach of each project described here in ongoing work. Many of these future efforts are
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described within the chapters themselves, but I provide concise summaries below.

5.1 Socioenvironmental prediction with satellite
imagery and machine learning

The work described in this thesis represents a proof of concept of a tool for expanding the us-
ability of powerful machine learning techniques. It shows that global predictions of arbitrary
metrics can be generated through the use of satellite imagery and simple algorithms. It also
shows that the scalability and speed of these algorithms facilitates more thorough “stress
testing” of predictive skill than is possible for more complex neural network approaches.
For broad indicators of societal welfare, such as those used to assess progress toward the
Sustainable Development Goals (SDGs), a comprehensive global dataset of these metrics
would create an invaluable resource for improving the impact of targeted aid. Numerous
steps must be taken to reach a point where the approaches developed in this dissertation
could be used in such a context, but ongoing work will begin to address these challenges.
First, our team will evaluate the performance of our model in assessing temporal change —
a fundamentally different problem than the cross-sectional prediction task assessed in this
dissertation. Second, we will further develop a suite of standardized tests that can assess our
confidence in the ability of the approach to predict a given metric. Third, we will introduce
new regression models that may allow for better predictions under different distributions of
data. Together, these approaches will allow for the scope of the model’s application to be
expanded while maintaining confidence in the robustness of the results. Parallel efforts are
also seeking to develop a set of best practices for using satellite-predicted data in causal
inference settings. New bias and covariance structures can be introduced when treating
satellite-based predictions as truth, and we must be careful to account for this possibility in
experimental designs.

5.2 Econometric-epidemiological prediction

The paper presented in this dissertation was a first step in exploring the use of econometric
approaches in contagious disease modeling, but a far tighter coupling to more sophisticated
epidemiological projections could allow for a new generation of rapid response models. This
form of model would leverage statistical techniques for early assessment of anti-contagion
policy impacts, allowing for more efficient and early action to control pandemic growth. Yin,
Z. Liu, and Kammen 2020 has developed an age-specific model that provides a platform for
understanding differential transmission rates across different population structures. Inte-
grating empirically identified policy impacts into a more representative transmission model
would help reduce the uncertainty that has thus far hampered efforts to coordinate national
and global policy. Additional efforts are underway to extend the modeling methodology
of Chapter 3 to the global scale using a novel dataset of non-pharmaceutical interventions
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across 186 countries. It is unclear how long this disease will continue to affect the world,
but the longer it lasts the more crucial it becomes to understand exactly which containment
policies offer the most health benefits while enacting the least societal costs.

5.3 Impacts of climate change on extreme event
damages

While Chapter 4 explores the impact of climate-driven hurricane trends in the context of the
United States, a substantial burden of tropical cyclones exists along coastlines in many other
ocean basins. Ongoing work extends the methodology to leverage globally available datasets
and seeks to use the research outputs to contribute to a quantification of the Social Cost of
Carbon (SCC). This quantity, which defines the marginal societal cost of a ton of emitted
carbon, contributes to benefit-cost analyses in formal rule-making contexts. A large body
of work exists to estimate this value, yet little accounts for the societal impact of climate
on extreme event distributions in any physically representative way. If the theme of this
dissertation’s findings persists — namely that under-measured impacts may correlate with
under-predicted impacts — a better accounting for extreme events may substantially improve
our SCC estimation.

Another effort will seek to leverage the advancements brought about by the methods de-
scribed in this dissertation to understand the unequal impacts of changing hurricane patterns
across varying populations. The results presented in Chapter 4 demonstrate that projected
future hurricane risks exhibit spatial patterns across the Atlantic and Gulf coasts. Knowing
how these impacts are distributed along socioeconomic and demographic dimensions can
further aid the generation of effective adaptation policy by targeting resources to communi-
ties that are both disadvantaged and substantially affected by these changing risks. A third
research trajectory will pair the methods of Chapter 4 with alternative indirect outcomes,
improving our understanding of the impacts of projected hurricane changes on health burden
and long-term economic growth.

Simultaneous to these new research endeavors, a number of ongoing partnerships will con-
tinue to incorporate the U.S. forecasts in public and private decision-making contexts. First
Street Foundation 2020 ingests the coastal flood forecasts of Chapter 4 into a publicly avail-
able dataset of property-level flood risk. Hess et al. 2019 applies the methodology of Chap-
ter 4 to analyze local hurricane risks for New Jersey state policymakers. And Blackrock
Investment Institute 2019 uses the risk information from Chapter 4 to assess risk to broad
investment portfolios. Each of these stakeholders, from the public to the government to large
financial institutions, represents a platform through which quantitative impact analyses can
incentivize better climate change mitigation and adaptation. By better identifying the con-
tribution of extreme events to this impact, we can better align these incentives and provide
evidence for effective and efficient climate action.
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