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High-stakes decisions in domains such as public health and economic policy are increasingly

mediated by behavioral data and predictive models, yet the phenomena they target often evolve faster

than conventional measurement systems can track. This has driven growing reliance on human mobil-

ity and contextual data as real-time proxies and inputs to predictive models, a dependence made espe-

cially visible during the COVID-19 pandemic. Yet these data, and the models built on top of them, are

rarely subjected to the kinds of systematic evaluation needed to establish whether they can be trusted,

for whom their benefits hold, and under what conditions their measurements and predictions fail to

hold. This dissertation argues that mobility, contextual data, and the associated downstream models

must be audited along three dimensions before being trusted in high-stakes settings: utility, fairness,

and validity. It further argues that the same scrutiny should be applied to emerging alternatives for

direct behavioral traces, such as large language models used to infer or simulate human mobility when

observational data are sparse or unavailable.



The first study examines the utility of mobility data for COVID-19 case prediction, asking not

whether it improves performance on average, but under what conditions across counties, datasets, and

modeling choices its value can be reliably demonstrated. The second study conducts a fairness audit

of the U.S. COVID-19 Forecast Hub, examining whether the case prediction models used to inform

CDC communications performed equitably across racial, ethnic, and urbanization dimensions. The

third study evaluates the validity of foot traffic as a proxy for economic activity, assessing whether

visit-spend relationships are stable across business categories, time periods, and neighborhood demo-

graphic contexts. The fourth study evaluates whether large language models can serve as an alter-

native for behavioral traces by asking whether they encode empirically meaningful knowledge about

how neighborhood context relates to movement, or merely produce plausible but unverified outputs.

Together, these four studies demonstrate that the trustworthiness of mobility and contextual data

is not a fixed property but a conditional one, dependent on the task, the population, and the context in

which these data are used. The dissertation contributes a unifying auditing framework and a set of em-

pirical evaluations that together make the case for treating utility, fairness, and validity as fundamental

criteria in any data-driven system where predictions shape real-world decisions.
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Chapter 1: Introduction

1.1 Motivation & Background

High-stakes decisions are increasingly mediated by data and models [108, 151]; in domains such

as public health, economic policy, and crisis response, policymakers and researchers are often required

to act under conditions of urgency, uncertainty, and incomplete information. Yet the phenomena they

seek to understand—disease spread, behavioral adaptation, or local economic disruption—typically

evolve much faster than the traditional data systems used to measure them. Official statistics, surveys,

and administrative records are often delayed, incomplete, or too spatially coarse to support timely

intervention; as a result, a growing gap has emerged between the speed of social change and the pace

of conventional measurement [30, 46].

The COVID-19 pandemic made this dependence especially visible; when the pandemic began,

policymakers and modelers faced an unprecedented challenge of having to track disease spread and

guide public response in real time [79, 132]. In the United States, this urgency gave rise to a large-scale

forecasting effort across academia, industry, and public health institutions [56]. The U.S. COVID-19

Forecast Hub [33] emerged as a central repository of standardized forecasts from dozens of research

groups and was used by the Centers for Disease Control and Prevention in official communications; it

therefore functioned not only as a scientific coordination platform, but also as a practical component

of public decision-making.
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This broader turn toward modeling was not confined to epidemic forecasting; similar pressures

arise whenever institutions require timely signals about fast-changing social and economic conditions

[46, 160]. In the context of economic disruption and recovery, for example, researchers and policymak-

ers increasingly need ways to monitor change as it unfolds rather than after it has already occurred.

This has encouraged the use of scalable data sources and predictive models that can provide near

real-time insight into business activity, recovery trajectories, and broader patterns of resilience when

conventional indicators are unavailable or slow to update [46, 160].

More fundamentally, this shift reflects a fundamental measurement problem in that many high-

stakes outcomes are not directly observable at the time and scale at which action must be taken. Re-

searchers, therefore, turn to proxies, behavioral signals, and predictive models to infer underlying

dynamics from partial observations [107, 176]. This logic has shaped work across multiple domains;

during COVID-19, for instance, models increasingly incorporated behavioral data such as mobility to

capture aspects of human movement and mixing related to transmission risk [30, 42, 101, 131, 139].

More broadly, digital trace data have been used to support decision-making in socio-economic devel-

opment, public safety, disaster response, and health forecasting [27, 140, 171, 177].

Among these emerging behavioral data sources, human mobility data became especially promi-

nent because it appeared to provide a direct lens into movement, mixing, and adaptation—processes

that are central to a wide range of high-stakes outcomes [84]. Movement is a fundamental dimension

of social and economic life [6, 179, 181]; it shapes how people access opportunities, interact with in-

frastructure, and experience places in everyday life [176]. Because mobility patterns influence access

to jobs and services, pandemic spread, and broader forms of social interaction, mobility data became

central to a wide range of analytical and policy questions. The increasing availability of smartphone-

and mobile-phone-based location data substantially expanded this potential by providing far finer spa-
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tial and temporal resolution than traditional travel surveys and related sources [18, 30].

However, mobility data are not unbiased measures of social reality. Like many digital traces,

they are generated through unequal processes of device ownership, platform participation, and data

collection, which can lead to systematic distortions in who and what is represented [1, 48, 77, 154].

As a result, the same data that appear valuable for real-time inference may also provide incomplete or

biased views of populations and places. This concern is especially important because such distortions

do not necessarily remain at the level of measurement alone; when predictive models are built on top

of biased signals, those biases may be carried forward into downstream analyses, predictions, and

decisions [7, 19, 151].

These concerns point to a broader challenge in data-driven inference. The central issue is not

simply whether behavioral and contextual data are useful, but how they should be evaluated before

being trusted in high-stakes settings. These concerns suggest that such systems should be evaluated

along at least three dimensions: utility, fairness, and validity. This concern also extends beyond

direct behavioral traces themselves. When mobility data are costly, privacy-sensitive, or difficult to

access, alternative models may be used to infer behavior from context; yet these alternatives, too,

require careful evaluation to determine whether they encode meaningful and empirically grounded

urban knowledge.

A first gap concerns utility. Behavioral and contextual data are often adopted because they ap-

pear to improve inference; however, existing work on mobility-augmented prediction tends to focus

on whether performance improves in aggregate, masking the more practically important questions of

when it helps, by how much, and under what conditions [53, 101, 109]. In the context of COVID-19

case prediction, for instance, prior studies reported improvements from adding mobility data without

systematically analyzing the counties, datasets, or modeling choices for which those improvements
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did and did not materialize—leaving decision-makers without the conditional understanding needed

to assess whether such data is worth its cost [1]. The first study in this dissertation addresses this gap

directly, asking not whether mobility data improves prediction on average, but under what circum-

stances its value can be reliably demonstrated.

A second gap concerns fairness. Even when data-driven systems perform well on average, their

errors may be distributed unevenly across populations and places. This concern is grounded in empir-

ical observation; mobility-based analyses of small urban businesses during the pandemic have already

documented that visit declines and recovery trajectories differed substantially across neighborhoods by

ethnoracial composition, with majority-Asian neighborhoods experiencing both the steepest declines

and the slowest recovery [3]. Given that COVID-19 burden was itself distributed unevenly across

racial and ethnic groups, predictive models trained and evaluated without accounting for this hetero-

geneity may perform inequitably across the very populations most affected. If the behavioral signals

feeding predictive models encode such disparities, there is reason to expect that model outputs may

inherit and amplify them. The U.S. COVID-19 Forecast Hub [33, 51], whose predictions informed

CDC communications, was extensively evaluated for accuracy; however, no systematic analysis had

examined whether its models performed equitably across social determinants such as race, ethnicity,

and urbanization—dimensions known to shape both COVID-19 burden and data quality [2]. Accu-

racy alone is insufficient as a standard when the downstream use of predictions may shape attention,

resources, and intervention. The second study addresses this gap by conducting a fairness audit of

the Forecast Hub’s case prediction models, treating equitable performance as a first-class evaluation

criterion.

A third gap concerns validity. Many data-driven systems rest on the assumption that an ob-

servable signal reliably proxies a harder-to-measure outcome [140, 177, 179]—but this assumption is
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rarely tested in a way that would reveal where it breaks down. In the case of mobility as an economic

proxy, existing work finds generally positive co-movement between foot traffic and spending [31, 40],

yet most analyses operate at regional or broad business-type aggregates that may conceal instabilities

at finer levels; they provide limited evidence on whether these relationships hold across time, espe-

cially through the disruptions of the COVID-19 period. They also largely ignore how neighborhood

demographic composition moderates the visit–spend relationship across business types. The third

study addresses these gaps by systematically evaluating whether foot traffic reliably mirrors economic

activity across categories, time periods, and demographic contexts.

Finally, these challenges point to a fourth gap concerning alternatives. Because direct behav-

ioral traces are often expensive, access-restricted, or privacy-sensitive [54], there is growing interest

in models that infer mobility from contextual information alone—including large language models,

which may encode latent knowledge about urban structure through their training corpora. Yet exist-

ing evaluations of LLMs on urban and mobility tasks have largely assessed whether they can produce

plausible outputs, without establishing whether they encode empirically meaningful priors about how

mobility actually varies across neighborhoods and cities. Plausibility alone is not the same as structural

validity. The fourth study addresses this gap by evaluating whether LLMs can recover the relation-

ships between built-environment conditions, neighborhood sociodemographics, and observed mobility

behavior—asking whether they constitute a genuinely informative alternative when behavioral traces

are limited or not available.
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Umbrella Gap Description
A

ud
iti

ng
Utility Behavioral and contextual data are often assumed to improve inference,

but their benefits may be heterogeneous across tasks, locations, and
modeling choices.

Fairness Data-driven systems may perform well on average while still producing
systematically uneven errors across populations and places.

Validity Behavioral traces are often treated as proxies for harder-to-measure
phenomena, but these proxy relationships may be unstable or context-
dependent.

Alternatives When direct behavioral traces are costly, privacy-sensitive, or unavail-
able, alternative models must also be evaluated to determine whether
they capture meaningful and empirically grounded structure.

Table 1.1: Broader gaps motivating this dissertation under the umbrella of auditing.

1.2 Research Objectives and Questions

Taken together, these four gaps reflect a common underlying problem: that behavioral and con-

textual data are routinely incorporated into high-stakes inference without the kinds of systematic eval-

uation needed to establish whether they can be trusted, and for whom. Addressing them requires not

just improving models, but auditing the data and systems built on top of them along multiple dimen-

sions. With this overarching goal in mind, this dissertation is organized around four recurring gaps in

contemporary data-driven decision-making in high-stakes settings: utility, fairness, validity, and alter-

natives. Specifically, it asks when behavioral and contextual data improve inference, for whom these

improvements hold, when such data serve as valid proxies for underlying phenomena, and whether al-

ternative models can provide useful priors when direct behavioral traces are limited. Table 1.1 provides

a conceptual summary of these gaps under the broader umbrella of auditing.

Research Objective 1 (Utility): Evaluating the Impact of Mobility Data on COVID-19 Case

Prediction. This study examines the extent to which human mobility data improves county-level
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COVID-19 case prediction. It evaluates whether mobility meaningfully enhances predictive perfor-

mance, under what conditions those gains occur, and whether differences across counties are associ-

ated with demographic and socioeconomic characteristics.

This study addresses the following research questions:

• RQ1.1: Under what conditions does human mobility data provide an enhancement over county-

level COVID-19 case prediction models that do not use mobility as a source of information?

• RQ1.2: Does mobility data bias—characterized by the demographic and socioeconomic charac-

teristics of each county—help explain differences in the performance of COVID-19 prediction

models across counties?

• RQ1.3: Do the improvements associated with mobility data vary across mobility datasets, pre-

dictive models, and training approaches?

Research Objective 2 (Fairness): Auditing the Fairness of Large-Scale COVID-19 Forecast-

ing Models. This study presents a large-scale fairness audit of county-level COVID-19 case prediction

models in the U.S. COVID-19 Forecast Hub. It evaluates whether forecast errors differ systematically

across race, ethnicity, and urbanization levels, and whether these disparities persist across different

model and data characteristics.

This study addresses the following research questions:

• RQ2.1: Does the prediction performance of U.S. COVID-19 Forecast Hub county case predic-

tion models vary across race, ethnicity, and urbanization level?

• RQ2.2: Do these differences persist across model and data characteristics such as lookahead,

pandemic phase, model type, and the inclusion of mobility data?
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Research Objective 3 (Validity): Evaluating Mobility Data as a Proxy for Economic Ac-

tivity. This study investigates whether foot traffic can reliably serve as a proxy for economic activity.

Using point-of-interest visits and card spending data across multiple metropolitan areas and business

categories, it evaluates the strength, temporal stability, and demographic moderation of visit–spend

relationships.

This study addresses the following research questions:

• RQ3.1: Do visit–spend elasticities remain stable over time within business categories, and which

categories serve as the most reliable proxies for economic activity?

• RQ3.2: How do neighborhood demographic characteristics moderate the visit–spend relation-

ship across business categories?

Research Objective 4 (Alternatives): Evaluating Large Language Models as Priors for Ur-

ban Mobility. This study explores whether large language models encode useful priors about mobility

behavior in the absence of direct trajectory data. Using neighborhood sociodemographic and built-

environment context as input, it evaluates whether LLMs can predict neighborhood-level mobility

outcomes and whether those predictions align with empirically observed mobility structure.

This study addresses the following research questions:

• RQ4.1: To what extent can LLMs predict neighborhood-level mobility outcomes given built-

environment and sociodemographic context?

• RQ4.2: To what extent do LLM predictions align with empirically observed relationships be-

tween neighborhood characteristics and mobility behavior?

• RQ4.3: Do the mobility-relevant priors encoded by LLMs transfer consistently across different
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cities and mobility outcomes?

1.3 Dissertation Organization

The remainder of this dissertation is organized as follows.

Chapter 2 evaluates the impact of human mobility data on county-level COVID-19 case pre-

diction. It compares mobility-based models with non-mobility baselines, quantifies when mobility

improves predictive performance, and examines whether differences in those improvements are asso-

ciated with demographic and socioeconomic characteristics of counties.

Chapter 3 presents a large-scale fairness audit of county-level COVID-19 case prediction mod-

els from the U.S. COVID-19 Forecast Hub. It examines whether forecast errors vary systematically

across race, ethnicity, and urbanization level, and whether these disparities persist across different

models and data characteristics such as lookahead, pandemic phase, model type, and the use of mobil-

ity data.

Chapter 4 presents an exploratory analysis of ethnoracial disparities in COVID-19’s impact on

small urban restaurant businesses, illustrating how mobility-derived behavioral signals can also reveal

unequal economic disruption across communities.

Chapter 5 investigates whether foot traffic reliably reflects economic activity. Using visit and

spending data across multiple metropolitan areas and business categories, it evaluates the temporal

stability of visit–spend relationships and examines how these relationships vary across neighborhood

demographic contexts.

Chapter 6 evaluates large language models as priors for urban mobility. It examines whether

LLMs can infer neighborhood-level mobility outcomes from built-environment and sociodemographic
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context, whether those predictions align with empirically observed mobility patterns, and whether such

priors transfer across cities and mobility outcomes.

Chapter 7 concludes the dissertation by summarizing the main findings, discussing their broader

implications for the use of data and models in high-stakes settings.
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Chapter 2: Analysis of Performance Improvements and Bias Associated with the

Use of Human Mobility Data in COVID-19 Case Prediction Models

2.1 Introduction

The COVID-19 pandemic has mainstreamed human mobility data into the public domain, and

beyond academic networks. During the early stages of the pandemic, the importance of limiting mo-

bility to contain the epidemic became evident, with cities, states and countries taking various non-

pharmacological interventions (NPIs) focused on mobility such as national lockdowns or work-from-

home approaches [65, 139]. To evaluate the effect of these interventions, public health experts, the

CDC, city departments and journalists explored the use of mobility data which, at the time, was made

open and freely available. Companies like Apple, Google, SafeGraph or Descartes shared different

types of aggregated mobility datasets to characterize behaviors such as the volume of visits to spe-

cific places (e.g., schools, workplaces or restaurants), the volume of trips between regions (e.g., trips

between two counties), or the volume of trips by type of transportation (e.g., driving vs. public transit).

Beyond understanding the impact of mobility reduction policies, the increased access to mobil-

ity data sources has also supported research on regional COVID-19 case prediction models, with the

assumption that how people moved within a region in the past could potentially provide additional

information about how people get infected in the future. COVID-19 case prediction models focus on
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providing regional-level estimates for future number of cases in the short- and long-term via lookahead

analysis performance i.e., measuring region-level prediction performance for various temporal win-

dows such as daily, weekly or monthly [101]. For example, researchers have shown that SafeGraph

data can help predict weekly COVID-19 cases at the county level in the US, providing higher accu-

racy when compared to non-mobility baselines [131]. There exist a wide variety of models to predict

regional COVID-19 cases including epidemiological [43, 98, 174], machine learning [78, 109, 166]

and statistical models [78, 101]. In this paper, we focus on statistical models (linear regression and

ARIMA) because we are interested in the deployment of models that are interpretable by decision

makers, rather than implementing black-box predictive approaches that are harder to explain [149].

Nevertheless, there are several gaps in the current state of the art in regional COVID-19 case

prediction using mobility data. First, performance results - measured as RMSE or correlation between

actual and predicted regional COVID-19 cases - are reported as averages across regions, masking in-

dividual region-level performance, which is critical to inform local interventions and policies [101].

For example, past research has shown that mobility data enhances COVID-19 case predictions, on

average, across counties in the US; however, that average might be masking counties for which it

did not work [53, 109]. Second, performance results are often times not compared against non-

mobility baselines, making it hard to measure the effectiveness of adding mobility data to the pre-

diction model [53, 109, 166]. Third, prior work has shown that mobility data might suffer from sam-

pling bias whereby certain demographic groups e.g., Black, elder and low-income individuals can be

under-represented in the data due to lower smartphone and cell phone ownership rates [48, 154].

Nevertheless, prior work focused on building COVID-19 case prediction models tends to ignore the

bias present in the mobility data, which in turn, might affect the performance of regional COVID-19

case prediction models depending on the population of that region [101, 109, 126]. Fourth, current
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approaches tend to provide narrow evaluations, focused on a few models, or on one or a few mobility

datasets, with little research broadly looking into the impact of different prediction models, mobility

datasets, and training approaches that use more or less data, on model performance. Given (1) the high

cost of acquiring human mobility data for COVID-19 prediction purposes, now that it is no longer

freely accessible, and (2) that COVID-19 case predictions are going to be used to assess NPIs such as

mobility reduction, or vaccine distribution at the local level, we posit that it is critical to understand

the conditions under which mobility data helps (or not) at the individual regional level so that it can

adequately inform local decision-making.

In this paper, we aim to analyze the conditions under which human mobility data provides an

enhancement over individual regional COVID-19 case prediction models that do not use mobility as a

source of information. Our main objective is to inform regional decision makers about the potential of

region-level COVID-19 case prediction models that use mobility data, which we posit should be well

understood given the high cost of human mobility data. The main contributions of this paper are:

• Focusing on US counties, we evaluate the number of counties that benefit from adding mobility

data, and quantify the improvements. Our analyses show that, at most, 60% of counties improve

their performance over non-mobility baselines; and that those improvements are modest, hap-

pening mostly for longer-term predictions. Looking into the counties that benefit from adding

mobility data, 50% of those counties show modest correlation improvements of at most 0.1 and

25% show correlation improvements of at most 0.3.

• We present and discuss an approach to assess whether mobility data bias - characterized by de-

mographic and socio-economic characteristics of each county - might explain the differences

in the performance of COVID-19 prediction models across counties. We show that correlation
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improvements were lower for counties with higher Black, Hispanic, and other non-White pop-

ulations as well as low-income and rural populations, pointing to potential bias in the mobility

data negatively impacting predictive performance.

• We analyze whether the differences in the performance of mobility-based models over non-

mobility baselines vary depending on the mobility datasets; the predictive model; or the training

approach. Our results reveal that the improvements brought about by mobility data are similar

across mobility datasets, albeit with slightly better values for Apple and SafeGraph; that linear

regressions are associated with larger improvements; and that the training approach might also

affect the scale of the improvements.

2.2 Related Work

2.2.1 Human mobility data and COVID-19 case predictions

Human mobility data has been used in the past to model and characterize human behaviors

in the built environment [70, 93, 148, 164, 170], to support decision making for socio-economic

development [71, 72, 73, 75, 95], for public safety [171, 172], as well as during epidemics and dis-

asters [23, 81, 94, 96, 102, 169]. During the COVID-19 pandemic, human mobility has also played

a central role in driving decision making, for example, with social distancing policies significantly

reducing the spread of the virus [14].

Related work has shown that COVID-19 case prediction models can be enhanced using human

mobility data, when compared to non-mobility baselines [41, 101, 131]. For example, Ilin et al. [101]

analyzed the use of mobility data to forecast COVID-19 cases using interpretable statistical models
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like regressions [101]. Working at various spatial scales (from county to state to country), the authors

revealed that adding mobility data significantly helps decrease the mean percentage prediction error;

and that the improvements were higher for longer forecasting lengths. Nevertheless, a significant

amount of papers focused on COVID-19 case prediction using mobility data fail to compare model

performance against non-mobility baselines [53, 109]. More importantly, several papers have revealed

settings in which mobility data did not help. For example, Curtis et al. [52] and Venter et al. [163] found

only a small correlation between COVID-19 cases and mobility in parks and natural areas (blue-green

spaces); and Mehrab et al. [126] showed that the performance of mobility-based prediction differed

considerably across 50 US counties that correspond to land-grant universities.

Human mobility data is generally collected from smartphones and cell phones; however, due

to the differences in access to that technology, not all individuals are equally represented in mobility

datasets. In fact, prior work has shown that, for example, Black and elder individuals were under-

represented in SafeGraph’s dataset for the state of North Carolina [48]; that wealthier individuals tend

to be over-represented in cell phone data from several countries including Sierra Leone or Iraq [154];

and that the relationship between COVID-19 cases and mobility is stronger in urban than rural ar-

eas [107]. Given this evidence, we posit that the sampling bias found in mobility data might also affect

the performance of regional COVID-19 case prediction models.

In this paper, we aim to provide a much needed systematic analysis to evaluate the conditions

under which mobility data can enhance county COVID-19 case prediction models, and to quantify

by how much when compared to non-mobility baselines. Thus, we will extensively evaluate per-

formance across types of prediction models, temporal prediction windows (lookaheads), mobility

datasets, training-testing approaches as well as county-level demographic and socio-economic charac-

teristics associated with potential mobility data bias that could affect performance.
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2.2.2 COVID-19 prediction models

There exist a wide variety of models to predict regional COVID-19 cases including epidemiolog-

ical, machine learning and statistical models. Epidemiological models, such as SEIR and SIR models,

have been used to predict infection rates, and in certain cases, related work has shown that the models

can be improved with human mobility data characterizing how people (agents) travel and might infect

others [43, 98, 174]. However, SEIR/SIR models have a number of pitfalls, such as the large number

of parameters that need to be adjusted [183]; or the complexities of adding mobility responses of the

population as a function of time and space [146]. For example, Roda et al. [146] found simpler SIR

models to be more effective in predicting COVID-19 cases than the more complex SEIR models.

A number of machine learning techniques have also been widely applied for regional COVID-

19 case prediction with mobility data, including tree-based and K-nearest neighbors models [109].

Furthermore, several articles [78, 166] make use of a range of deep learning architectures, including

sequential models like Long Short-Term Memory (LSTM) [131], Gated Recurent Unit (GRU), Recur-

rent Neural Networks (RNN) [88] and spatio-temporal models like Graph Neural Networks (GNNs)

[106]. Some researchers have also incorporated static and dynamic mobility flows - characterizing

average and daily mobility patterns between regions - as well as friendship networks to understand

the spatio-temporal dependencies between regions that might affect infection rates and which could

inform the prediction of regional COVID-19 cases [74, 166].

Statistical models have also been popular for predicting COVID-19 cases since they are trans-

parent and simple to interpret - which is highly important for decision makers; these models can also

easily incorporate mobility data along with other features. Statistical models such as autoregressive

time series and linear regression have been used for COVID-19 case prediction showing that - early
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on during the pandemic - mobility data improved non-mobility baselines across countries, states and

other administrative levels [78, 101]. In this paper, we focus on statistical models (linear regression and

ARIMAX) because we are interested in the deployment of models that are interpretable by decision

makers, rather than implementing black-box predictive approaches that are harder to explain [149].

2.3 Datasets

To assess the effectiveness of mobility data on county-level COVID-19 case prediction models

we evaluate model performance across nine mobility datasets from four different companies: Safe-

Graph, Google, Descartes and Apple. We describe each of the COVID-19 and mobility datasets in

detail. All the datasets used in this paper, were freely available during the onset of the pandemic.

We focus on the period from 2020-03-18 to 2020-11-30 (258 days): the former marks the start of the

consistent case data availability in the United States and the latter the date when vaccines were intro-

duced (the Pfizer-BioNTech COVID-19 vaccine was made available on Dec.11, 2020). We focus on

the pre-vaccine period to prevent immunity levels from acting as a confounder, since the relationship

between mobility and infections post-vaccines is less clear in the literature [80].

COVID-191. We use the COVID-19 case data compiled by the New York Times at the county

level. To account for peaks in daily COVID-19 case counts due to delayed reporting, we use 7-day

daily rolling average of COVID-19 cases (computed as the average of its current value and the prior 6

days) instead of raw counts. We acknowledge that especially during the early stages of the pandemic,

case numbers might not be reflective of the actual spread of COVID-19, in large part due to the lack

of testing resources [145].

1https://github.com/nytimes/COVID-19-data
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SafeGraph.2 Curated by tracking the movements of millions of anonymized users via mobile

app SDKs, SafeGraph open-sourced the mobility patterns of app users at the onset of the pandemic.

Based on the data available, we use two types of features from SafeGraph datasets: daily O-D flows

[105] and daily visits to points of interest (POIs). O-D (county-to-county) flows represent daily vol-

umes of trips between pairs of counties across the US, while visit to POIs represent the daily volume

of visits to grocery stores, restaurants, religious organizations and schools in a given county. For O-D

flows, we retrieve from SafeGraph both Inflows i.e., incoming flows to county D from county O, and

outflows i.e., outgoing flows from county O to county D. All mobility features are measured as changes

in volumes with respect to a baseline of normal behavior computed by SafeGraph using mobility data

from February 17, 2020 till March 7, 2020.

Google3. Google collects mobility data from users who have the location data collection option

selected. During the pandemic, Google provided daily county level mobility scores across different

POI categories including parks, residential, and transit stations. Mobility scores are calculated as the

ratio between the volume of visits on a given day during the pandemic and the volume of visits during

a pre-pandemic baseline; with the baseline computed by Google as the median value for each day of

week in the 5-week period from January 3rd to February 6th, 2020. Among all POI available, we

selected workplace, the category with the greatest number of counties with daily data availability in

our chosen time period.

Descartes Labs4. This mobility data is calculated using geolocation data from mobile devices,

and captures the median of the maximum distances traveled by individuals in each county each day.

As with Google, this median is converted by Descartes to a ratio of pandemic mobility to baseline

2https://www.safegraph.com/
3https://www.google.com/covid19/mobility/
4https://github.com/descarteslabs/DL-COVID-19
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pre-pandemic mobility.

Apple5. Apple’s mobility data is collected from Apple Maps, and divides its categories by

transportation method: driving, walking, and transit. We selected the driving category to measure the

volume of individuals driving on a daily basis at the county level as, similar to Google, this category

had more consistent daily data availability than other categories.

Across all datasets, we only consider counties that have COVID-19 case data and mobility data

available daily throughout the time period of study. Table 2.1 shows the number of counties that fit

this criteria for each dataset; notably, Google has by far the fewest counties with 990 out of the total

3, 143 US counties being represented.

Mobility Dataset County Counts

Apple 2064
Descartes 2551
Google 990
SafeGraph Inflows 3116
SafeGraph Outflows 3116
SafeGraph POI (Grocery Stores) 3065
SafeGraph POI (Religious Organizations) 3076
SafeGraph POI (Restaurants) 3091
SafeGraph POI (Schools) 3084

Table 2.1: Number of counties considered for each mobility dataset.

2.4 Methodology

In this paper, we aim to provide a much needed systematic analysis to evaluate the conditions

under which mobility data can enhance county COVID-19 case prediction models, and to quantify

by how much when compared to non-mobility baselines. Our main objective is to inform regional

decision makers about the potential and pitfalls of COVID-19 case prediction models that use mobility
5https://covid19.apple.com/mobility
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data, given the high cost of acquiring such data. Next, we describe the prediction models we evaluate

and their parameter adjustment, the training-testing approaches, and the overall evaluation approach.

2.4.1 Prediction Models

As described in section 2.2, we consider two types of predictive models commonly used by

decision makers due to their interpretability: linear regressions and time series. In contrast to more

complex epidemiological models that are hard to tune due to their parametric nature, and to deep

learning models with black box architectures, linear models and time series are easier to interpret

providing decision makers with the ability to clearly explain their policies [146, 149, 183].

To evaluate the effectiveness of mobility data in the prediction of county-level COVID-19 cases,

we analyze the performance of linear regressions and time series using (1) only past county-level

COVID-19 case data as an independent variable to predict future COVID-19 cases (these are the non-

mobility baselines), and (2) both past county-level COVID-19 case data as well as county-level mobil-

ity data as independent variables; with the assumption that how people moved in the past could poten-

tially provide additional information about how people get infected in the future. Both non-mobility

baselines and mobility-based models will be evaluated across five different temporal prediction win-

dows (a.k.a. lookaheads): 1-day, 7-days, 14-days, 21-days and 28-days. Next, we provide further

details for each predictive model; and in section 4.4, we discuss details about the parameter tuning.

2.4.1.1 Linear Regression.

We train one linear regression model per county and lookahead. For the non-mobility baselines,

the number of county-level COVID-19 cases for a given lookahead is predicted using the COVID-19
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cases from the previous lookahead value e.g., for lookahead 1, the COVID-19 cases in day x are used

to predict cases for day x+1, while for lookahead 14, the COVID-19 cases in day x are used to predict

cases in day x+14. For mobility-based models, the number of county-level COVID-19 cases for a

given lookahead is predicted using (i) the COVID-19 cases from the previous lookahead value as well

as (ii) the 10-day lagged mobility features i.e., the mobility features from day x are used to predict

COVID-19 cases for day x+10, since the infection gap - incubation period from exposed to being able

to spread the virus - has been associated with that lag by many reports in the literature [78, 101, 182].

Lagged mobility data is only included in the mobility-based models that will be compared against the

non-mobility baselines.

2.4.1.2 ARIMAX

We train one ARIMA time series forecasting model per county, and use it to predict county-

level COVID-19 cases for all five lookaheads. Similarly to linear regression, we train non-mobility

baselines exclusively with COVID-19 case time series, while mobility-based models incorporate 10-

day lagged mobility data series. Mobility data is incorporated using ARIMAX models that allow to

add exogenous covariates into time series forecasting models. Arima(x) forecasting models have three

components that function as parameters: (1) p (autoregressive order, AR) indicates the number of

lag observations that the dependent variable regresses with in the model; (2) d (integrated order, I)

represents the number of times the time series needs to be differenced to achieve stationarity; and (3) q

(moving average, MA) represents the size of the moving average window that models the relationship

between the error terms of the moving average model and the lagged observations. We discuss the

tuning of these parameters in section 4.4.
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2.4.2 Training-Testing Approaches

In order to explore the conditions under which mobility helps in improving predictive perfor-

mance, we aim to test two different training-testing approaches that have been used in the literature:

the long training window (LTW) approach and the short training window (STW). The STW approach

focuses on the use of small training datasets to test prediction accuracy for the next 28 days (looka-

heads 1, 7, 14, 21 and 28); while the LTW approach uses much larger training datasets to predict values

for the five lookaheads. Given the high cost of acquiring human mobility data - in fact, none of the

companies described earlier offer their data for free anymore - the objective of evaluating these two

training approaches is to understand the impact of cost on the performance of COVID-19 prediction

models i.e., buying more (LTW) versus less mobility data (STW). Next, we explain the implementation

of LTW and STW for linear regression and ARIMAX models (also depicted in Figure 2.1).

2.4.2.1 Linear Regression

The LTW approach creates one regression model per lookahead per county, trained on the first

70% of days in our dataset and tested on the remaining 30%. This splitting approach is consistent

across lookaheads, easing interpretability, but also meaning that the split is not exactly 70/30 for each

lookahead i.e., at higher lookaheads, the training set becomes smaller while the testing set remains the

same size. The STW approach uses a 60-day sliding window for the training set and a sliding 28-day

window for the testing set (smaller training sizes produced extremely low performing results and were

not considered). Unlike the LTW approach, the testing set consists of 1 date for each lookahead (1

day after the end of the training set, 7 days after, etc.). Results are reported by averaging performance

metrics across all testing datasets.

22



(a) Short training window (STW) for ARIMAX
and Linear (b) Long training window (LTW) for ARIMAX

Figure 2.1: Training-Testing approaches for LTW and STW. The LTW approach for Linear
Regression is not represented because it is the standard 70%− 30% approach.

2.4.2.2 ARIMAX

The ARIMAX LTW approach uses an expanding window protocol [143] [100] that first trains the

ARIMAX with a data window that expands over 70% of the entire time series, and is tested for the next

28 days to evaluate accuracy per lookahead. After that, the training data window is expanded by one

day at a time, without dropping older data points, and tested for subsequent 28-day windows to assess

accuracy at each lookahead. On the other hand, the STW adopts a sliding window approach [143]

whereby the training window length remains fixed at each train-test step with a length of 60 days.

Each training window is computed by shifting by one with respect to the prior window, effectively

discarding older data points. Results are reported by averaging performance metrics across all testing

datasets.

23



2.4.3 Model performance

We measure individual county prediction performance as the correlation between the predicted

volume of COVID-19 cases for that county and its actual case numbers retrieved from the COVID-

19 official report dataset. To assess the effectiveness of enhancing COVID-19 case prediction mod-

els with mobility data, we will report the correlation improvement (ci) of the mobility-based mod-

els over non-mobility baselines. Given that the only difference between mobility-based models and

non-mobility baselines is the mobility data, we posit that ci allows us to measure the effective-

ness of using mobility data in COVID-19 predictive settings. Specifically, we compute ci as ci =

pcorr Mobility − pcorr Baseline with pcorr Mobility representing model performance (correla-

tion) when mobility data is used and pcorr Baseline measuring the correlation when no mobility

data is used in the COVID-19 case prediction model. Given that correlation values go between -1 and

+1, ci will be within the (−2, 2) range.

2.4.4 Adjusting Predictive Models

To identify the best linear regression implementation, we computed the average performance of

ridge, lasso, elastic net, and OLS trained with and without mobility data for each lookahead and train-

ing approach (LTW and STW), and across all mobility datasets. We then selected the implementation

with the majority of best performance values: Ridge for LTW and ElasticNet for STW. Table A.1 in the

Appendix shows the detailed numbers. On the other hand, the optimal p, d and q values for the LTW

and STW ARIMAX models were chosen based on a grid search and the minimum Akaike Information

Criteria (AIC) value. The p, d and q values were selected across lookaheads, and the same values were

used for mobility-based models and non-mobility baseline models for comparison analyses. Table A.8
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in the Appendix shows a summary of the p, d and q values identified across all counties.

2.4.5 Evaluation approach

To analyze the conditions under which mobility data provides (or not) an enhancement over

county-level COVID-19 case prediction models that do not use mobility as a source of information,

we propose to carry out the following analyses (results are presented in section 2.5).

In section 5.1, we analyze the number of counties for which mobility data improved the individ-

ual prediction performance of non-mobility baselines, and quantify the improvements, with a focus on

models trained with the long training window approach (LTW). In section 5.2, we delve into the demo-

graphic and socio-economic characteristics of these counties to assess if mobility data bias - whereby

certain demographic groups are over- or under-represented in the data - might explain the differences in

the performance of COVID-19 prediction models across counties. We also analyze whether the differ-

ences in the performance of mobility-based models over non-mobility baselines across counties vary

depending on (1) the training approach: STW versus LTW (in section 5.3); (2) the mobility datasets

used: ten different data sources (in section 5.4); and (3) the predictive model: linear regression versus

ARIMAX (in section 5.5). As stated earlier, our main objective is to bring light into the use of mobility

data in county-level COVID-19 case prediction models, to understand when it works (or not), and why,

so as to inform decision makers assessing effectiveness-cost trade offs given that mobility data is not

freely accessible.
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(a) Results for ARIMAX COVID-19 case prediction model.

(b) Results for Ridge Regression COVID-19 case prediction model.

Figure 2.2: Percentage of counties for which adding mobility data to the COVID-19 case
prediction model improves the prediction performance (ci ≥ 0). Results are for the LTW
approach.

2.5 Results and Analysis

2.5.1 Does mobility data help, and by how much?

Figures 2.2a and 2.2b show the percentage of counties for which the prediction performance

of mobility-based models improves over its corresponding non-mobility baselines for ARIMAX and

ridge regression models, respectively, using the LTW approach (a comparison with STW is discussed

in section 2.5.3). In other words, these plots show the percentage of counties for which the correlation

improvement ci > 0. These plots show several important insights: (1) incorporating mobility data

into county-based COVID-19 case prediction models helps in, at most, 60% of the counties analyzed,
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(a) CI for Apple Mobility (b) Baseline Correlation for Apple Mobility

(c) CI for SafeGraph Inflows Mobility
(d) Baseline Correlation for SafeGraph Inflows Mobil-
ity

Figure 2.3: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for ARIMAX with LTW approach using (a) Apple mobility
data and (b) SafeGraph Inflow mobility data.

leaving at least 40% or more of the other counties with prediction performances lower than their non-

mobility counterparts i.e., mobility data is frequently hurting prediction performance; and (2) mobility

data appears to help more in longer-term predictions (lookaheads 14, 21 and 28) than in shorter term

predictions i.e., in the short-term, COVID-19 statistics are generally informative enough and provide

predictions that are more accurate than those when mobility data is added to the model; while for

longer lookahead predictions, adding mobility data to predictive COVID-19 case models provides

additional information that frequently improves the predictive accuracy of the non-mobility baseline

models. This trend appears clear in the ARIMAX model; while for ridge, it is more apparent for the

Descartes dataset and for SafeGraph in- and out-flow datasets.

We have shown that adding mobility data to COVID-19 case prediction models improves their

performance for - at most - 60% of the counties, across datasets, models (arimax and ridge) and
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(a) CI for Apple Mobility (b) Baseline Correlation for Apple Mobility

(c) CI for SafeGraph Inflows Mobility
(d) Baseline Correlation for SafeGraph Inflows Mobil-
ity

Figure 2.4: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for ridge regression with LTW approach using (a,b) Apple
Mobility data and (c,d) SafeGraph Inflow Mobility data.

28



lookaheads for the long training window approach (LTW). Next, we aim to quantify the performance

improvement i.e., does mobility data produce small or large prediction improvements when compared

to non-mobility baselines?

Quantifying improvements. For this analysis, we look into two metrics per dataset and model:

(1) the distribution of the county correlation coefficients ci for each lookahead, to explore the corre-

lation improvements brought about by adding mobility data to the county prediction models - since

we are assessing the improvement over non-mobility baselines, only counties with correlation im-

provements are considered; and (2) to contextualize these numeric improvements, we also look into

the distribution of the correlations (between predicted and actual cases) for the non-mobility baseline

models, and only for the counties that showed a correlation improvement so as to match the distribu-

tions in the first metric. By analyzing both the improvements brought about by adding mobility data,

and by comparing these improvements with the actual baseline correlations, we are able to provide

nuanced insights about when mobility data aids COVID-19 case prediction models. In this section,

we focus on the LTW approach. Discussions about differences across training approaches, datasets

and models will be covered in sections 5.3, 5.4 and 5.5. Figures 2.3 and 2.4 show an example of the

distribution of the county correlation improvement (ci) and the distribution of the non-mobility base-

line correlation values for ridge and ARIMAX, respectively, across lookaheads and using the LTW

approach. For clarity purposes, both figures only show distributions for Apple (a) and SafeGraph In-

flow (b) datasets. Plots for the remaining datasets can be found in the Appendix (see Figures A.1 and

A.2).

The correlation improvements (ci) across datasets show that median ci values are between

0.0 − 0.1 i.e., for counties where adding mobility data improves the prediction accuracy, it does so

by a maximum of 0.1 for 50% of the counties, across models (ridge/arimax), datasets and lookaheads
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(see Figures 2.3 and 2.4 as a sample trend, and Appendix Figures A.1 and A.2 for the full spectrum

trend); with the largest correlation improvements associated with higher lookaheads. These are modest

correlation improvements that might not change the strength of the non-mobility baseline correlation

e.g., a baseline moderate correlation of 0.5 will still be moderate after a 0.1 improvement [5]. Looking

at upper quartile values (Q3), we observe slightly better correlation improvements in the 0.0 − 0.4

range, with the majority of Q3 values under 0.3, across models, datasets and lookaheads; revealing

ci values that could improve correlation strengths. Maximum values (Q4) are in the 0 − 0.9 range

across models, datasets and lookaheads, with the majority of maximum values under 0.5; and outliers

can reach correlation improvement values of up to 1.9. These less frequent, and extreme, correlation

improvements point to situations were negative baseline correlations - from the non-mobility models

- are being changed to positive correlations, revealing counties where adding mobility helps reverse

bad performing models to good ones, although these large improvements happen only for a handful of

counties.

The correlation improvement plots also show that for higher lookaheads, the median value and

the right skewness of the correlation improvement also increases across datasets and models. This

finding shows that adding mobility data to COVID-19 prediction models produces better performing

models over non-mobility baselines for longer term predictions, while short-term prediction models

(next day) barely benefit from adding mobility data, with correlation improvement values close to

zero. We posit that this might be due to the fact that non-mobility baselines achieve high correlations

for lower lookaheads making it very hard to improve the baselines when adding mobility data. The

baseline correlations plots in Figures 2.3 and 2.4 (as well as Appendix Figures A.1 and A.2) show that

correlations for non-mobility baselines and lookahead 1 (next day prediction) have median values of at

least 0.9; while, for higher lookaheads (21 and 28), we observe that non-mobility baselines have much
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lower correlations, with median values in the range (−0.21, 0.21).

In summary, these findings show that mobility data helps at most in 60% of the counties in the

datasets analyzed, and that correlation improvements range from minimal for next day predictions, to

small for higher lookaheads, with 50% of the counties showing modest correlation improvements of

at most 0.1 and with 25% of the counties showing correlation improvements of at most 0.3. Larger

outlier improvements of up to 1.9 in higher lookaheads are found for a handful of counties.

2.5.2 What types of counties benefit from mobility data? A mobility data bias anal-

ysis

As stated in the Introduction, we hypothesize that a major reason why adding mobility data is not

helping improve the accuracy of COVID-19 case prediction models in many more counties might be

the bias present in the mobility data i.e., counties with large percentages of racial minorities, elder or

low-income population might be under-represented in the mobility datasets, thus negatively impacting

the prediction performance [48, 154]. To assess that hypothesis, we carry out regression coefficient

analysis for each mobility dataset and predictive model using demographic and socio-economic county

characteristics as independent variables and the positive correlation improvements across lookaheads

as the dependent variable. Our analysis will reveal the statistically significant associations of demo-

graphic and socio-economic features with correlation improvements, and the direction of that associ-

ation (positive or negative).

Based on prior work on mobility data bias, we consider the following demographic and socio-

economic county variables from the 2019 Census data: age 65+: percentage of county residents age 65

or greater; income: median household income for that county; Black: percentage of county residents
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that identify as Black; Hispanic: percentage of county residents that identify as Hispanic; race-Other:

percentage of county population that identifies as not White, Black, or Hispanic; and urban-rural:

National Center for Health Statistics (NCHS) Urban-Rural Classification from 1 to 6, where 1 is Large

Central Metro and 6 is Non-core (extreme rural). We also consider - as independent variables in the

regression model - all possible paired interactions between the variables described by multiplying the

values of each pair of variables, and by standardizing them. For interaction interpretability, we also

ensure that higher values for each feature match with our hypothesis for lower performance. Thus,

we change the directionality of the income by negating its values to match our hypothesis that lower

income might be associated with worse coverage of mobility data and thus worse performance (all

other features stay the same).

Finally, we would like to clarify that the COVID-19 case data itself might also suffer from differ-

ent types of bias due to inaccurate data collection processes [154] . Nevertheless, since that bias affects

both mobility-based and non-mobility baseline models, and since we are looking at the correlation im-

provement differences between the two, we can claim that any performance differences observed can

be attributed to the mobility data, which is the only difference between the two models. Next, we

discuss the demographic and socio-economic variables that were found to be statistically significantly

related to correlation improvements for the ridge and ARIMAX models with the LTW training ap-

proach (results for the STW approach will be discussed in section 2.5.3). A detailed presentation of

the coefficients and their significance can be checked in the Appendix, in Tables A.2 and A.4.

Findings. For the ridge model, we observe that the percentage of Black and Hispanic population,

rurality as well as age above 65 are significantly and negatively related to correlation improvements

across most datasets i.e., counties with higher percentages of minority race and ethnicity, rural or elder

populations benefit less from the addition of mobility data, with increases in these populations related
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(a) Results for ARIMAX COVID-19 case prediction model.

(b) Results for Elastic Regression COVID-19 case prediction model.

Figure 2.5: Percentage of counties for which adding mobility data to the COVID-19 case
prediction model improves the prediction performance (ci ≥ 0). Results are for the STW
approach.

to lower performance improvements over the non-mobility baselines. We posit that this is probably

due to potential sampling bias in the mobility datasets, with under-representation of race, ethnicity, old

age and rurality in mobility datasets pointing to worse overall predictive performance. Lower income,

on the other hand, was significantly, positively associated with higher correlation improvements when

mobility was added to individual county-level COVID-19 case prediction models. In principle, this

result was counter-intuitive since we were expecting that lower incomes would be associated with

lower access to smart phones. Nevertheless, looking at the interaction terms between low income

and age 65+ as well as low income and race/ethnicity (Black and Hispanic) we observe significant

negative coefficients, pointing to the fact that counties with higher percentages of low income black

and hispanic groups as well as low income elder population are associated with lower correlation
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improvements possibly due to these groups not being well represented in the datasets.

For the ARIMAX model, the trends were not pervasive across mobility datasets, with specific

coefficients observed for different datasets. Age 65+ and rurality were negatively related to correlation

improvements for the Apple and some SafeGraph datasets, pointing to the fact that elder and rural

populations might not be fairly represented in the datasets, and confirming prior work on SafeGraph

bias analysis [48]. Apple and SafeGraph also show a significant negative relation between race-Other

(non Black, White or Hispanic) and correlation improvements potentially pointing to the fact that other

minority races/ethnicities might not be as represented in the mobility datasets as Whites, Blacks and

Hispanics. There were two instances with counter-intuitive results. First, in the Descartes dataset,

race-Other was - unexpectedly - significantly positively associated with correlation improvements.

However, when considering the interaction between race-Other and rurality the significant coefficients

were negative i.e., counties with high percentages of other minority races in rural settings are nega-

tively related to correlation improvements and thus potentially not fairly represented in the Descartes

dataset. Second, lower income had a significant positive coefficient for Apple i.e., counties with lower

incomes were associated with higher correlation improvements. Nevertheless, the interaction term

between low income and race-Other for the Apple dataset, has a significant negative coefficient, re-

vealing worse correlation improvements for counties with high percentages of minority races and low

income, potentially due to sampling bias. It is important to clarify that, despite the significance of

many coefficients, the R-square values for the regressions were low, pointing to the fact that there

exist other behavioral or pandemic features that could also explain correlation improvements such as

masking mandates, masking behaviors or transmission rates, among others. Nevertheless, statistics for

these features at the county level and for our period of study were not accessible.
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lookaheads p-value avg. % benefit STW avg. % benefit LTW

1 0.00002 0.16473 0.40074
7 0.00004 0.31053 0.43324
14 0.08103 0.41427 0.46833
21 0.20845 0.4722 0.49895
28 0.3104 0.48988 0.50206

Table 2.2: Mann-Whitney U test between the STW and LTW distributions of the per-
centage of counties that benefit from adding mobility data across the ten datasets and two
models for each training approach.

2.5.3 Do correlation improvements change across training approaches?

In this section, we explore whether the improvements brought about by adding mobility data

to county-based COVID-19 case prediction models are different depending on the type of training

approach. Specifically, we discuss the differences in percentages of counties that benefit from adding

mobility data, quantify correlation improvements and discuss the impact of mobility data bias on

county-level COVID-19 case prediction models that have been trained with STW as opposed to LTW

approaches. Our main objective is to understand if using short-term training windows - which requires

considerably less data and hence reduces data costs - has an impact on how COVID-19 case prediction

models benefit from mobility data.

Percentage of Counties. Figure 2.5 shows the percentage of counties whose STW-trained

COVID-19 case prediction performance improves when adding mobility data. Compared to Figure

2.2, we can observe that - for lower lookaheads (1, 7 and 14) - the percentage of counties that bene-

fit from adding mobility data to STW-trained models is smaller than the percentage for LTW-trained

models, while the percentage of counties remains similar for higher lookaheads (21 and 28) across

both linear and ARIMAX models. To assess the statistical significance of these observations, we run

a Mann-Whitney U test between the STW percentages and the LTW percentages for each lookahead,
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lookaheads p-value avg. median ci STW avg. median ci LTW

1 0.00334 0.00183 0.00029
7 0.00001 0.01693 0.00738
14 0 0.0321 0.01674
21 0.00009 0.04836 0.02939
28 0.01143 0.06145 0.04425

Table 2.3: Mann-Whitney U test per lookahead between the STW and LTW distributions
of the correlation improvements across the ten datasets and two models for each training
approach.

and across the ten datasets and two predictive models (see Table 2.2 for details). The distributions were

found to be statistically significantly different (p− value < 0.05) for lookaheads 1 and 7, with STW-

trained models having significantly smaller median percentages of counties benefiting from adding

mobility data (from 16%− 31%) than LTW-trained models (from 40%− 43%).

Correlation Improvements. To quantify correlation improvement differences between STW-

and LTW-trained models, we run a Mann-Whitney U test for each lookahead between the correlation

improvement (ci) distributions for STW and LTW across the ten mobility datasets and two predictive

models i.e., we measure whether the improvements brought about by adding mobility data to COVID-

19 case prediction models are statistically significantly different across training approaches, and by

how much (distribution plots can be checked in the Appendix, Figures A.1, A.2, A.3 and A.4). The

tests - shown in Table 2.3 - reveal that the two distributions are statistically significantly different

(p−value < 0.05) across all lookaheads, with lower median correlation improvement values for LTW-

trained models than their STW-trained counterpart (0.0002− 0.0442 vs. 0.0018− 0.0614); and with a

slightly lower maximum median ci value of 0.1, as opposed to STW-trained maximum ci = 0.13. In

other words, although a higher percentage of LTW-trained counties improved their performance when

adding mobility data, the median improvement range is slightly lower than their STW counterpart.

Mobility data bias. We repeat the regression coefficient analysis discussed in section 5.2 for
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the STW training approach; and a comparison with the associations revealed for the LTW training

in that section revealed similar findings. For regression models, similarly to LTW age 65+, income,

race Black, race-Other and rurality are all negatively related to correlation improvement i.e., counties

with higher percentages of elder, rural, low income or minority populations do not benefit as much

from the use of mobility data, possibly due to lack of representativity of these groups in the mobility

datasets. Nevertheless, the number of significant coefficients across datasets for STW is lower than for

LTW - although all datasets except for Google show one or another type of bias. This result highlights

that mobility data bias might more constrained when shorter amounts of training data are used in the

model.

For ARIMAX models, and similarly to LTW, we found that age 65+, ethnicity Hispanic and race-

Other are negatively associated with correlation improvements i.e., adding mobility data in counties

with elder people and other minority race/ethnicity worsens the predictive performance when com-

pared to non-mobility baselines, potentially revealing bias in the data collected for these groups. On

the other hand, although low income and Black race are positively related to correlation improvements;

interaction terms between these two factors and age 65+ showed that counties with high percentage of

elder black population or elder low-income population were significantly negatively related to correla-

tion improvement i.e., the mobility data associated with these groups might not be representative thus

affecting the quality of the predictions. Finally, the interaction between rurality and age 65+ partially

showed that counties with higher percentages of elder rural communities did not always benefit from

using SafeGraph mobility data. For further details, we encourage the reader to compare Table A.4 with

Table A.5 in the Appendix (for regression models) and Tables A.2 and A.3 for ARIMAX models.

These analyses show that the training-testing approach impacts the number of counties that ben-

efit from adding mobility data and creates a trade-off: LTW improves performance for more counties
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Dataset Avg. Percentage of counties improved Avg. Median ci improvement

Apple Mobility 0.38107 0.0337
Descartes Mobility 0.42670 0.02363
Google Mobility 0.53613 0.01293
(SafeGraph) Grocery Store Mobility 0.42302 0.01816
(SafeGraph) Religious Org Mobility 0.44899 0.02298
(SafeGraph) Restaurants Mobility 0.42864 0.02375
(SafeGraph) Schools Mobility 0.43075 0.02123
SafeGraph Inflow Mobility 0.42365 0.02751
SafeGraph Intraflow Mobility 0.46907 0.02720
SafeGraph Outflow Mobility 0.43595 0.02938

Table 2.4: Improvement statistics per mobility dataset across training approaches and pre-
dictive models. The percentage of counties column represents the average percentage
of counties whose COVID-19 case prediction models benefit from adding mobility data;
while the correlation improvement (ci) column quantifies the average median ci improve-
ment over the non-mobility baseline.

albeit with smaller correlation improvements with respect to their baselines and with more bias across

socio-economic and demographic variables when compared to STW, which requires less data and

constitutes a more affordable approach.

2.5.4 Do correlation improvements change across mobility datasets?

In this section, we explore whether the improvements brought about by adding mobility data to

county-based COVID-19 case prediction models are different depending on the type of dataset. As in

previous sections, we will analyze differences across percentage of counties that benefit from adding

mobility data to their predictive models; differences across correlation improvements; and evaluate the

role of mobility data bias on those differences. Table 2.4 summarizes average improvements per mobil-

ity dataset across lookaheads, training approaches and predictive models for (1) percentage of counties

and (2) correlation improvements. To evaluate statistically significant differences across datasets, we

compute the Friedman test, a non-parametric test that evaluates whether median values across datasets

are statistically significantly different.

Percentage of Counties. We run the Friedman test with the distribution of the percentage of
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counties that benefit from adding mobility data across the five lookaheads, two models and two training

approaches for each mobility dataset. The test was rejected (χ2 = 28 and p − value = 0.0009) thus

pointing to statistically significant differences between the average percentages across datasets. The

Friedman test does not identify which distribution(s) are different; however, Table 2.4 shows that

the percentage of counties with improvements is considerably higher for the Google dataset when

compared to others, possibly due to the smaller number of counties used in the analysis. Thus, we

removed the Google dataset from our set of distributions and repeated the Friedman test, which did not

find any statistically significant difference between datasets i.e., the percentage of counties that benefit

from adding mobility data to COVID-19 prediction models does not significantly change depending

on the mobility dataset except for Google (see Table A.6 in the Appendix for further test details).

Correlation Improvements. We run the Friedman test to evaluate whether the correlation im-

provement brought about by different mobility datasets was statistically significantly different across

datasets. The Friedman test between the median correlation improvements across models, training

approaches and lookaheads for each dataset rejected the null hypothesis (χ2 = 182.7, p− value = 0)

thus pointing to statistically significant differences across datasets. Removal of individual datasets did

not change the result of the tests (null hypotheses rejected) revealing that correlation improvements are

significantly different across mobility datasets with Apple and SafeGraph - which includes O-D flows

- having the highest improvements across training approaches and predictive models. Nevertheless, it

is important to highlight that despite significant, the median correlation improvements across datasets

were very modest with a maximum value of 0.033 (see Table A.7 in the Appendix for further test

details).

Mobility Data Bias. Finally, in terms of bias, all mobility datasets were associated with bias in

race, age 65+ and income and rurality either as independent features or via feature interactions; with
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lookaheads p-value average % ARIMAX average % linear regression

1 0.0002 0.16672 0.39875
7 0.00512 0.32085 0.42292
14 0.00069 0.40169 0.48091
21 0.00004 0.4376 0.53354
28 0.00004 0.45166 0.54029

Table 2.5: Mann-Whitney U test between the ARIMAX and linear distributions of the
percentage of counties that benefit from adding mobility data across the ten datasets and
two training approaches for each predictive model.

the exception of the Google dataset and SafeGraph Grocery Stores that were associated only to race,

age and income bias, but rurality did not appear to play a role in the correlation improvements (see

Tables A.2, A.3, A.4 and A.5 in Appendix for further details).

To summarize the analysis presented in this section, Apple and SafeGraph datasets appear to

bring about very modest statistically significantly higher correlation improvements (maximum value

of 0.033), but the percentage of counties and the bias identified are similar across mobility datasets.

2.5.5 Do correlation improvements change across predictive models?

In this section, we explore whether the improvements brought about adding mobility data to

county-based COVID-19 case prediction models are different depending on the type of predictive

model. Revisiting Figures 2.2 and 2.5, we can visually observe that the percentage of counties that

benefit from adding mobility data to county-level COVID-19 prediction models is larger when the

models are linear regressions than ARIMAX. To assess the statistical significance of this difference,

we run a Mann-Whitney U test for each lookahead, between the percentage of counties that benefited

from adding mobility data to linear models and the percentage of counties that benefited from adding

mobility data to ARIMAX models across the ten datasets and two training approaches. The test showed
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lookaheads p-value average median ci ARIMAX average median ci regression

1 0.00007 0.00196 0.00029
7 0.94738 0.01544 0.0147
14 0.00298 0.02564 0.03478
21 0.00003 0.03196 0.0612
28 0.00001 0.0381 0.08195

Table 2.6: Mann-Whitney U test per lookahead between the ARIMAX and linear distribu-
tions of the correlation improvements across the ten datasets and two training approaches
for each model type.

that the differences between the two types of models are statistically significantly different across all

five lookaheads with the percentage of counties that benefit from adding mobility data being smaller

for ARIMAX models (with values between 0.16% and 0.45%) than for linear models (0.39%−0.54%).

Table 2.5 shows further details of the statistical test.

On the other hand, to assess the statistical significance of the differences in the correlation

improvements (ci) between linear and ARIMAX models, we run a Mann-Whitney U test for each

lookahead, between the ci values associated with adding mobility data to linear models and the ci

values associated with adding mobility data to ARIMAX models across the ten datasets and two

training approaches. Except for lookahead 7, all other lookaheads show significantly different ci dis-

tributions, with larger improvements associated with linear regression models at higher lookaheads

(0.00029 − 0.08195 for linear vs. 0.00196 − 0.0381 for ARIMAX). Full test details are available in

Table 2.6.

Finally, in terms of bias differences across models, we can observe that both models suffer from

similar types of bias across datasets and training approaches i.e., income, race, age 65+ and (a little bit

less frequently) rurality. Nevertheless, there is one main difference between linear regression and ARI-

MAX models. Linear models trained with Google mobility data (both with STW and LTW training

approaches) did not identify any significant socio-economic or demographic features in the bias anal-
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ysis, meaning that these features do not play a role in the performance improvement of county-level

COVID-19 case linear predictions. It is important to clarify that although some bias was identified for

ARIMAX trained with Google mobility data, the number of features identified was also considerably

lower than for any other dataset. We posit that this could be potentially related to the smaller number

of counties available (990, see Table 2.1). Detailed bias numbers can be found in the Appendix, in

Tables A.2 and A.3 (arimax) and Tables A.4 and A.5 (linear regressions). Overall, linear regressions

appear to be a better choice, with a larger number of counties benefiting from adding mobility data,

with larger correlation improvements at higher lookaheads and with similar bias.

2.6 Discussion

Our analysis on the use of mobility data for COVID-19 case prediction has shown the hetero-

geneity and limitations of the benefits of mobility data inclusion. As discussed in Section 2.5, at most

60% of the counties improve their performance when adding mobility data to the prediction model

(top value for linear regressions with the LTW approach). The median correlation improvements

across lookaheads, datasets and models are minimal for next day predictions, and modest for higher

lookaheads, with 50% of the counties showing correlation improvements of at most 0.1 and 25% of

the counties showing correlation improvements of at most 0.3.

Our results have shown that, even in the best case, 40% of counties would face no improve-

ment when mobility data is added to their COVID-19 case prediction models, making the question of

whether or not mobility data would be helpful to county-level decision makers essentially a coin flip.

While companies made mobility data freely available at the initial height of the COVID-19 pandemic,

companies have already begun to discontinue these practices (Apple’s reports are no longer available,
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and Google has stopped releasing data as of October 15th, 2022). As decision makers face the con-

tinued spread of COVID-19 and potential future diseases, they must consider whether it will be worth

purchasing mobility data. Our analysis shows purchasing county-level mobility data will not benefit

many counties, and decision makers should proceed with caution accordingly.

It is also concerning that the extent to which mobility data improves predictions is in part a func-

tion of the composition of the population in the county. In fact, across most of the mobility datasets,

correlation improvements were lower for counties with higher Black, Hispanic, and other non-White

population as well as low-income and rural populations. As older and minority-race patients have been

disproportionately affected by the COVID-19 pandemic, we would hope to provide more and better

resources to these groups to ameliorate the disparities. Instead, we see that mobility data could serve

to entrench these disparities, providing decision makers in counties with more vulnerable populations

with worse-performing models, leading to worse-informed policy decisions.

Our analyses have also demonstrated that linear regression models outperform ARIMAX models

in both: (1) the percentage of counties that benefit from adding mobility data, and (2) the correlation

improvement when using the same mobility data. These differences are statistically significant.Based

on this, we recommend decision makers favor linear regression models, when interested in using inter-

pretable models. We have also shown that the performance across datasets is very similar, with Apple

and some SafeGraph datasets having slightly superior correlation improvements, albeit still so small

that in many cases will not lead to a change in the strength of the correlation. This result highlights

that decision makers looking to use mobility data as a source of behavioral information should not

worry about the dataset they gain access to, since all seem to similarly improve the correlation over

their non-mobility baselines. Finally, we have discussed how the training-testing approach presents

a trade off for decision makers, with LTW approaches increasing the number of counties that benefit
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from adding mobility data; while STW approaches - that require considerably less data and reduce

costs - increase the correlation improvements (albeit with small values) and have lower bias.
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Chapter 3: Auditing the Fairness of COVID-19 Forecast Hub’s Case Prediction

Models

3.1 Introduction

3.1.1 The US COVID-19 Forecast Hub: Development and Context

The US COVID-19 Forecast Hub was founded in 2020 and serves as a “central repository of

COVID-19 forecasts from over 50 independent research groups” [34]. Participant research groups

submit county, state and national US COVID-19 forecasts with a standardized format; and the Forecast

Hub provides an interactive visualization tool to help decision makers and the general public analyze

weekly predictions for COVID-19 hospitalizations, cases and deaths. The standardized predictions

collected from all research groups, as well as the predictions for an ensemble model that brings all

individual predictions together, are also shared with the Centers for Disease Control and Prevention

(CDC) who uses these results for their official COVID-19 communications [33].

Over the past four years, numerous research groups from both academia and industry have fo-

cused on developing models to forecast COVID-19 cases, hospitalizations and deaths in the United

States. The COVID-19 Forecast Hub [51] has been instrumental in collating these efforts. These

models vary in approach, ranging from deep learning methods [10, 111, 119, 185] to compartmental

models [138, 187], statistical models [47, 76], or combinations of these via ensemble models [4, 51].
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COVID-19 forecast models are usually trained with historical data (e.g., past cases or hospitalizations)

together with other contextual information such as human mobility data. Human mobility data has

been used in the past to model and characterize human behaviors in the built environment [70, 93,

148, 164, 170], to support decision making for socio-economic development [71, 72, 73, 75, 95], for

public safety [171, 172], as well as during epidemics and disasters [23, 81, 94, 96, 102, 169]. During

the COVID-19 pandemic, human mobility has also played a central role in driving decision making,

and more than 50% of the Forecast Hub models have incorporated mobility data into their prediction

models, acknowledging the impact of human movement on virus propagation [1, 10, 13, 60, 111, 119].

3.1.2 Fairness in COVID-19 Prediction Models: A Critical Gap

The US COVID-19 Forecast Hub has been, and continues to be, a critical centralized resource

to promote transparent decision making. While the Forecast Hub has made significant contributions

through its accuracy-focused predictions at different spatial granularities (e.g., county or state), there

is an opportunity to expand its evaluation framework to examine how prediction performance varies

across social determinants like race, ethnicity and urbanization levels that have been shown to play an

important role in COVID-19, including race, ethnicity and rurality [87, 158].

The pandemic has highlighted existing disparities in healthcare, with significant differences in

COVID-19 infection rates, hospital admissions, and deaths among different racial and ethnic groups as

well as across the urban-rural spectrum [158, 162]. These disparities risk being perpetuated in model

predictions if not adequately addressed. Diverse prediction performance across social determinants -

for example, higher prediction errors for a given minority race or ethnicity - could negatively impact

resource allocation and intervention decisions e.g., hospital beds or stay-at-home orders, given that
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the CDC appears to be using the Forecast Hub predictions for official communications that subse-

quently inform policy decisions [33]. Given the urgent need for rapid pandemic response modeling,

initial Forecast Hub efforts necessarily focused on developing accurate predictions. As these models

continue to inform CDC communications and policy decisions, incorporating fairness analyses could

further enhance their utility for equitable resource allocation and intervention planning across diverse

communities [142].

There are many reasons why the COVID-19 prediction performance can be different across

social determinants such as race, ethnicity or urbanization levels. The Forecast Hub’s COVID-19 pre-

diction models are trained on datasets containing COVID-19 statistics for hospitalizations, cases or

deaths. Given the unprecedented scale and urgency of the pandemic, data collection faced several

challenges [57, 87]. For example, a lack of consistency in reporting race and ethnicity across jurisdic-

tions, has generated a lot of missing racial data. That data is often excluded due to its incompleteness,

potentially affecting the actual total hospitalizations, cases or deaths for minority race and ethnicity

groups which might be less reported. In addition, there are occasions where the race is reported by the

medical staff instead of being self-reported, which is the most accurate source and prevents errors [25].

For example, the CDC reports that the latest research on race and Hispanic origin misclassification on

COVID-19 death certificates shows that deaths are underreported by 33% for non-Hispanic American

Indian or Alaska Natives, by 3% for non-Hispanic Asian or Pacific Islanders, and by 3% for Hispanic

decedents [36]. Testing availability and access varied across communities, with some minority groups

experiencing more limited access, such as Latino communities [55], thus affecting the accuracy of the

overall COVID-19 statistics, with under-reporting bias perpetuating the invisibility of racial and ethnic

minorities in general COVID-19 statistics. A similar effect has been observed in rural counties and

states, with rural areas associated to lower testing rates, thus disproportionately detecting fewer cases
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of COVID-19 in these regions [158].

To exacerbate this situation even more, COVID-19 prediction performance across social deter-

minants can also be affected by additional datasets used in the training of some of the COVID-19

prediction models. Specifically, around 50% of the Forecast Hub’s models use human mobility data

from Safegraph [150], Apple [8] or Google [85] among others, to complement COVID-19 predictions

(see Fig 3.2a). Human mobility data can characterize origin-destination trips, visits to specific points

of interest (POI), or the volumes of different types of trips (e.g., car vs. public transit). Research has

shown that mobility data can improve the prediction accuracy of COVID-19 cases, deaths and hospi-

talizations [1, 78, 101]. Nevertheless, researchers have also identified that mobility data suffers from

sampling bias across race and age groups [60] with, for example, elder and Black communities being

less represented [48]. Similarly to the COVID-19 case under-reporting bias, mobility data sampling

bias could also affect the fairness of COVID-19 predictions across social groups.

In this paper, we propose - to the best of our knowledge - the first thorough fairness analysis of

the COVID-19 prediction models in the Forecast Hub. Specifically, we focus on COVID-19 case pre-

diction models at the county level, since these are closer to local realities and allow for more actionable

decision making than state-level predictions. We use error parity as a measure of group fairness [89]

i.e., lack of fairness in our context is associated with significantly different error distributions across

two social determinants: race or ethnicity and urbanization level. Accurately revealing differences

across racial and ethnic groups would require access to county-level COVID-19 case data stratified

by race or ethnicity, which would allow us to compare predicted versus actual case county statistics

for each racial and ethnic group. Due to the complexity and scope of pandemic data collection ef-

forts, many counties in the US faced significant challenges in collecting comprehensive demographic

data [104]. Hence, to be able to carry out a fairness analysis of the Forecast Hub’s COVID-19 predic-
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tion models, we propose a regression analysis to evaluate the associations between prediction errors in

a given county and the race and ethnicity distributions for that county, while controlling for underlying

health conditions and age groups. A similar regression analysis is proposed for the urbanization levels.

Additionally, to support researchers in the Forecast Hub, we also investigate how group fairness

metrics for race, ethnicity and urbanicity levels change across model characteristics such as model type

(e.g., deep learning versus statistical), training data (e.g, with or without mobility data), lookaheads

(e.g., predicting cases for next week versus in four weeks) or pandemic phases. Finally, we also

describe a dashboard that we have designed to allow decision makers and researchers explore fairness

nutritional cards for each Forecast Hub model [161]. To sum up, the main contributions of this paper

are:

• We present a thorough fairness analysis of the CDC Forecast Hub’s COVID-19 county case

prediction models across race, ethnicity and urbanization levels. Our research shows statistically

significant differences in predictive errors with some minority racial and ethnic groups as well

as less urbanized areas associated with significantly higher errors than the majority White race,

while controlling for underlying health conditions, age groups and state.

• We carry out interaction analyses identifying differences in performance across racial/ethnic

groups and urbanicity levels with respect to COVID-19 prediction type models, COVID-19

datasets, prediction lookaheads and COVID-19 phases, while controlling for underlying health

conditions and age groups. Our results show significant prediction performance differences for

certain minority groups and less urbanized areas, when compartmental or statistical models are

used. On the other hand, short-term forecasting and certain pandemic phases with higher case

volumes are also associated with higher prediction performance differences for certain minority
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racial and ethnic groups as well as for less urbanized areas.

• We present a dashboard where researchers and decision makers at the CDC and beyond will be

able to explore fairness nutritional cards per individual model across race, ethnicity and urban-

ization level, and how fairness might vary across model and data characteristics.

3.2 Materials and Methods

3.2.1 Data Sources and Variables

3.2.1.1 COVID-19 Forecast Data

For the purpose of our study, we focus exclusively on the weekly, county-level COVID-19 case

predictions publicly available from the COVID-19 Forecast Hub across all US counties [34]. We fo-

cus on county-level forecasts because these are closer to local realities and allow for more actionable

decision-making than state-level predictions. On the other hand, since hospitalizations and deaths are

only available at the state level [51], we focus on COVID-19 case predictions. The weekly incidence

predictions in the Forecast Hub are uploaded by participating teams and defined as the newly antici-

pated COVID-19 cases per county within the following epidemiological week, extending from Sunday

to Saturday. We use the weekly forecasts during the period from July 2020 to October 2022.

The hub’s data repository offers both point forecasts and quantile-based probabilistic forecasts.

Our study employs the latter, leveraging the seven provided quantiles ([0.025, 0.100, 0.250, 0.500,

0.750, 0.900, 0.975]) to gain insights into the uncertainty ranges and confidence intervals posited by

the forecasting models. From the entire cohort of models and teams contributing to the Forecast Hub,

we selected 36 teams that met our inclusion criteria: they provided comprehensive quantile forecasts
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throughout our period of analysis and they submitted predictions at the county-level. A Gantt chart

depicting the specific quantile forecasts used to evaluate each model is shown in Figure B.1.

(a) Distribution of Racial Demographics Across
US Counties

(b) Distribution of Counties by Urbanicity Level

Figure 3.1: Distribution of the sensitive attributes (Race/Ethnicity and Urbanization level)
across the 3,067 counties in US considered for this study.

3.2.1.2 Sensitive Attributes

To empirically evaluate fairness in COVID-19 forecasts, we measure error parity across two

sensitive demographic attributes: (1) RACE AND ETHNICITY population composition, and (2) county-

level URBANIZATION LEVEL classification. For this analysis, we use two primary data sources: the

American Community Survey (ACS) [39] for demographic information and the CDC urbanization

classification for county-level urban-rural designations [37]. In our analysis, we focus on Asian, Black,

Hispanic, and White racial/ethnic groups while using White as the reference category (see Fig 3.1a for

the racial and ethnic distribution across the 3,067 counties considered for this study). Other racial cat-

egories, including American Indian/Alaska Native (AIAN), Native Hawaiian/Pacific Islander (NHPI),
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and multi-racial groups, were excluded from our primary analysis due to limited variable distribution.

As Table 3.1 shows, 97.69% of counties have NHPI populations under 1%, and 79.03% have AIAN

populations under 1%, providing insufficient variation for meaningful regression analysis. In contrast,

between 1.21%-66.22% of the counties have less than 1% of Asian, Black, or Hispanic population,

providing adequate statistical power for detecting potential effects in our regression analysis. Further-

more, Asian populations represent a key demographic group in metropolitan and suburban areas where

COVID-19 impacts were particularly pronounced, making their inclusion crucial for understanding

prediction accuracy in these important contexts. Further details about this selection, and exclusion of

some counties can be found in the Section B.1.1

Table 3.1: County-Level Demographic Distribution Statistics

Racial/Ethnic Group Median (%) Mean (%) Counties > 1% % Counties > 1%
White 83.09 75.64 3,067/3,067 100.00
Hispanic 4.64 9.88 3,030/3,067 98.79
Black 2.14 8.88 2,019/3,067 65.83
Asian 0.70 1.53 1,036/3,067 33.78
American Indian/Alaska Native 0.40 2.00 643/3,067 20.97
Native Hawaiian/Pacific Islander 0.12 0.24 71/3,067 2.31
Notes: Statistics are computed across all 3,067 U.S. counties included in our analysis. ”Counties > 1%” shows the number of counties where
the group comprises more than 1% of the population.

On the other hand, the CDC urban-rural classification scheme classifies counties into six urban-

ization levels[37], from highly urban (1) to rural (6). For this paper, we group them into three labels:

Large Metropolitan areas (LM, which correspond to codes 1 and 2), Small and Medium Metropolitan

(SMM, codes 3 and 4) and Micropolitan and Non-core areas (MC, codes 5 and 6). This grouping

ensures sufficient sample sizes and variations within each category for robust statistical analysis, given

the uneven distribution of US counties across urbanization levels (see Fig 3.1b). At the same time the

three-level classification provides a clearer narrative about urban-rural disparities while maintaining

meaningful distinctions in population density and healthcare infrastructure.
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3.2.1.3 Model-Data Characteristics

Given our interest in understanding how group fairness metrics for race, ethnicity and urbaniza-

tion might change across model and data characteristics, we break down the prediction performance

and fairness analyses across four aspects:

• Model Type: Based on information reported in the papers associated to each of the 36 predictive

models, we have manually classified them into five categories, namely: Statistical, Compartmen-

tal, Deep Learning, Baseline, and Ensemble (see Fig 3.2a for model statistics). This classifica-

tion aims to discern the potential influence of model typologies on forecast performance and

to identify any systematic biases inherent to specific modeling approaches (Section B.1.2 and

Table B.1 provide more details about the taxonomy).

(a) Model types and mobility used counts (b) Phase demarcation where P0 represents Phase 0

Figure 3.2: Prediction fairness will be evaluated across types of models, training datasets
(mobility), lookaheads and phases.

• Mobility Used: Based on information reported in the papers for each predictive model analyzed,

we distinguish between models that integrate mobility data and those that do not. The main

objective of this feature is to allow us to explore the effect of mobility data on forecast accuracy
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and the possible introduction of biases resulting from this additional data dimension. Fig 3.2a

displays a categorization of the forecasting models, differentiated by both the type of model and

the incorporation of mobility data, as quantified by their respective counts. Mixed models are

COVIDHub Ensemble models (like COVIDhub CDC-ensemble) that combine models that use

(or not) mobility data in their training.

• Lookahead: We use forecasts ranging from 1 week to 4 weeks (a.k.a lookaheads), allowing us

to evaluate differences in the predictive accuracy of the hub’s models across race, ethnicity and

the rural-urban spectrum for short and medium-term horizons: at 7, 14, 21 and 28 days.

• Phase: COVID-19 case numbers differ a lot across pandemic stages. To understand whether

phases play a role in model fairness across race, ethnicity and urbanization level, we divide

the period under study into seven phases, identified based on the presence of valleys and peaks

in the volume of COVID-19 cases (see Fig 3.2b). A more detailed explanation of the phase

identification process can be found in Section B.1.3.

3.2.1.4 Control Variables

Our analysis controls for potential confounding factors by incorporating county-level demo-

graphic and health variables in our analyses. Specifically, we include the proportion of residents aged

65 and above (sourced from ACS [39]) to account for age-related COVID-19 risk variations. To con-

trol for underlying health conditions known to affect COVID-19 susceptibility and severity we also

utilize age-adjusted prevalence of nine key comorbidities [38]: high blood pressure, cancer, diabetes,

obesity, stroke, chronic obstructive pulmonary disease (COPD), Chronic kidney disease (CKD), cur-

rent asthma, and coronary heart disease (CHD) extracted from the CDC PLACES [35] dataset. These
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specific health conditions were selected based on extensive epidemiological evidence linking them to

increased COVID-19 severity and mortality [180].

3.2.2 Analytical Approach

To systematically evaluate fairness across race, ethnicity, and urbanization levels in COVID-19

case predictions from the Forecast Hub, we developed a three-step analytical approach that combines

error calculation, fairness assessment across sensitive attributes, and interaction analysis with model-

data characteristics, while controlling for relevant demographic and health factors.

Step One: Calculating Pinball Loss. We focus on county error parity as a measure of fairness.

Hence, we first need to compute the weekly forecast error at the county level for all the counties in the

US. To evaluate the accuracy of COVID-19 case forecasts, and given that forecasts in the Forecast Hub

are uploaded by teams as quantiles, we employ the pinball loss metric (PBL). This metric quantifies the

error of a probabilistic forecast by measuring the distance between observed values and the predicted

quantiles, penalizing over- or under-estimation asymmetrically to reflect the actual cost of errors in the

prediction. The pinball loss Lτ (y, f) is represented as: (τ−1)·(y−f), if y < f and as τ ·(f−y), if y ≥

f , where Lτ (y, f) denotes a county’s pinball loss for a given quantile τ , y is the observed value i.e.,

reported number of cases or ground truth extracted from the JHU CSSE COVID-19 case counts dataset

[56], and f is the forecasted value at quantile τ . For our analysis, we use the average county PBL,

computed across the set of 7 quantiles: PBLτ = 1
7

∑7
i=1 Lτ (yi, fi), and normalized by the county

population.

Step Two: Fairness across Sensitive Attributes Once weekly average PBLs have been com-

puted per county, we aim to evaluate associations between county prediction errors and the two pro-
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tected attributes, RACE AND ETHNICITY and URBANIZATION LEVEL , using regressions. Coefficient

analyses will enable us to identify cases in which error parity is violated, pointing to a lack of pre-

diction fairness i.e., significantly different errors across racial or ethnic groups or across urbanization

levels.

Associating counties, and their PBL errors, to URBANIZATION LEVEL is straight forward us-

ing the CDC urban-rural classification scheme [37] that associates a county with a given urbanization

level. On the other hand, associating counties, and their PBL prediction errors, with race and eth-

nicity would require access to race-stratified predictions. However, due to systemic data collection

challenges during the pandemic, the race-stratified COVID-19 case data necessary to compute race-

stratified prediction errors were not collected, hence limiting the predictions provided by the Forecast

Hub to county level predictions across all racial and ethnic groups [104]. Next, we describe how

we proceed in the evaluation of the relationship between forecast errors and sensitive attributes race,

ethnicity and urbanization level.

Race and Ethnicity Analysis. To evaluate whether there exist differences between PBL error

distributions across racial and ethnic groups, we conduct a regression analysis where county PBL er-

rors are regressed against the racial and ethnic percentage distributions within each county (with White

race as the reference group). In the regression, we control for underlying health conditions, percentage

of the population aged 65 and above, the state and data-model characteristics (i.e., type of predictive

model, mobility data, lookahead and phase). An analysis of the resulting regression coefficients can

provide insights into how different racial compositions might be positively or negatively associated

with forecast accuracy, potentially identifying unfairly higher errors for certain racial or ethnic groups.

The main effects regression model, Model-1, can be formally defined as:
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PBLc,t = α+
∑
i

βi ·Racei,c+
∑
j,k

γj,k ·DMj,k,c,t+
∑
l

σl ·HOl,c+θ ·age65c+
∑
s

λs ·States,c+ϵc,t

(3.1)

where:

• PBLc,t: The dependent variable representing prediction error for county c at time t.

• α, ϵc,t: The intercept term and the error terms for county c at time t, respectively.

• βAsian, βBlack, βHispanic: Relationship between each race category (Asian, Black, and Hispanic) and

PBL, with White as the reference category.

• γjk: Relationship between each model-data characteristic j with corresponding category k and

the PBL, with j ∈ {Lookahead, Phase, Model Type, Mobility Used}. For example, for the

characteristic Lookahead, k ∈ (14, 21, 28) (7-days reference group). Reference groups for each

model-data characteristic are: 7-days, phase 0, compartmental model and no mobility data used.

• σl: Relationship between age-adjusted health outcomes (HO) and the PBL, with l ∈ {BPHIGH,

CANCER, DIABETES, OBESITY, STROKE, COPD, KIDNEY, CASTHMA, CHD}. For ex-

ample, σAsthma represents the effect of asthma prevalence in a given county on the PBL.

• θ: Relationship between the percentage of population aged 65 and older in a given county and

the PBL.

• λs: Individual state s fixed effect on the error distribution, with s ∈ {List of States in US}.

Urbanization Analysis. For the URBANIZATION LEVEL we replace the Race percentage vari-

ables in Equation 3.1 with the three urbanization levels and we refer to this as Model-2.
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PBLc,t = α+
∑
i

βi·Urbi,c+
∑
jk

γjk·DMj,k,c,t+
∑
l

σl·HOl,c+θ·age65c+
∑
s

λs·States,c+ϵc,t (3.2)

where, Urbi,c where, Urbi,c represents the urbanization level i for county c, with i ∈ SMM,MC,

with LM being the reference category.

Step Three: Interaction with Model-Data Characteristics Building upon the main effects

models, we are also interested in looking into whether the fairness metrics across sensitive attributes

change when model and/or data characteristics are considered. In other words, we evaluate if the

relationship between county forecast errors and their racial/ethnic and urbanization groups changes

when model and data characteristics are taken into account. Next, we describe the methodological

approach for each sensitive attribute.

Race and Ethnicity Analysis. To evaluate whether the relationship between PBL error distribu-

tions and race/ethnicity changes across model or data characteristics, we regress the county PBL errors

against racial and ethnic percentages for that county (with the White group as a baseline) while adding

interaction terms between race/ethnicity and each model-data characteristic, and while controlling for

age-adjusted Health Outcome prevalence, the percentage of individuals in the county who are 65+, and

the county state. Since we are interested in four model-data characteristics, namely model type, use of

mobility data, lookahead and phase, we create for separate regressions (Model-1a, -1b, -1c and -1d,

respectively) to account for both main and interaction effects for each model-data characteristic:
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PBLc,t = α+
∑
i

βi ·Racei,c +
∑
jk

γj,k ·DMj,k,c,t +
∑
i,k

δijk · (Racei,c ×DMj,k,c,t)

+
∑
l

σl ·HOl,c + θ · age 65c +
∑
s

λs · States,c + ϵc,t (3)

where δijk represents the relationship between the PBL and changes in a given race percentage i and

model-data characteristic category j, k with respect to their reference groups (e.g., δHispanic,Lookahead,14−days

helps us evaluate how the PBL changes for a 1% increase in i = Hispanic county population with

respect to the White reference group, with j = Lookahead and k = 14 − days with respect to ref-

erence category 7-days). All other terms remain the same as Equation 3.1. To be able to evaluate

significant changes in the error distribution (PBL) between a minority race and the White reference

group for a given model-data characteristic category j, k, we will examine the relative effect computed

as βi + δijk.

Urbanization Analysis. Similarly to the race and ethnicity analysis, we construct four regres-

sion models (Model-2a,-2b, -2c and -2d) that mirror the race/ethnicity interaction models, but replace

racial percentages with urbanization categories. Using Large Metropolitan (LM) areas as the reference

group, we examine interactions between urbanization levels (SMM and MC) and each model-data

characteristic. The regression equation takes the form:

PBLc,t = α+
∑
i

βi · Urbi,c +
∑
jk

γjk ·DMj,k,c,t +
∑
l

σl ·HOl,c

+
∑
i,k

δijk · (Urbi,c ×DMj,k,c,t) + θ · age 65c +
∑
s

λs · States,c + ϵc,t (4)
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where Urbi,c represents the urbanization level i for county c, and the interaction term δijk captures the

relationship between a given urbanization level and model-data characteristic category j, k with respect

to their reference groups, on the PBL. We will examine the relative effect of a given urbanization level

i on the PBL (with respect to LM) and for a given model-data characteristic category j, k computing

the relative effect as βi + δijk.

Table 3.2 provides a comprehensive overview of our regression framework, detailing the depen-

dent and independent variables for each model. The table systematically presents our main effects

models (Model-1 and Model-2) and their corresponding interaction models, along with the control

variables and model specifications used throughout our analysis.

Table 3.2: Summary of Generalized Linear Models and Their Specifications

Model Sensitive Attributes Interaction Terms Control Variables
Main Effects Models
GLM-1 Race/Ethnicity None Health Outcomes

(% Black, Hispanic, Asian) Data-Model Characteristics
% White (ref.) State Fixed Effects

GLM-2 Urbanicity None Health Outcomes
(SMM, MC), Data-Model Characteristics
LM (ref.) State Fixed Effects

Main + Interaction Effects: Race Interaction Models
GLM-1a Race/Ethnicity Race × Lookahead Same as GLM-1
GLM-1b Race/Ethnicity Race × Phase Same as GLM-1
GLM-1c Race/Ethnicity Race × Model Type Same as GLM-1
GLM-1d Race/Ethnicity Race × Mobility Used Same as GLM-1
Main + Interaction Effects: Urbanicity Interaction Models
GLM-2a Urbanicity Urbanicity × Lookahead Same as GLM-2
GLM-2b Urbanicity Urbanicity × Phase Same as GLM-2
GLM-2c Urbanicity Urbanicity × Model Type Same as GLM-2
GLM-2d Urbanicity Urbanicity × Mobility Used Same as GLM-2
Distribution Family: Gaussian with log link function for all models

Health Outcomes: Asthma, Obesity, COPD, CHD, CKD, Diabetes, Obesity, Cancer, Stroke, Age 65+

Data-Model Characteristics: Lookaheads (7(reference) , 14, 21, 28), Phase (0 (reference) 1-6), Model Type (Compartmental (reference),
Baseline, Deep Learning, Ensemble, Statistical), Mobility Usage (No (reference), Yes, Mixed)

Dependent Variable: Square root of PBL (sqrt pbl) with 1% trimming

Model Assumptions: Independent observations, exponential family distribution (Gaussian), linear predictor through log link function, constant
variance of residuals on link scale, no perfect multicollinearity (adjusted GVIF < 2)
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3.2.3 Model Selection and Evaluation

Initial exploratory analysis of the Pinball Loss norm (PBL) distribution revealed several char-

acteristics that influenced our model selection. The original distribution exhibited extreme right-

skewness with a heavy tail, through quantile analysis (see Section B.2.1 and Figure B.2. These extreme

values, while valid measurements, can exert excessive leverage in regression models and potentially

obscure patterns in the majority of the data. Therefore, we made the methodological choice to trim

the top 1% values, preserving 99% of our observations while substantially improving the stability of

the model. We also consider squared root transformation during model evaluation. Given these dis-

tributional characteristics - which violate basic linear regression assumptions- and the strictly positive

nature of our dependent variable, we tested both Gamma and Gaussian GLM families with log-link

and identity-link functions.

Initial analysis revealed substantial multicollinearity among independent variables in the GLM

models, particularly between health variables and racial demographics. To address this, we employed

an iterative variable selection process using the Generalized Variance Inflation Factor (GVIF1) [68].

Variables were retained only if their adjusted GVIF values (calculated as (GVIF
1

2×Df ), where Df rep-

resents degrees of freedom) fell below a threshold of 2. Importantly, we proceeded with our analysis

only after confirming that our variables of interest - race, ethnicity, urbanization level and data-model

characteristics - all demonstrated adjusted GVIF values below this threshold, ensuring the reliability

of our primary coefficient estimates.

Using diagnostic plots, residual patterns, and model performance metrics (pseudo-R2 values)

for model evaluation, we identified the Gaussian GLM with log-link function applied to square root

1https://rdrr.io/cran/glmtoolbox/man/gvif.html
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transformed data (with 1% trimming) as the best fit. Multicollinearity analyses and model diagnostics

for these GLMs are discussed in depth in Section B.2.2, Section B.2.3.

In the next section, we evaluate the relationship of race, ethnicity and urbanization levels with the

forecast error (PBL) distribution via Model-1 and Model-2, which we rename to GLM-1 and GLM-2.

We also evaluate how that relationship is modulated when interaction terms between race, ethnicity,

urbanization levels and the four model and data characteristics are incorporated into the model i.e.,

Model-1a through Model-1d and Model-2a through Model-2d that we rename as GLM-1a through

GLM-1d and GLM-2a through GLM-2d (see Table 3.2 for model summary). Following the Results

section, we will present hypotheses for the reasons behind these findings in the Discussion section.

3.3 Results

3.3.1 Fairness of COVID-19 case predictions across race and ethnicity (GLM-1)

Based on Equation 3.1, the generalized linear model (GLM-1) characteristics are illustrated in

Table 3.3. The table provides insights into the relationship between race, ethnicity and the PBL while

controlling for the impact of various data-model features, health outcomes and state fixed effects on

prediction accuracy. As a note, some of the health outcome covariates were left out due to inflated

GVIF.

For the race and ethnicity variables, the regression results indicate that for every 1% increase

in a county’s Hispanic population (with respect to the reference group White) the prediction errors

increased by approximately (1.216 − 1) ∗ 100% = 21.6% (β = 0.196, exp(β) = 1.216, p < 0.001).

In contrast, regions with larger Asian populations showed markedly lower prediction errors than the

White population baseline (β = −0.663, exp(β) = 0.515, p < 0.001). Our results indicate that for
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Table 3.3: Summary of Regression Results: GLM-1

Variable eCoef . (Std. Error) 95% CI z-value
Intercept 0.009∗∗∗ (0.009) [0.009, 0.009] -510.099

Sensitive Attributes
% Black 0.976∗∗∗ (0.003) [0.970, 0.983] -6.864
% Hispanic 1.216∗∗∗ (0.003) [1.209, 1.223] 63.844
% Asian 0.515∗∗∗ (0.015) [0.500, 0.530] -44.647

Lookahead Period
14 days 1.119∗∗∗ (0.001) [1.118, 1.121] 143.586
21 days 1.211∗∗∗ (0.001) [1.209, 1.213] 249.396
28 days 1.300∗∗∗ (0.001) [1.298, 1.302] 352.668

Phase Effects
Phase 1 1.445∗∗∗ (0.001) [1.443, 1.448] 377.204
Phase 2 0.890∗∗∗ (0.001) [0.888, 0.892] -99.535
Phase 3 1.285∗∗∗ (0.001) [1.283, 1.288] 236.425
Phase 4 1.553∗∗∗ (0.001) [1.549, 1.556] 416.701
Phase 5 0.969∗∗∗ (0.001) [0.967, 0.972] -22.748
Phase 6 1.152∗∗∗ (0.001) [1.149, 1.154] 112.373

Model Type
Baseline 1.121∗∗∗ (0.002) [1.118, 1.124] 72.937
Deep Learning 1.037∗∗∗ (0.001) [1.035, 1.039] 40.193
Ensemble 1.007∗∗∗ (0.001) [1.005, 1.009] 7.959
Statistical 1.076∗∗∗ (0.001) [1.074, 1.078] 89.646

Mobility
Mixed 0.864∗∗∗ (0.001) [0.862, 0.866] -124.255
Yes 0.996∗∗∗ (0.001) [0.994, 0.997] -5.637

Health Controls
Asthma 0.959∗∗∗ (0.001) [0.957, 0.961] -43.776
Obesity 1.003∗∗∗ (0.000) [1.003, 1.004] 25.942
COPD 1.046∗∗∗ (0.000) [1.045, 1.047] 93.094
% Age 65+ 1.214∗∗∗ (0.007) [1.198, 1.230] 28.712
Model Statistics: Pseudo R2 (Cox-Snell) = 0.460; Log-Likelihood = 5,981,789; N = 1,526,869
Notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Dependent Variable: sqrt pbl. Link Function: log. Regression Family: Gaussian. State fixed
effects included but are reported in Table 5 in Auditing the Fairness of COVID-19 Forecast Hub’s Case Prediction Models. exp(Coef) represents
the multiplicative effect on the outcome. CI: Confidence Interval.
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every 1% increase in the Asian population (with respect to White population), the prediction accu-

racy is approximately 48.5% better when compared to the White group. For predominantly Black

communities, we observed a slight but statistically significant improvement in prediction accuracy

(β = −0.024, exp(β) = 0.976, p < 0.001), with 1% increase in Black population (with respect to

White) being associated with predictions approximately 2.4% more accurate than the baseline.

Model diagnostics. Model assessments indicate that Gaussian-GLM demonstrates adequate fit

and reliability. The pseudo-R2 is 0.46, and the residuals show an approximately normal distribution

with mild heteroskedasticity at extreme values. Cook’s distance analysis identified no influential points

that would substantially affect our findings. Although there are some deviations from normality in

the tails of the residual distribution, these do not materially affect our main conclusions regarding

demographic disparities in prediction accuracy (detailed diagnostics are provided in Section 2.3.1, Fig

3 in Auditing the Fairness of COVID-19 Forecast Hub’s Case Prediction Models).

Summary: Race

COVID-19 forecast errors show substantial racial disparities, particularly for Hispanic Race:

⇒ 21.6% higher for Hispanic populations

⇒ 48.5% lower for Asian populations

⇒ 2.4% lower for Black population

3.3.2 Fairness of COVID-19 case predictions across urbanization levels (GLM-2)

Table 3.4 illustrates the estimated coefficients of the generalized linear model for the fairness

analysis of COVID-19 prediction accuracy across urbanization levels (GLM-2, Equation 3.2). The

table reveals insights into the relationship between urbanization levels and the PBL while controlling
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for the impact of various data-model features, health outcomes and state fixed effects on prediction

accuracy.

Table 3.4: Summary of Regression Results: GLM-2

Variable eCoef . (Std. Error) 95% CI z-value
Intercept 0.009∗∗∗ (0.018) [0.009, 0.009] -263.017

Sensitive Attributes
Micropolitan 1.065∗∗∗ (0.001) [1.063, 1.067] 60.326
Small and Medium Metro 1.027∗∗∗ (0.001) [1.025, 1.029] 26.509

Lookahead Period
14 days 1.119∗∗∗ (0.001) [1.117, 1.121] 143.691
21 days 1.211∗∗∗ (0.001) [1.209, 1.213] 249.533
28 days 1.299∗∗∗ (0.001) [1.298, 1.301] 352.841

Phase Effects
Phase 1 1.445∗∗∗ (0.001) [1.442, 1.448] 377.540
Phase 2 0.890∗∗∗ (0.001) [0.888, 0.892] -100.050
Phase 3 1.285∗∗∗ (0.001) [1.282, 1.287] 236.167
Phase 4 1.552∗∗∗ (0.001) [1.549, 1.555] 416.754
Phase 5 0.969∗∗∗ (0.001) [0.967, 0.972] -22.827
Phase 6 1.151∗∗∗ (0.001) [1.148, 1.154] 112.311

Model Type
Baseline 1.121∗∗∗ (0.002) [1.118, 1.124] 73.043
Deep Learning 1.037∗∗∗ (0.001) [1.035, 1.039] 40.217
Ensemble 1.007∗∗∗ (0.001) [1.005, 1.009] 7.952
Statistical 1.076∗∗∗ (0.001) [1.074, 1.078] 89.919

Mobility
Mixed 0.864∗∗∗ (0.001) [0.862, 0.866] -124.509
Yes 0.996∗∗∗ (0.001) [0.994, 0.997] -5.631

Health Controls
Asthma 0.956∗∗∗ (0.001) [0.954, 0.958] -34.853
Obesity 1.004∗∗∗ (0.000) [1.004, 1.005] 32.018
BPHigh 0.998∗∗∗ (0.000) [0.997, 0.998] -7.667
COPD 1.000 (0.001) [0.998, 1.002] -0.089
Stroke 0.981∗∗∗ (0.003) [0.974, 0.988] -5.605
Cancer 0.984∗∗∗ (0.003) [0.979, 0.990] -5.650
CHD 1.089∗∗∗ (0.003) [1.084, 1.095] 33.418
Diabetes 0.995∗∗∗ (0.001) [0.993, 0.997] -5.442
CKD 1.043∗∗∗ (0.006) [1.030, 1.056] 6.559
% Age 65+ 1.111∗∗∗ (0.007) [1.096, 1.126] 15.328
Model Statistics: Pseudo R2 (CS) = 0.462; Log-Likelihood = 5,983,292; N = 1,526,869
Notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Dependent Variable: sqrt pbl. Link Function: log. Regression Family: Gaussian. State fixed
effects included but are reported in Table B.6. exp(Coef) represents the multiplicative effect on the outcome. CI: Confidence Interval.

Relative to LM areas, prediction errors varied significantly across urbanization levels. MC areas,

which are urban clusters with populations up to 50,000, showed notably higher prediction errors (β =

0.063, exp(β) = 1.065, p < 0.001), indicating approximately 6.5% higher errors in these regions.

This suggests particular challenges in forecasting COVID-19 cases in smaller urban areas that may

have different healthcare infrastructure and reporting systems compared to LM areas. SMM areas also

demonstrated increased prediction errors (β = 0.027, exp(β) = 1.027, p < 0.001), though the effect
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was more modest with 2.7% higher errors than large metropolitan regions.

Model diagnostics. Our model assessments reveal that GLM-2 achieves similar statistical prop-

erties to GLM-1, with a pseudo-R2 of 0.46. While the residual distribution shows some deviation

from normality at the tails, these departures do not substantially impact our key findings regarding

urbanicity-based disparities in prediction accuracy. The complete characteristics of the model and the

GVIF analysis can be found in Section B.2.3.2, Figure B.4.

Summary: Urbanicity

⇒ Prediction disparities worsen for more rural areas.

3.3.3 Fairness of COVID-19 case predictions across race, ethnicity and model-data

characteristics

3.3.3.1 GLM-1a: Race, Ethnicity and Forecast Lookahead

Table 3.5 presents the interaction effects between race, ethnicity and lookahead periods, reveal-

ing notable variations in forecast accuracy across different time horizons, and pointing to unequal

(unfair) error distributions (see Equation 3). The trends described for the main effects (GLM-1) persist

when adding the interaction effects i.e., increases in Black or Asian population in a county (with re-

spect to White) and for a given lookahead, are associated with lower PBLs; while increases in Hispanic

population are associated with higher PBLs.

Our analysis reveals that increases in Hispanic population (with respect to White) are related

to persistent disparities in forecast accuracy across all prediction horizons, though these disparities

show a gradual decrease for predictions over longer timeframes. When examining the relative ef-

fects, we find that areas with higher Hispanic populations experience prediction errors that are 24.6%
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Table 3.5: GLM-1a: Race × Lookahead Effects Relative to White Reference Group

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from White
% Asian (7-day ref.) 0.228*** (0.030) [0.215, 0.243] 0.228*** -77.2%

× 14-day ahead 1.652*** (0.037) [1.536, 1.777] 0.377*** -62.3%
× 21-day ahead 2.689*** (0.035) [2.509, 2.882] 0.613*** -38.7%
× 28-day ahead 3.505*** (0.034) [3.279, 3.746] 0.799*** -20.1%

% Black (7-day ref.) 0.937*** (0.005) [0.928, 0.947] 0.937*** -6.3%
× 14-day ahead 1.034*** (0.006) [1.023, 1.046] 0.969*** -3.1%
× 21-day ahead 1.053*** (0.005) [1.042, 1.065] 0.987*** -1.3%
× 28-day ahead 1.067*** (0.005) [1.056, 1.078] 1.000 0.0%

% Hispanic (7-day ref.) 1.298*** (0.005) [1.287, 1.310] 1.298*** +29.8%
× 14-day ahead 0.960*** (0.005) [0.951, 0.970] 1.246*** +24.6%
× 21-day ahead 0.913*** (0.005) [0.904, 0.923] 1.185*** +18.5%
× 28-day ahead 0.900*** (0.005) [0.891, 0.909] 1.168*** +16.8%

Model Statistics: Pseudo R2 (CS) = 0.461; Log-Likelihood = 5,982,892; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The

table shows the GLM coefficients and their significance for model GLM-1a. We only discuss race, ethnicity and lookahead interaction coefficients. For

clarity purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Tables

7, 8 in Auditing the Fairness of COVID-19 Forecast Hub’s Case Prediction Models. Model Diagnostics are provided in Fig 5a in Auditing the Fairness

of COVID-19 Forecast Hub’s Case Prediction Models. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome,

SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular

race or ethnicity compared to the White population within each lookahead. The relative effect is represented by exp(Coef) and computed as eβi+δij

with coefficients from Equation 3. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared to

White population for each lookahead variable (% Diff from White). This change is computed as (1 − eβi+δij ) ∗ 100% for a given race/ethnicity and

lookahead value, and it represents the percentage increase or decrease in the forecast error (PBL) with respect to the White population (e.g., +24.6%

means that the PBL error for Hispanic counties at 14-day lookahead is 24.6% higher PBL when compared to White). All effects should be interpreted

as the relative difference compared to White population within each specific lookahead value. The relative coefficient significance is evaluated using

linearHypothesis in R (car package [69])

higher than predominantly White areas at 14-day forecasts, declining to 18.5% at 21-day forecasts,

and further reducing to 16.8% at 28-day forecasts. This pattern indicates that although the disparity in

prediction accuracy moderates somewhat over longer forecast horizons, significant inequities in model

performance persist throughout all prediction timeframes for Hispanic communities.

For Black counties, the relative effect shows progressively decreasing significant differences in

forecast errors between Black and the White reference group, with PBL errors being 3.1% higher for
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White counties for the 14-day forecast (exp(β) = 0.969, p < 0.001), decreasing to 1.3% higher for 21

days (exp(β) = 0.987, p < 0.001). By the 28-day forecast horizon, the prediction accuracy for Black

counties shows no significant difference from White areas (relative effect: 1.000, 0.0% difference).

Asian counties reveal the most pronounced variation across forecast horizons. The relative effect

analysis shows that while predictions remain more accurate than for White counties across all horizons,

this advantage decreases substantially over longer forecast periods. The relative effect shows that areas

with higher Asian populations have prediction errors 62.3% lower than White areas at 14-day forecasts,

improving to 38.7% lower at 21-day forecasts, and 20.1% lower at 28-day forecasts.

3.3.3.2 GLM-1b: Race, Ethnicity and COVID-19 Phase

When examining how racial and ethnic disparities vary across different pandemic phases, we

observe substantial heterogeneity in PBL, with patterns varying markedly by both race and phase

(see Table 3.6). The results reveal complex temporal dynamics in prediction fairness across different

demographic groups.

For Hispanic populations, the analysis reveals significant variation in prediction errors across

pandemic phases relative to White populations. At initial stages of the pandemic (Phase 0), Hispanic

counties show substantially higher errors (+101.8%) compared to White counties. While this disparity

persists across most phases, its magnitude fluctuates notably. Phase 1 also exhibits a higher disparity

(+36.6%), followed by Phase 3 (+15.6%) and Phase 6 (+12.0%). However, in Phases 4 and 5, this

pattern reverses, with Hispanic counties showing slightly lower errors than White counties (-8.2% and

-0.3% respectively), suggesting that prediction fairness for Hispanic communities varied significantly

with pandemic phase characteristics.
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Table 3.6: GLM-1b: Race × Phase Effects Relative to White Reference Group

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from White
% Asian (Phase 0 ref.) 0.137*** (0.042) [0.126, 0.149] 0.137*** -86.3%

× Phase 1 2.092*** (0.046) [1.912, 2.290] 0.287*** -71.3%
× Phase 2 8.767*** (0.049) [7.957, 9.659] 1.201*** +20.1%
× Phase 3 0.812*** (0.053) [0.732, 0.900] 0.111*** -88.9%
× Phase 4 6.310*** (0.047) [5.756, 6.918] 0.864*** -13.6%
× Phase 5 35.577*** (0.049) [32.323, 39.159] 4.871*** +387.1%
× Phase 6 3.260*** (0.057) [2.916, 3.645] 0.447*** -55.3%

% Black (Phase 0 ref.) 2.130*** (0.005) [2.108, 2.153] 2.130*** 113.0%
× Phase 1 0.438*** (0.006) [0.434, 0.443] 0.933*** -6.7%
× Phase 2 0.393*** (0.007) [0.388, 0.399] 0.837*** -16.3%
× Phase 3 0.541*** (0.006) [0.535, 0.548] 1.152*** +15.2%
× Phase 4 0.270*** (0.007) [0.267, 0.274] 0.575*** -42.5%
× Phase 5 0.375*** (0.009) [0.369, 0.382] 0.799*** -20.1%
× Phase 6 0.529*** (0.008) [0.521, 0.536] 1.127*** +12.7%

% Hispanic (Phase 0 ref.) 2.018*** (0.005) [1.998, 2.039] 2.018*** 101.8%
× Phase 1 0.677*** (0.006) [0.670, 0.685] 1.366*** +36.6%
× Phase 2 0.549*** (0.007) [0.541, 0.557] 1.108*** +10.8%
× Phase 3 0.573*** (0.006) [0.566, 0.580] 1.156*** +15.6%
× Phase 4 0.455*** (0.006) [0.449, 0.460] 0.918*** -8.2%
× Phase 5 0.494*** (0.009) [0.485, 0.503] 0.997 -0.3%
× Phase 6 0.555*** (0.008) [0.547, 0.564] 1.120*** +12.0%

Model Statistics: Pseudo R2 (CS) = 0.495; Log-Likelihood = 6,012,390; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table

shows the GLM coefficients and their significance for model GLM-1b. We only discuss race, ethnicity and phase interaction coefficients. For clarity

purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Tables B.9

and B.10. Model Diagnostics are provided in Figure B.5. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome,

SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular race or

ethnicity compared to the White population within each phase. The relative effect is represented by exp(Coef) and computed as eβi+δij with coefficients

from Equation 3. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared to White population for

each phase variable (% Diff from White). This change is computed as (1− eβi+δij ) ∗ 100% for a given race/ethnicity and phase value, and it represents

the percentage increase or decrease in the forecast error (PBL) with respect to the White population (e.g., +101.8% means that the PBL error for Hispanic

counties in Phase 0 is 101.8% higher PBL when compared to White). All effects should be interpreted as the relative difference compared to White

population within each specific phase value. The relative coefficient significance is evaluated using linearHypothesis in R (car package [69])

For Black populations, the results show complex phase-dependent patterns. Starting with no-

tably higher errors in Phase 0 (+113.0% compared to White areas), the disparities shift dramatically

across phases. Phase 4 shows the most favorable performance for Black communities, with errors
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42.5% lower than White areas. However, Phases 3 and 6 show notably higher prediction errors

(+15.2% and +12.7% respectively) compared to White areas. Phases 1, 2, and 5 show better per-

formance for Black communities (-6.7%, -16.3%, and -20.1% respectively).

Asian populations exhibit the most extreme phase-dependent variations in prediction accuracy.

While starting with substantially lower errors than White areas in Phase 0 (-86.3%), the disparities

show dramatic swings across phases. Phase 5 stands out with strikingly higher errors (+387.1% com-

pared to White areas), while Phase 3 shows the best relative performance (-88.9%). Phase 2 also shows

notably higher errors (+20.1%), while Phases 1, 4, and 6 maintain lower errors compared to White ar-

eas (-71.3%, -13.6%, and -55.3% respectively). These extreme variations suggest that predictions for

Asian communities were particularly sensitive to phase-specific characteristics of the pandemic.

All these phase-dependent variations are statistically significant (p < 0.001), and they reveal

that prediction fairness across racial and ethnic groups is not consistent throughout the pandemic, with

certain phases (particularly Phase 0) associated with the largest disparities relative to White popula-

tions.

3.3.3.3 GLM-1c: Race, Ethnicity and Model Type

Our analysis of how prediction disparities vary across different minority race/ethnic groups and

model types with respect to the White reference group reveals distinct patterns and demonstrates that

model architecture choices have significant implications for prediction fairness (see Table 3.7).

Increases in Hispanic population with respect to the White reference group are associated with

large performance disparities across all model types. Baseline models show the largest disparity

(28.1% higher PBL compared to White areas), while Compartmental models show somewhat reduced,
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Table 3.7: GLM-1c: Race × Model Type Effects Relative to White Reference Group

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from White
% Asian (Compartmental ref.) 0.463*** (0.019) [0.446, 0.481] 0.463*** -53.7%

× Baseline Models 1.635*** (0.046) [1.494, 1.789] 0.757*** -24.3%
× Deep Learning 1.549*** (0.042) [1.427, 1.681] 0.717*** -28.3%
× Ensemble 1.232*** (0.027) [1.168, 1.300] 0.571*** -42.9%
× Statistical 0.934* (0.033) [0.876, 0.995] 0.432*** -56.8%

% Black (Compartmental ref.) 1.009* (0.004) [1.001, 1.017] 1.009* +0.9%
× Baseline Models 1.012 (0.008) [0.995, 1.028] 1.021* +2.1%
× Deep Learning 0.902*** (0.006) [0.890, 0.913] 0.910*** -9.0%
× Ensemble 0.942*** (0.005) [0.933, 0.950] 0.950*** -5.0%
× Statistical 0.951*** (0.005) [0.941, 0.960] 0.959*** -4.1%

% Hispanic (Compartmental ref.) 1.235*** (0.004) [1.226, 1.243] 1.235*** +23.5%
× Baseline Models 1.037*** (0.008) [1.021, 1.053] 1.281*** +28.1%
× Deep Learning 0.966*** (0.006) [0.955, 0.978] 1.193*** +19.3%
× Ensemble 0.958*** (0.004) [0.950, 0.967] 1.183*** +18.3%
× Statistical 0.982*** (0.005) [0.972, 0.991] 1.213*** +21.3%

Model Statistics: Pseudo R2 (CS) = 0.461; Log-Likelihood = 5,982,160; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table

shows the GLM coefficients and their significance for model GLM-1c. We only discuss race, ethnicity and model type interaction coefficients. For clarity

purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Tables B.11

and B.12. Model Diagnostics are provided in Figure B.5. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome,

SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular race

or ethnicity compared to the White population within each model type. The relative effect is represented by exp(Coef) and computed as eβi+δij with

coefficients from Equation 3. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared to White

population for each model type (% Diff from White). This change is computed as (1− eβi+δij )∗100%, for a given race/ethnicity and model type, and it

represents the percentage increase or decrease in the forecast error (PBL) with respect to the White population (e.g., +23.5% means that the PBL error for

Hispanic counties for Compartmental models is 23.5% higher PBL when compared to White). All effects should be interpreted as the relative difference

compared to White population within each specific model type. The relative coefficient significance is evaluated using linearHypothesis in R (car

package [69])

though still substantial, disparities (+30.7%). Ensemble models register the lowest disparity (+18.3%).

Increases in Black population are associated with relatively modest variations in PBL across

model types when compared to the White reference group. Compartmental and Baseline Models show

marginally higher prediction errors (0.9% & +2.1% difference with White areas), while Deep Learning

& Ensemble models demonstrate better relative performance (-9.0%, -5%). Statistical models perform

better for Black communities (-4.1%).

71



The Asian subgroup, on the other hand, shows improved relative effect with respect to White

populations, and these disparities remain relatively consistent across model types, with PBL errors

being at least 24.3% lower than errors for the White group across all model types.

These findings suggest that model architecture choices significantly impact prediction fairness,

with Deep Learning and Ensemble models providing the most balanced performance across racial and

ethnic groups, particularly for Hispanic and Black populations

3.3.3.4 GLM-1d: Race, Ethnicity and Mobility Data

Analysis of how prediction disparities vary with mobility data usage also reveal interesting pat-

terns in the relationship between data inputs and prediction fairness (Table 3.8).

The relative effect analysis for Hispanic population indicates significant disparities in forecast

performance when compared to the White reference group across mobility data uses in prediction

models. For forecast models that use mobility data, increases in Hispanic population with respect to

the White reference group are associated with a PBL 18.5% higher than that of the White population.

That number increases to 22% for mixed models (ensembles of CDC ForecastHub models trained

with and without mobility data). On the other hand, when mobility data is not used, PBL errors

are 31.2% higher for each 1% increase in Hispanic population with respect to the White reference

group, suggesting that mobility data usage can improve prediction fairness for Hispanic communities.

However, considerable disparities remain (higher PBL errors) when compared to the White population.

For Black population, and when compared to the White reference group, not using mobility data

in the forecast models was associated with PBL errors being 6.8% higher. However, using mobility

data reversed that trend, with PBL errors being 5.1% lower when the Black population increases 1%
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Table 3.8: GLM-1d: Race × Mobility Data Inclusion Effects Relative to White

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from White
% Asian (No Mobility ref.) 0.351*** (0.027) [0.332, 0.370] 0.351*** -64.9%

× Mixed 1.585*** (0.035) [1.480, 1.697] 0.556*** -44.4%
× Mobility Used 1.626*** (0.029) [1.536, 1.722] 0.571*** -42.9%

% Black (No Mobility ref.) 1.068*** (0.005) [1.058, 1.079] 1.068*** +6.8%
× Mixed 0.909*** (0.006) [0.899, 0.919] 0.971*** -2.9%
× Mobility Used 0.889*** (0.005) [0.881, 0.897] 0.949*** -5.1%

% Hispanic (No Mobility ref.) 1.312*** (0.005) [1.301, 1.324] 1.312*** +31.2%
× Mixed 0.930*** (0.005) [0.920, 0.940] 1.220*** +22.0%
× Mobility Used 0.903*** (0.004) [0.895, 0.911] 1.185*** +18.5%

Model Statistics: Pseudo R2 (CS) = 0.461; Log-Likelihood = 5,982,399; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table

shows the GLM coefficients and their significance for model GLM-1d. We only discuss race, ethnicity and mobility usage interaction coefficients. For

clarity purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed Tables B.13

and B.14. Model Diagnostics are provided in Figure B.5. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome,

SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular race

or ethnicity compared to the White population within each mobility usage category. The relative effect is represented by exp(Coef) and computed as

eβi+δij with coefficients from Equation 3. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared

to White population for each mobility usage category (% Diff from White). This change is computed as (1− eβi+δij ) ∗ 100%, for a given race/ethnicity

and mobility usage category, and it represents the percentage increase or decrease in the forecast error (PBL) with respect to the White population (e.g.,

+31.2% means that the PBL error for Hispanic counties for the given mobility usage category is 31.2% higher PBL when compared to White). All effects

should be interpreted as the relative difference compared to White population within each specific mobility usage category. The relative coefficient

significance is evaluated using linearHypothesis in R (car package [69])

with respect to the White group.

Prediction performance for Asian populations when considering the use of mobility data was

significantly better than the performance for White counties, independently of whether mobility data

was used or not in the models, with PBL errors being between 42.9% and 64.9% significantly lower

than errors for the White reference group. Interestingly, we also observe that use of mobility data helps

reduce the disparity in performance errors (42.9% and 44.4% vs. 64.9%).

These results reveal significant prediction performance differences between minority racial and

ethnic groups with respect to White across mobility data use settings; while suggesting that the incor-

poration of mobility data might help reduce prediction disparities for minority racial groups.
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Summary: Race X Model-Data Characteristics

⇒ Hispanic communities consistently experience higher prediction errors compared to

White areas across most configurations.

⇒ Disparities decrease with longer forecast horizons.

⇒ Initial phases of the pandemic saw widest disparity for both Hispanic and Black subgroups

⇒ Asian communities maintained lower error rates overall & showed substantial phase-

dependent variations (-88.9% to +387.1%)

⇒ Deep Learning and Ensemble models demonstrated most balanced performance across all

racial and ethnic groups

⇒ Mobility data usage generally helps reduce prediction disparities

3.3.4 Fairness of COVID-19 case predictions across urbanicity and model-data char-

acteristics

3.3.4.1 GLM-2a: Urbanicity and Forecast Lookahead

Table 3.9 exhibits significant disparities in COVID-19 case prediction errors between urbaniza-

tion levels across different forecast horizons. Our findings demonstrate that both MC and SMM areas

consistently experience higher prediction errors when compared to LM areas (reference group) across

lookaheads; and that the magnitude of these disparities decreases as the prediction horizon extends.

MC areas show the most pronounced disparity, with baseline (7-day) prediction errors 13.3%

higher than LM areas. This disparity, while persistent, diminishes at longer prediction horizons. For

14-day forecasts, the relative effect shows that MC areas still experience 9.1% higher errors than LM
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Table 3.9: GLM-2a: Urbanicity × Lookahead Effects Relative to LM Reference Group

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from LM
Micropolitan (MC) (7-day ref.) 1.133*** (0.002) [1.128, 1.137] 1.133*** +13.3%

× 14-day ahead 0.963*** (0.003) [0.958, 0.968] 1.091*** +9.1%
× 21-day ahead 0.926*** (0.003) [0.921, 0.930] 1.049*** +4.9%
× 28-day ahead 0.900*** (0.002) [0.896, 0.905] 1.020*** +2.0%

Small/Medium Metro (SMM) (7-day ref.) 1.048*** (0.002) [1.044, 1.053] 1.048*** +4.8%
× 14-day ahead 0.984*** (0.003) [0.979, 0.990] 1.031*** +3.1%
× 21-day ahead 0.975*** (0.003) [0.970, 0.981] 1.022*** +2.2%
× 28-day ahead 0.969*** (0.003) [0.964, 0.975] 1.015*** +1.5%

Model Statistics: Pseudo R2 (CS) = 0.464; Log-Likelihood = 5,985,040; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table

shows the GLM coefficients and their significance for model GLM-2a. We only discuss urbanicity and lookahead interaction coefficients. For clarity

purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Section B.2.3.2

and table B.16. Model Diagnostics are provided in Figure B.6. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the

outcome, SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a

particular urbanicity level compared to the Large Metropolitan (LM) areas within each lookahead. The relative effect is represented by exp(Coef) and

computed as eβi+δij with coefficients from Equation 4. To evaluate better the relative effect, we also discuss the percentage change in forecast error

when compared to LM areas for each lookahead variable (% Diff from LM). This change is computed as (1 − eβi+δij ) ∗ 100% for a given urbanicity

level and lookahead value, and it represents the percentage increase or decrease in the forecast error (PBL) with respect to LM areas. All effects should

be interpreted as the relative difference compared to LM areas within each specific lookahead value. The relative coefficient significance is evaluated

using linearHypothesis in R (car package [69])

areas. This gap continues to narrow, decreasing to 4.9% for 21-day forecasts and further reducing to

2.0% for 28-day predictions.

SMM areas exhibit a similar pattern but with smaller magnitudes of disparity compared to MC.

These areas show prediction errors 4.8% higher than LM areas for 7-day forecasts. Again the pattern

of the disparity decreasing is also observed for SMMs, with relative effects showing 3.1% higher

errors for 14-day forecasts, 2.2% for 21-day forecasts, and 1.5% for 28-day forecasts compared to

LM areas. These differences, while smaller, remain statistically significant across all forecast horizons

(p < 0.001).
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Table 3.10: GLM-2b: Urbanicity × Phase Effects Relative to LM Areas

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from LM
Micropolitan (MC) (Phase 0 ref.) 1.116*** (0.003) [1.110, 1.122] 1.116*** +11.6%

× Phase 1 0.997 (0.003) [0.991, 1.003] 1.113*** +11.3%
× Phase 2 0.858*** (0.004) [0.852, 0.864] 0.958*** -4.2%
× Phase 3 1.007* (0.003) [1.001, 1.014] 1.124*** +12.4%
× Phase 4 0.915*** (0.003) [0.909, 0.921] 1.021*** +2.1%
× Phase 5 0.820*** (0.004) [0.814, 0.827] 0.915*** -8.5%
× Phase 6 1.004 (0.004) [0.996, 1.013] 1.120*** +12.0%

Small/Medium Metro (SMM) (Phase 0 ref.) 1.091*** (0.003) [1.085, 1.098] 1.091*** +9.1%
× Phase 1 0.960*** (0.004) [0.953, 0.966] 1.047*** +4.7%
× Phase 2 0.876*** (0.004) [0.869, 0.883] 0.956*** -4.4%
× Phase 3 0.998 (0.004) [0.991, 1.006] 1.089*** +8.9%
× Phase 4 0.898*** (0.004) [0.891, 0.904] 0.980*** -2.0%
× Phase 5 0.862*** (0.005) [0.854, 0.870] 0.940*** -6.0%
× Phase 6 0.971*** (0.005) [0.963, 0.980] 1.059*** +5.9%

Model Statistics: Pseudo R2 (CS) = 0.466; Log-Likelihood = 5,987,062; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The

table shows the GLM coefficients and their significance for model GLM-2b. We only discuss urbanicity and phase interaction coefficients. For clarity

purposes, all other main effects and control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Tables B.17

and B.18. Model Diagnostics are provided in Figure B.6. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome,

SE: Standard Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular

urbanicity level compared to the Large Metropolitan (LM) areas within each phase. The relative effect is represented by exp(Coef) and computed as

eβi+δij with coefficients from Equation 4. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared

to LM areas for each phase (% Diff from LM). This change is computed as (1− eβi+δij )∗100% for a given urbanicity level and phase, and it represents

the percentage increase or decrease in the forecast error (PBL) with respect to LM areas. All effects should be interpreted as the relative difference

compared to LM areas within each specific phase. The relative coefficient significance is evaluated using linearHypothesis in R (car package

[69])

3.3.4.2 GLM-2b: Urbanicity and COVID-19 Phase

Both MC and SMM areas show significantly different prediction performance compared to LM

areas, with these disparities varying substantially across different pandemic phases (See Table 3.10).

MC areas demonstrate the highest baseline disparity (Phase 0), with prediction errors 11.6%

higher than LM areas. The magnitude of this disparity fluctuates notably across different pandemic

phases. During Phase 3, MC areas experienced their largest disparity, with errors 12.4% higher than

LM areas. Conversely, Phases 2 and 5 show a reversal of this pattern, with MC areas actually perform-
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ing better than LM areas, showing 4.2% and 8.5% lower errors respectively (p < 0.001). Phases 1 and

6 maintained similar disparities to the baseline (11.3% and 12.0% higher errors)

SMM areas show a similar but less pronounced pattern of disparities. The baseline prediction

errors for SMM areas are 9.1% higher than LM areas. Like MC areas, SMM areas show varying

performance across phases, but with generally smaller magnitudes of disparity. The pattern of better

performance in Phases 2 and 5 is repeated, with SMM areas showing 4.4% and 6.0% lower errors than

LM areas respectively (p < 0.001). The highest disparities for SMM areas occur in Phase 3 (8.9%

higher errors) and Phase 6 (5.9% higher errors).

3.3.4.3 GLM-2c Urbanicity and Model Type

Table 3.11: GLM-2c: Urbanicity × Model Type Effects Relative to LM Areas

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from LM
Micropolitan (MC) (Compartmental ref.) 1.066*** (0.001) [1.063, 1.069] 1.066*** +6.6%

× Baseline Models 0.984*** (0.004) [0.977, 0.991] 1.049*** +4.9%
× Deep Learning 0.979*** (0.003) [0.974, 0.985] 1.044*** +4.4%
× Ensemble 0.988*** (0.002) [0.984, 0.992] 1.053*** +5.3%
× Statistical 1.029*** (0.002) [1.024, 1.034] 1.097*** +9.7%

Small/Medium Metro (SMM) (Compartmental ref.) 1.028*** (0.001) [1.025, 1.031] 1.028*** +2.8%
× Baseline Models 1.000 (0.004) [0.992, 1.009] 1.028*** +2.8%
× Deep Learning 0.983*** (0.003) [0.976, 0.989] 1.011*** +1.1%
× Ensemble 0.990*** (0.002) [0.986, 0.995] 1.018*** +1.8%
× Statistical 1.019*** (0.003) [1.014, 1.025] 1.048*** +4.8%

Model Statistics: Pseudo R2 (CS) = 0.462; Log-Likelihood = 5,983,479; N = 1,526,869

Notes: p < 0.001, p < 0.01, p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table shows

the GLM coefficients and their significance for model GLM-2c. We only discuss urbanicity and model type interaction coefficients. For clarity purposes,

all other control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Tables B.19 and B.20. Model Diagnostics

are provided in Figure B.6. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome, SE: Standard Error and CI:

Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular urbanicity level compared to the

Large Metropolitan (LM) areas within each model type. The relative effect is represented by exp(Coef) and computed as eβi+δij with coefficients from

Equation 4. To evaluate better the relative effect, we also discuss the percentage change in forecast error when compared to LM areas for each model

type (% Diff from LM). This change is computed as (1− eβi+δij ) ∗ 100% for a given urbanicity level and model type, and it represents the percentage

increase or decrease in the forecast error (PBL) with respect to LM areas. All effects should be interpreted as the relative difference compared to LM

areas within each specific model type. The relative coefficient significance is evaluated using linearHypothesis in R (car package [69])
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Table 3.11 shows the interaction effect analysis for urbanicity levels and types of forecast mod-

els. Overall, we observe that MC and SMM suffer from higher PBL errors than LM areas across all

types of forecasting models.

The highest performance disparities across model types are observed between MC and LM coun-

ties. Specifically, statistical models are the ones with the most pronounced differences, with MC areas

experiencing 9.7% higher errors than LM areas; followed by Compartmental models (reference group)

at 6.6%, Ensemble models at 5.3%, baseline models at 4.9% and deep learning models at 4.4%. All

these differences remain statistically significant (p < 0.001).

As seen before for prediction lookaheads and some phases, SMM areas demonstrate a similar

pattern but with smaller magnitudes of disparity. Statistical models show the largest disparity between

SMM and LM counties, with PBL errors being 4.8% higher in SMM areas. Compartmental (reference

group) and baseline model prediction errors for SMM counties are 2.8% higher than LM areas. The

disparities are notably smaller for ensemble and deep learning models. Ensemble models have PBL

errors 1.8% higher in SMM counties when compared to LM counties, while deep learning models

forecasting cases in SMM counties have PBL errors 1.1% higher than LMs.

These findings suggest that deep learning models may be most effective at minimizing urbanization-

related disparities in prediction accuracy. Conversely, statistical models appear to amplify these dis-

parities across both MC and SMM areas. The consistent pattern of higher disparities in MC areas

compared to SMM areas, regardless of model type, indicates that predictive challenges in less urban-

ized areas persist across modeling approaches, though their magnitude can be influenced by model

selection.
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3.3.4.4 GLM-2d: Urbanicity and Mobility Data

Table 3.12: GLM-2d: Urbanicity × Mobility Usage Effects Relative to LM

Coefficient Estimates Relative Effect
Variable eCoef. (SE) 95% CI eCoef. % Diff from Rural
Micropolitan (MC) (No Mobility ref.) 1.088*** (0.002) [1.084, 1.092] 1.088*** +8.8%

× Mixed 0.979*** (0.003) [0.974, 0.984] 1.065*** +6.5%
× Mobility Used 0.972*** (0.002) [0.968, 0.976] 1.058*** +5.8%

Small/Medium Metro(SMM) (No Mobility ref.) 1.056*** (0.002) [1.052, 1.061] 1.056*** +5.6%
× Mixed 0.976*** (0.003) [0.970, 0.981] 1.031*** +3.1%
× Mobility Used 0.963*** (0.002) [0.958, 0.967] 1.017*** +1.7%

Model Statistics: Pseudo R2 (CS) = 0.462; Log-Likelihood = 5,983,425; N = 1,526,869

Notes: ***p < 0.001, **p < 0.01, *p < 0.05. Dependent Variable: Square root PBL. Link Function: Log. Regression Family: Gaussian. The table

shows the GLM coefficients and their significance for model GLM-2d. We only discuss urbanicity and mobility usage interaction coefficients. For clarity

purposes, all other control variables: Health outcomes, age 65+ and state fixed effects are only shown and discussed in Section B.2.3.2 and table B.22.

Model Diagnostics are provided in Figure B.6. For the Coefficient Estimates, exp(Coef) represents the multiplicative effect on the outcome, SE: Standard

Error and CI: Confidence Interval. The Relative Effect represents the multiplicative effect on the forecast error (PBL) of a particular urbanicity level

compared to the Large Metropolitan (LM) areas within each mobility usage category. The relative effect is represented by exp(Coef) and computed as

eβi+δij with coefficients from Equation 4. To better evaluate the relative effect, we also discuss the percentage change in forecast error when compared

to LM areas for each mobility usage category (% Diff from LM). This change is computed as (1 − eβi+δij ) ∗ 100% for a given urbanicity level and

mobility usage category, and it represents the percentage increase or decrease in the forecast error (PBL) with respect to LM areas. All effects should

be interpreted as the relative difference compared to LM areas within each specific mobility usage category. The relative coefficient significance is

evaluated using linearHypothesis in R (car package [69])

Table 3.12 represents the interaction analysis between urbanization levels and the use of mobility

data in forecasting models. The relative effects analyses show a similar pattern to the other model-data

characteristics we have discussed i.e., when compared against LM counties, MC and SMM counties are

associated with significantly higher prediction errors across mobility data use approaches (no mobility

data, mobility data or mixed model).

MC areas exhibit the largest disparity, with prediction errors 8.8% higher than LM areas when

no mobility data is used to train the COVID-19 case forecasting models. This disparity is modestly

reduced when mobility data is used, with MC areas showing 5.8% higher errors compared to LM areas,

and 6.5% higher errors for mixed models (ensemble of models trained with and without mobility data).

Both reductions in disparity are statistically significant (p < 0.001).
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On the other hand, SMM areas demonstrate a similar pattern but with smaller magnitudes of

disparity. Not using mobility causes prediction errors for SMM areas to be 5.6% higher than LM

areas. The incorporation of mobility data appears to be more effective in reducing disparities for

SMM areas as well, with models using mobility data showing only 1.7% higher errors compared to

LM areas. Mixed models, based on CDC ForecastHub ensembles of both models trained with and

without mobility data show an intermediate improvement, with 3.1% higher errors compared to LM

areas.

Summary: Urbanicity X Model-Data Characteristics

⇒ SMM and MC are consistently associated to higher prediction errors compared to LM

across most configurations.

⇒ Disparities decrease with longer forecast horizons.

⇒ Phases 2 and 5 saw a reversal in the pattern with SMM and MC performing better than

LM counties.

⇒ Deep learning models demonstrated most balanced performance across urbanization lev-

els.

⇒ Mobility data usage generally helps reduce prediction disparities

3.4 Dashboard

This paper has revealed significant disparities in COVID-19 case prediction accuracy across race,

ethnicity and urbanization level. The regression analyses we have presented, evaluate the relationship

between COVID-19 case prediction errors and racial and ethnic groups, urbanization level, model
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type, the use of mobility data, lookahead, and phase. Our findings are based on global trends across

all Forecast Hub models, and provide general recommendations for researchers working in COVID-19

prediction models and for decision makers using case predictions to inform pandemic policies. For

example, we have shown that mobility data helps reduce the forecast error disparities between racial

groups and urbanization levels. This fact can be used modelers and decision makers to support the use

of mobility data to enhance forecast models.

Nevertheless, it is important to acknowledge that researchers and decision makers might also

want to assess the specific performance of each COVID-19 county case prediction model individually,

exploring PBL error differences between racial and ethnic groups or urbanization levels for a given

model, their statistical significance, or whether these differences persist when considering specific

lookaheads or phases. To enable individual model evaluation, we have created an interactive dashboard

(see Figure 3.3), that will be made publicly available upon the publication of this paper. The dashboard

displays a model’s performance error (PBL) for a given protected attribute - race and ethnicity or

urbanization level - that can be selected by the user from the user interface.

To allow for meaningful explorations, the individual model errors are displayed using the Accu-

racy Equality Ratio (AER) [32], which measures the difference in error distributions between protected

and unprotected groups for a given protected attribute. The AER is computed as a quotient between

the model’s performance error (PBL) for a given protected group g across all counties and the model’s

performance error for the unprotected group across all counties: AERg =
PBL(protected group g)
PBL(unprotected group)

where

PBL(protected group g) and PBL(unprotected group) are the pinball ball loss metric for pro-

tected and unprotected groups respectively. For the race and ethnicity protected attribute we define

three protected groups with respect to the White unprotected group: Asian, Black and Hispanic, and

associate the plurality race to each county, i.e., the race or ethnicity that makes up the largest percent-
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Figure 3.3: Forecast Hub Fairness Dashboard showing the Average Error Ratio (AER)
distribution across different COVID-19 prediction models, organized by model type.
Within each model type, teams are sorted in ascending order based on their median AER
values. Since the user has selected “Only Race” as the variable of interest (see bottom left
box) and “Hispanic” as the protected variable (see bottom center box), the AER values
compare prediction errors between Hispanic and White counties, where values above 1.0
indicate higher prediction errors for Hispanic counties. Box plots show the distribution
of AER values across all predictions, with the center line representing the median, boxes
showing the interquartile range, and whiskers extending to the minimum and maximum
values.

age for that county. For the urbanization code, we use the protected groups described in the paper:

Micropolitan (MC) and Small and Medium Metro Areas (SMM) with Large Metropolitan Areas being

the unprotected group. Similar error distributions between the protected and the unprotected groups

will produce AER values close to one. AER values larger than one point to higher errors for the pro-

tected group, and AER values smaller than one point to higher errors for White or large metropolitan

counties (baseline groups).
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Interactive Features. The dashboard allows users to carry out different types of racial/ethnic

and urbanization fairness analyses for each individual model. As shown in the four boxes at the bottom

of Figure 3.3, the dashboard includes the following key interactive features:

• Variables of Interest Selection: Users can choose from six different analytical perspectives to

analyze the fairness of a given COVID-19 forecast model:

– Race or ethnicity analysis, that allows to analyze the fairness of the predictions for a given

minority race with respect to White (see example in Figure 3.3)

– Urbanicity analysis, that allow to evaluate the fairness of the predictions for a given urban-

ization level with respect to large metropolitan areas (see Figure B.7)

– Analysis at the intersection of race/ethnicity and lookahead periods or pandemic phases,

that allows to evaluate differences in COVID-19 forecast fairness for a given minority race

(with respect to White) and for a given lookahead or pandemic phase (see Figure B.8,

Figure B.9 for a couple of examples)

– Urbanicity and lookahead periods or pandemic phases analysis, allowing users to explore

differences in COVID-19 forecast fairness for a given urbanization level (with respect to

large metropolitan areas) and a given lookahead or phase (see Figure B.10, Figure B.11 for

a couple of examples)

• Protected Variable Selection: The dashboard allows users to focus on specific demographic

groups:

– For racial/ethnic analysis: Black, Hispanic, or Asian AER (White is the baseline group)

– For urbanicity analysis: Micropolitan or Small/Medium Metro AER (Large Metropolitan
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(a) LUcompUncertLabVAR 3streams (b) IowaStateLW STEM

Figure 3.4: Model fairness card displaying key performance metrics including model in-
formation, prediction error differences between protected and unprotected groups, AER
values, and coverage statistics.

is the baseline group)

• Temporal Analysis Options:

– Phase selection (0-6) for analyzing performance across different pandemic periods

– Lookahead periods (7, 14, 21, or 28 days) for examining how prediction fairness varies

with forecast horizon

Sample Use Case. Figure 3.3 shows an example of the dashboard for the exploration of indi-

vidual model performance by race and type of model, with a focus on the relationship between the

prediction errors for Hispanic and White counties (AERHispanic). The box plots for each model rep-

resent its AER distribution across all counties; and a user can explore the median AER as well as its

quantiles for each predictive model. In this example, most of the AERs are above one, pointing to

unfair forecasts (higher errors) for the Hispanic group when compared to White counties.

Hovering over the model points displays all the information in the format of a ‘fairness nutri-

tional card’ as shown in Figure 3.4. ’Nutritional labels’ were proposed by Stoyanovich and Howe
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to assess model fairness [161] drawing an analogy to the food industry, where simple, standard la-

bels convey information about the ingredients and production processes. We have adapted these cards

to the COVID-19 fairness context, as a way to provide detailed COVID-19 forecast model fairness

information. The fairness nutritional cards in our dashboard (see Figure 3.4 for a sample) provide

detailed information organized into four key sections: (1) Model Information, which identifies the

team name and the variables being analyzed; (2) Mean Difference with Unprotected Reference Group,

which quantifies the prediction error differences between protected and unprotected groups in terms of

PBL values, including upper and lower bounds; (3) Team AER Values, showing both the median and

specific AER values that indicate the relative performance between groups; and (4) Coverage Info,

which provides context about the number of counties and total predictions covered by each team.

Looking into Figure 3.3 and Figure 3.4, we can observe that the IowaStateLW STEM model

exhibits a wide range of median AER values (min: 1.172, max: 4.772, median: 1.588) across its

predictions, indicating highly variable fairness performance when assessed across different phases and

lookaheads. On the other hand, the LUcompUncertLab VAR 3streams model shows consistent median

AER values within a small range from 1.228 to 1.334 (median: 1.280). Comparing both models,

we observe that although both of them are systematically producing predictions that are less fair for

Hispanic counties (AER values are larger than 1), the LUcompUncertLab VAR 3streams model has

lower max AER values, suggesting that model might be a better choice.

Overall, we posit that the dashboard facilitates dynamic exploration of a diverse set of metrics

across different dimensions, allowing users to examine how fairness measures vary with changes in

pandemic phases and lookahead through the user interface. When exploring these temporal variables,

the nutritional card automatically updates to display the relevant phase or lookahead information for

the selected view.
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3.5 Discussion

This study highlights the critical need to audit COVID-19 prediction models due to significant

disparities in prediction accuracy. Our findings reveal that certain minority groups, especially Hispanic

communities, and less urbanized areas consistently experience higher prediction errors. The race and

ethnicity analysis revealed that increases in Hispanic population (when compared to White) exhibit

significantly higher PBL errors; while increases in Asian and Black population are associated with

lower PBL errors when compared to the White population (reference group), and while controlling

for health outcomes and older population at the county level. The analysis on urbanization levels, on

the other hand, revealed an inverse relationship between the level of urbanization and the magnitude

of prediction errors underscoring the unique challenges encountered by rural areas. Rural counties

consistently face higher prediction errors than their urban counterparts, a pattern that persists across

various model types and forecast windows.

Potential Reasons. These findings could be related to data quality (COVID-19 cases, mobility

data) or structural problems. Hispanic groups or less urbanized areas being associated with signif-

icantly higher errors (when compared to their baselines: White population and large metropolitan

area), could point to lack of quality COVID-19 case or mobility data for the Hispanic population and

less urbanized areas. It could also be due to more complex spreading patterns that make COVID-19

cases harder to predict for the Hispanic population or rural areas, or two structural differences such as

reduced access to medical facilities or testing sites. On the other hand, these findings are also pointing

to better COVID-19 case or mobility data for Asian and Black population when compared to White;

or to simpler spreading patterns that are easier to forecast, hence producing lower errors.

The implications of these findings are significant, since systematic disparities in model perfor-
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mance could lead to unfair distribution of public health resources or to less effective pandemic response

efforts in Hispanic counties and in less densely populated regions, when compared to White and urban

regions. Our definition of prediction fairness is focused on achieving similar prediction errors across

racial, ethnic and urban-rural groups because COVID-19 cases have been used to make resource allo-

cation and intervention decisions e.g., hospital beds or stay-at-home orders. Hence, higher prediction

errors for minority racial groups or rural regions could in turn translate into unfair resource allocation

for communities that have borne the brunt of the pandemic. Ultimately, we want to ensure our findings

serve as a critical call to action for researchers and decision makers to analyze model performance

disaggregated by racial/ethnic and urban-rural variables.

Interaction Analysis. Our interaction analysis provides a more multifaceted understanding of

fairness in COVID-19 modeling. We find that deep learning models tend to produce the lowest dispar-

ities in errors across racial, ethnic and urban-rural groups, while compartmental and statistical models

tend to be associated with the highest disparities. Our results have also shown that the use of mobility

data helps reduce prediction error disparities for racial and ethnic groups as well as across urbanization

levels. Short-term lookaheads and certain pandemic phases (case-peak phases 1, 3 and 4) are also asso-

ciated with higher prediction error disparities for minority racial groups and rural areas. These findings

highlight the complex interplay between model characteristics, data inputs, and social determinants in

shaping prediction fairness.

Potential Reasons. Decreasing disparities in prediction errors for higher lookaheads could be

due to a reduction in the effect of COVID-19 case data bias (positive or negative) for minority groups

and less urbanized areas. In fact, as the lookahead increases, prior work has shown that case prediction

becomes more difficult [1], and this forecasting complexity appears to have a stronger effect than data

bias on the prediction errors, thus making all errors more similar (more fair) across racial/ethnic groups
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and urbanization levels. When looking into prediction error disparities across phases and race/ethnicity

or urbanization levels, we argue that the higher prediction differences tend to take place during initial

phases of the pandemic, which could point to factors like initial data collection issues, testing acces-

sibility, or reporting practices that may have varied across racial and ethnic groups during the early

stages of the pandemic, especially for Hispanic groups and less urbanized areas. It also revealing of

the fact that there were very limited historical COVID-19 case data to learn from in the early phases.

Looking into types of models, deep learning (DL) models appear to be the best choice to reduce

performance error differences between LMs and less urbanized areas; while DL models also appear

to be a good compromise across minority groups. This could be pointing to DL modeling being able

to better capture spatio-temporal dependencies without the behavioral assumptions of compartmental

or statistical models, that show higher performance differences for some racial groups and across less

urbanized levels.

Finally, mobility data appears to be providing additional information (insights into behavioral

patterns) that helps reduce biases in model performance across the aforementioned sensitive groups.

These interaction results highlight the need for researchers and modelers to carefully examine

their data sources, model assumptions, and potential biases that could lead to unfair predictions for

certain population groups. Incorporating fairness considerations into the model development, valida-

tion, and deployment processes is essential to ensure equitable outcomes. Public health officials and

policymakers should be aware of the potential disparities in the accuracy of COVID-19 prediction

models and work closely with modelers to mitigate these disparities. Failure to address these issues

could lead to the perpetuation of health inequities and could eventually undermine the effectiveness of

pandemic response efforts.

In addition to our findings, this study has several limitations that should be acknowledged.
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Firstly, we had to exclude some U.S. counties from our analysis due to insufficient data availability for

the data sources we used. Second, while our work primarily focused on urbanicity and race/ethnicity as

fairness-related variables, other important attributes, such as socioeconomic status or access to health-

care, etc, were not considered and could be explored in future research. Additionally, we were unable

to incorporate all minority racial groups like AIAN and NHPI due to inadequate population sizes,

which constrained our ability to assess fairness comprehensively across all demographic groups.

Moving Forward. In our study, we have focused exclusively on county-level predictions be-

cause these are closer to local realities and allow for more actionable decision-making than state-level

predictions. However, county-level statistics were collected only for COVID-19 cases, with hospital-

izations or deaths only accounted for at the state level. Since prior work has shown that case counts

might be more biased than hospitalization or death statistics [51], the results reflected in this paper

could potentially change if hospitalization or death data were available at the county level and this

study was replicated.

We posit that future research in COVID-19 case prediction models should focus on developing

and validating bias mitigation strategies that account for performance disparities across race, ethnicity

and urbanization levels. This may involve exploring alternative data sources, refining model architec-

tures, and incorporating techniques to ensure fairness across different population groups. Additionally,

more comprehensive and standardized race and ethnicity data collection in public health surveillance

systems is crucial to enable accurate assessments of model fairness and to guide equitable decision-

making.
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Chapter 4: Assessing Ethnoracial Disparities in COVID-19’s Impact on Small Busi-

nesses in US Metro Areas Using Mobility Data

4.1 Introduction

The outbreak of the COVID-19 pandemic brought unprecedented challenges to communities

worldwide, prompting the implementation of various non-pharmaco- logical interventions (NPIs) aimed

at limiting mobility and curbing the spread of the virus [15, 110]. These interventions, such as nation-

wide lockdowns and remote work strategies, underscored the crucial role of restricting movement in

containing the epidemic [134, 135]. While these measures were effective in mitigating the health cri-

sis, they also had significant repercussions for businesses, particularly small establishments that form

the backbone of local economies [50, 59].

The pandemic has also exposed and magnified pre-existing socioeconomic disparities and sys-

temic inequities within our society. In fact, vulnerable populations, including racial and ethnic minori-

ties, have borne a disproportionate burden of the pandemic’s impact including anti-Asian racism [99]

as well the condition of being frontline workers [133]. Understanding the impact of COVID-19 on

small businesses and its intersection with racial composition is also vital for policymakers, community

leaders, and stakeholders. By identifying disparities and informing targeted interventions, tangible

work can be done towards fostering a more equitable recovery and supporting the long-term sustain-
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ability of small businesses.

To better understand the implications of COVID-19 on small businesses and to shed light on the

intersection of ethnorace and business resilience, this study leverages aggregated geolocated cell phone

data from SafeGraph, characterizing visits to small urban businesses in the US, with demographic data

related to the social composition of the areas where these businesses are located. Analyzing business

visitation patterns at the level of Census Block Groups in the US, we aim to provide insights into

the changes in small urban business activity and their association with the race and ethnicity of their

tracts. Although many types of businesses were affected by the pandemic, we focus on non-chain

urban restaurants because these small businesses are major contributors to job creation while also

being more vulnerable to falling demand [50].

The objective of this research is twofold. Firstly, we examine the overall changes of restau-

rant visitation patterns following the onset of the pandemic, assessing the extent to which small urban

restaurant businesses in the US have been affected and are recovering from the initial shock. Secondly,

we investigate whether disparities in visitation patterns exist across different racial and ethnic groups,

seeking to uncover potential inequities in the recovery process across metropolitan areas. By delving

into the visitation patterns and changes in visitation volumes across restaurants, we can gain valuable

insights into the specific challenges faced by small urban restaurant businesses in the US during the

COVID-19 pandemic. This information will contribute to a more nuanced understanding of the restau-

rant industry’s dynamics and inform targeted strategies and support mechanisms for these vulnerable

businesses.

The rest of the paper is organized as follows. In Section 2, we present a comprehensive descrip-

tion of the mobility and census data we will use in the analysis. Section 3 describes the statistical

and visualization methods we use to explore changes in restaurant visitation patterns during the pan-
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demic, and to examine the relationship between ethnorace and visitation changes as well as recovery

patterns. Finally, Section 4 will present our main findings, followed by Section 5 with a description of

the proposed future work.

4.2 Data

4.2.1 Mobility Data

The mobility patterns of millions of anonymized users in the US were tracked using mobile app

software development kits (SDKs) by SafeGraph, a data provider that made this information publicly

available at the beginning of the pandemic. To analyze the impact of COVID-19 on business visita-

tion patterns, we utilized the points of interest (POIs) dataset from SafeGraph. We focused on two

components of the POI data:

• Core POI: It includes the name and brand (indicating whether the POI is a part of a chain)

• Patterns: It includes the volume of daily visits per identified POI in the Safegraph database.

To focus specifically on small business restaurants, our analysis involves extracting points of

interest (POIs) that meet two criteria: they are not associated with any chain (brand), and they fall

within the category of “Restaurants and Other Places”. Around 80% of POIs in SafeGraph have no

brand associated as they are single commercial locations. The visit patterns were measured as changes

in volumes compared to the traffic before the pandemic. We collected SafeGraph data from January

1st, 2020 to January 31st, 2021. The data collected between January 1st, 2020, and March 7, 2020, was

defined as the baseline to assess changes in visitation patterns during the pandemic, which we mark

with a starting date of March 15, 2020. To reveal long-term trends that may be concealed by occasional
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fluctuations we utilized a 7-day rolling average to smooth the time series data. This approach enables

us to identify significant changes and discern overall changes in the data, providing a clearer picture

of the long-term effects of the pandemic on small business restaurant visitation patterns.

4.2.2 ACS Data

To evaluate disparities in the impact of COVID-19 on small urban restaurant businesses with

respect to race and ethnicity, we utilized three datasets obtained from the American Census Survey

datahub1. These datasets provided valuable information for our research:

• CBG ShapeFiles: We utilized CBG ShapeFiles to gather the boundaries of the Census Block

Groups. We use CBG as the geographical unit of analysis, assigning to each CBG the changes

in volumes of visits to small restaurants located within the CBG.

• Urban-rural classification: This dataset helped us identify urban CBGs by categorizing re-

gions based on their urban level. We specifically focused on CBGs classified as level 1, which

corresponds to large metropolitan counties.

• Race Distribution: This dataset provided detailed information on the racial composition of the

population at the Census Block Group (CBG) level. It allowed us to examine the distribution of

different racial groups within specific geographic areas. To carry out the proposed analysis, each

CGB was associated to the majority group race i.e., the race with the largest population volume

in that CBG.

Figure 4.1 shows all the urban Census Block Groups representing large metropolitan areas, pro-

viding an overview of the locations used in our analysis. Figure 4.2 represents the count of CBGs
1https://data.census.gov/
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Figure 4.1: Urban Census Block Groups representing all the large metropolitan areas used
in our analysis.

associated to each majority race. To delve deeper into the analysis, Figure 4.3 shows an example of

the racial composition across CBGs for the Bay area and for New York City.

Figure 4.2: Count of CBGs associated to each majority race.
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(a) Racial composition of CBGs in the Bay Area,
Northern California.

(b) Racial composition of CBGs in and around New
York City.

Figure 4.3: Racial composition at selected urban locations.

4.2.3 Why CBGs as a proxy measure of localized impact?

Firstly, CBG allows for a localized impact assessment. It provides a finer level of granularity

than larger geographic units, such as census tracts or counties. By focusing on CBGs, researchers can

zoom in on specific neighborhoods or areas within a city or region. This localized approach enables

a more precise understanding of the effects of interventions, policies, or demographic changes on

smaller-scale populations.

Secondly, CBG is particularly useful when studying highly homogenous populations. In some

cases, neighborhoods or communities may exhibit a high degree of homogeneity in terms of race,

ethnicity, income level, or other demographic characteristics. By analyzing CBGs within these areas,

researchers can gain insights into the dynamics and changes occurring within these homogeneous

populations. This level of analysis can help identify trends, patterns, or disparities that may not be

evident when examining larger, more heterogeneous geographic units.

Lastly, the reliance on CBGs as the unit of analysis is prevalent in most quantitative studies

of neighborhood racial change [29, 136, 144]. Researchers often utilize CBGs because they offer a
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balance between geographic precision and sample size. CBGs generally have a population size that

is manageable for analysis while still providing enough data points to draw statistically significant

conclusions. This widespread usage of CBGs as a unit of analysis allows for comparability and con-

sistency across studies, facilitating the accumulation of knowledge and the identification of broader

trends.

4.3 Methodological Approach

For each urban CBG in the US, we compute a time series with the daily percentage change in

aggregated visits to small restaurants within that CBG. The daily percentage change reflects changes in

volumes of visits during the pandemic with respect to the predefined pre-pandemic visitation patterns.

To investigate the recovery patterns across ethnoracial groups, we carry out separate analyses for each

race and ethnicity by exclusively looking into the daily percentage change time series of census block

groups with the same ethnoracial majority. For instance, to examine the pattern specific to the Asian

demographic subgroup, we focus solely on the census clock groups - and their corresponding daily

visitation time series - where Asians constitute the majority population.

The proposed methodological approach will allow us to examine overall changes in restau-

rant visitation patterns following the pandemic, and whether disparities in visitation patterns exist

across racial and ethnic groups, seeking to uncover potential inequities in the recovery process across

metropolitan areas. Nevertheless, a potential limitation of this approach is that it will not reveal the

reasons behind changes in the visitation patterns i.e., small urban restaurants in specific ethnoracial

CBGs could have received fewer visits during the pandemic either because residents of that CBG

visited less their local restaurants, or because non-residents were visiting less that CBG. While the
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former would point to the impact of a specific ethnorace’s visiting behaviors to their local restaurants;

the latter would signal changes in visiting behaviors from non-residents to specific ethnoracial CBGs.

In addition, changes in visitation patterns for specific ethnoraces could also be due to higher volumes

of business closings.

To evaluate overall small urban restaurants’ recovery patterns, and changes across ethnoracial

groups, we will also analyze the average percentage change in volumes of visits during the pandemic

with respect to their corresponding pre-pandemic baselines, and we carry out this analysis for each

ethnoracial group across three phases: phase I or social distancing (from mid March till mid May),

phase II or management of the pandemic post-onset (from mid May till the end of November), and

phase III or vaccination phase, to characterize the period when vaccines became available for certain

social groups (from November onwards).

To evaluate statistical differences in recovery patterns across ethnoracial groups, we compute

a two-sample Kolmogorov-Smirnov test [124] between each pair of ethnoracial average percentage

change time series, with each average time series computed as the average of all time series across

CBGs of the same majority ethnorace. The KS test, which is non-parametric, is used to capture statis-

tically significant similarities and differences in both location and scale between pairs of ethnoracial

time series. This focused approach allows us to analyze and compare the recovery trajectories among

various racial communities. By employing this method, our objective is to identify any disparities or

variations in post-pandemic recovery patterns based on racial composition within urban settings.
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4.4 Results

Figure 4.4 shows heatmap matrices computed with the percentage change time series for the

CBGs in our analysis. Each CBG is represented by a time series from January 7, 2020 to January

31, 2021; and every CBG contributes to a single pixel per day in the heatmap matrix. The heatmap

matrix’s density reflects the combined contribution of each CBG, enabling a comprehensive visual

representation of the variations in visitation patterns over time and across ethnoraces. While 4.4(a)

displays the heatmap matrix for all the CBGs, Figures 4.4(b–f) show the percentage change time

series represented as heatmap matrices for each ethnicity or race in our analysis. Figure 4.5, on

the other hand, represents the average percentage change time series across all CBGs with the same

majority race. In other words, for each heatmap matrix in Figures 4.4(b–f), we compute its average

time series, which allows for a straight forward comparison of changes in restaurant visitation patterns

across ethnoraces.

As we can observe in Figure 4.4, right after the global onset of the pandemic (March 15, 2020)

the overall volume of visits to small urban restaurants as well as the volumes of visits disaggregated

by ethnorace heavily decreased and did not go back to normal even after one year into the pandemic.

To analyze disparities in visitation patterns and trajectory recoveries across ethnoraces, Figure 4.5

shows one time series per ethnorace, representing the average percentage changes in visitation patterns

for small restaurants located in CBGs of a specific ethnorace. Overall, we observe that all CBGs,

independently of their majority race were heavily affected by the pandemic with large percentage

decreases of visitation patterns when compared to the baseline. We also observe that all time series

reflect smooth trends across phases except for the American Indian time series, that suffers from more

oscillations probably due to the smaller number of majority CBGs of that race in our dataset. Despite
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(a) Heatmap matrix for CBGs across all groups (b) Heatmap matrix for CBGs with American Indian
Majority

(c) Heatmap matrix for CBGs with Asian Majority (d) Heatmap matrix for CBGs with Black Majority

(e) Heatmap matrix for CBGs with Hispanic Majority (f) Heatmap matrix for CBGs with White Majority

Figure 4.4: Heatmap matrices for percentage changes in visit patterns
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the large pandemic impact on visitation patterns, there exist nuanced differences across ethnoraces,

with majority Asian and majority American Indian being not only the most impacted, but also the ones

with the slowest recovery even after one year into the pandemic.

Figure 4.5: Average percentage change time series across all CBGs for each ethnicity or
race. The vertical dashed lines separate the pre-pandemic phase from phases 1, 2 and 3.

To quantify these differences, Table 4.1 displays the average percentage changes in visitation

patterns per ethnorace and across the three phases explained earlier. We can observe that Asian and

American Indian CBGs are the ones most impacted, with larger average percentage decreases in visits

with respect to pre-pandemic times of 42.7% and 41.7%, respectively, across all phases; reaching

maximum decreases of 63% and 62% respectively for phase 1 (onset of the pandemic). Table 4.2

shows the KS statistics and p-values for all combinations of ethnoracial average percentage change

time series. The null hypothesis was rejected for all pairs of distinct time series (p value = 0) and the
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Asian average percentage change time series is the one most different to the others (with the highest

ks statistic values). Put together with the findings in Table 4.1, this statistical analysis shows that

Asian CBGs are not only the least visited across pandemic phases, but that they are also the most

statistically significantly different from the other ethnorace’s distributions, with ks statistics in the

0.48 − 0.58 range when compared to majority Hispanic, White and Black CBGs, albeit more similar

to the American Indian time series (ks = 0.22).

American Indian Asian Black Hispanic White
Phase 1 -61.9199 (11.42972) -63.0853 (11.52541) -49.3982 (9.574766) -54.6981 (10.45263) -60.1125 (11.40951)
Phase 2 -44.7563 (8.186457) -47.9976 (4.229237) -36.8484 (4.287543) -41.2918 (3.107061) -37.1945 (5.706389)
Phase 3 -57.1392 (4.839321) -51.597 (1.347966) -43.0362 (2.738588) -44.043 (2.244181) -43.8665 (3.330658)

All Phases -41.7721 (21.8725) -42.709 (20.79114) -33.4509 (16.75843) -36.7284 (18.04656) -35.4661 (19.03601)

Table 4.1: Average percentage change and the standard deviation (std) in visitation patterns
per ethnorace over all the time period under study as well as for each phase.

KS Test American Indian Asian Black Hispanic White
American Indian (0.0, 1.0) (0.21995, 0.0) (0.38107, 0.0) (0.30179, 0.0) (0.31969, 0.0)

Asian (0.21995, 0.0) (0.0, 1.0) (0.58312, 0.0) (0.48593, 0.0) (0.50639, 0.0)
Black (0.38107, 0.0) (0.58312, 0.0) (0.0, 1.0) (0.27877, 0.0) (0.10997, 0.01761)

Hispanic (0.30179, 0.0) (0.48593, 0.0) (0.27877, 0.0) (0.0, 1.0) (0.32481, 0.0)
White (0.31969, 0.0) (0.50639, 0.0) (0.10997, 0.01761) (0.32481, 0.0) (0.0, 1.0)

Table 4.2: Two-sample Kolmogorov-Smirnov tests between each pair of ethnoracial aver-
age percentage change time series. For each pair of distributions we report the ks statistic
and its significance (p-value).
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Chapter 5: Do Footfalls Reliably Mirror Economic Activity?

5.1 Introduction

Understanding the health and resilience of businesses in real time has become increasingly criti-

cal for policymakers, investors, and researchers seeking to respond to economic disruptions and guide

recovery efforts. Numerous survey-based studies document business trajectories [17, 62, 63], includ-

ing large efforts such as the Small Business Pulse Survey [20], but these instruments typically lack

temporal granularity and are difficult to scale to large populations. In contrast, high-frequency human

mobility data—digital “footfalls” or visits to commercial establishments—offer fine-grained temporal

and spatial resolution, enabling near real-time monitoring of business activity and recovery dynamics

[86, 103, 125, 159]. A growing literature uses mobility as a leading indicator of economic resilience,

showing that place visits track disruption, adaptation, and rebound in local economies [140, 177, 178].

Together, these advances motivate the use of mobility as a high-resolution proxy for business health in

settings where timely decisions matter most.

However, translating mobility patterns into meaningful economic insight requires a nuanced

understanding of how foot traffic relates to actual spending, because visit–spend relationships are het-

erogeneous across sectors and business types [31]. The strength of these relationships varies markedly

across economic categories of POIs—essential goods, discretionary retail, routine services, and so-

cial/experiential establishments—which reflect different trip purposes, basket sizes, and purchase
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channels. The rapid expansion of digital commerce and omnichannel strategies [12] (curbside pickup,

mobile ordering, delivery) has further weakened any simple one-to-one mapping between a physi-

cal visit and realized spend, a shift accelerated during COVID-19. Restaurants increasingly decouple

physical visits from spending via delivery platforms and mobile ordering, so foot traffic alone can

underestimate business performance [157]. Retailers adopting “buy online, pick up in store” models

may generate single visits tied to multiple online transactions, while showrooming—visiting a store

to examine products before purchasing online—can inflate foot traffic without commensurate in-store

sales [141].

Given these complexities, a central question is how the visit–spend relationship has evolved amid

rapid changes in consumer behavior. Existing work on visit–spend relationships [31, 40] consistently

finds positive co-movements between visits and spending, but leaves several gaps. First, most anal-

yses operate at regional or broad business-type aggregates, masking heterogeneity that is critical for

economic monitoring; stable aggregates may conceal offsetting instabilities across categories. Second,

these studies provide limited evidence on the temporal stability of visit–spend elasticities across years,

despite the unprecedented disruptions of the COVID-19 period. Third, little attention has been paid to

how neighborhood demographic characteristics moderate visit–spend relationships by business type,

even though income, education, and racial/ethnic composition are known to shape consumer behavior

and spending patterns [44, 92].

More broadly, our work is situated within a larger literature that uses high-frequency mobility

from CDRs and smartphone traces to nowcast macroeconomic conditions and other high-stakes out-

comes at national, regional, and establishment scales [9, 86, 103, 112, 125, 127, 129, 140, 152, 159,

166, 168, 177, 178, 179], as well as work that benchmarks mobility-based proxies against population,

spending, or official statistics [31, 40, 49, 66, 137, 153]. We contribute to this literature by bring-
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ing the evaluation down to the business-category level and quantifying, at weekly resolution, both the

temporal stability and demographic moderation of visit–spend elasticities across multiple metropolitan

areas.

To do so, we focus on visit–spend elasticity, defined as the percentage change in spending asso-

ciated with a percentage change in visits, and pose two complementary research questions. First, we

study the temporal stability of category-specific elasticities: RQ1: Do visit–spend elasticities remain

stable over time within business categories, and which categories serve as the most reliable proxies for

economic activity? (Proxy validity). We trace how elasticities evolved from 2019–2024, identify the

most stable categories, and characterize how COVID-19 differentially affected visit–spend relation-

ships by business type. Second, we examine demographic moderation: RQ2: How do neighborhood

demographic characteristics moderate the visit–spend relationship across business categories? This

analysis quantifies how income, education, and racial/ethnic composition shape spending responsive-

ness to visits across different business types.

Our analysis leverages a comprehensive dataset spanning 12.5 million POI-week observations

from 52,051 establishments across six major metropolitan areas and twelve business categories from

January 2019 through December 2024. We estimate category-specific panel regressions with POI

fixed effects and year interaction terms to capture the temporal evolution of elasticities (RQ1), and

demographic interaction models to assess moderation effects (RQ2). Our goal is to clarify the condi-

tions under which mobility data serves as a reliable proxy for economic activity, an issue of growing

importance given the increasing reliance on mobility for real-time economic monitoring. The main

contributions of this paper are:

• Systematic assessment of category-specific proxy reliability across time and geography.
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We evaluate which business categories sustain robust visit–spend relationships and quantify

their temporal stability and cross-MSA consistency. Restaurants emerge as the most reliable

proxy, combining moderate elasticities with exceptional temporal stability and geographic con-

sistency. Discretionary retail categories exhibit the highest responsiveness but more variable sta-

bility across years and markets, whereas routine services show weak and statistically unreliable

relationships, with frequent non-significant estimates. We also document systematic structural

breaks induced by the pandemic.

• Evidence of systematic demographic moderation and implications for equitable economic

monitoring. We show that neighborhood demographics systematically moderate visit–spend

elasticities. Elasticities are consistently lower in neighborhoods with higher Hispanic population

shares across most categories, with grocery stores and restaurants showing particularly strong at-

tenuation. In contrast, income and education exhibit predominantly positive moderation effects.

Applying uniform elasticities would therefore tend to overstate spending losses and understate

true activity in communities with higher minority population shares, risking misdiagnosis and

misallocation of recovery resources.

5.2 Related Work

5.2.1 Mobility Data as a proxy for downstream tasks

A growing literature exploits high-frequency mobility data from CDRs and smartphone traces

to monitor high-stakes outcomes and nowcast macroeconomic conditions [103, 125, 127, 129, 152,

166, 168, 177]. At the regional level, Arhipova et.al. [9] uses aggregated, GDPR-compliant CDRs
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to classify Latvian municipalities by weekday/weekend patterns, construct an efficiency index, and

visualize commuting flows for ongoing monitoring. At the national scale, Spelta et.al.[159] combines

Facebook commuting and Google mobility data in a dynamic-factor model to produce daily nowcasts

of industrial production. At the establishment level, Goolsbee et.al. [86] use SafeGraph foot traffic to

compare businesses across county policy borders within the same commuting zone, showing that legal

shutdowns explain only a modest share of the collapse in visits, with most decline due to voluntary

distancing.

Beyond nowcasting, Pappalardo et.al. [137] builds a reproducible CDR pipeline that aggre-

gates mobility and social measures to estimate municipal deprivation and per-capita income, finding

mobility diversity to be the most informative predictor. Leslie et.al. [112] releases a weekly, sector-

resolved U.S. mobility dataset spanning 2019–2023 that summarizes visitors, distance, and dwell time

for millions of POIs at 2- and 4-digit NAICS levels, providing useful infrastructure for tracking sec-

toral activity. Additionally, Yabe et.al. [179] constructs behavior-based dependency networks from

same-day POI co-visits and show that these long-distance, category-biased links significantly improve

predictions of business resilience to shocks.

5.2.2 Evaluation of mobility data as a proxy

Multiple studies evaluate mobility data as a proxy for economic outcomes [66]. Couture et.al.

[49] provides a general-purpose measurement toolkit and public dataset that validates mobility signals

against population, spending, and transport benchmarks. Using five months of CDR data, Scepanovic

et.al. [153] infer users’ home and work locations to construct mobility metrics that proxy regional

socio-economic conditions. They validate these proxies through high correlations with census pop-
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ulation density and poverty indices, and by showing that commuting patterns match economic hubs

and infrastructure. Matsumura et.al. [125] maps smartphone GPS to POIs and factories, demon-

strating that service-sector foot traffic tracks official visitor and sales data, while factory foot traffic

improves industrial-production nowcasts in labor-intensive industries with lower RMSE than random-

walk baselines. Using UK district data, Cepparulo et.al. [40] estimates sizable elasticities between

Google mobility and in-store card spending, with results robust during lockdowns and reopening, pin-

pointing where mobility proxies are most informative. Campos et.al. [31] exploits a state-by-week

panel across Mexico’s 32 states to show that POS spending co-moves strongly with mobility, arguing

that mobility indicators provide credible real-time proxies for consumption in settings with limited

e-commerce and financial inclusion. Despite the important contributions of these studies, there still

exists a gap in modeling the temporal stability of visit-spend relationships at a granular level, as well

as in understanding how neighborhood demographics moderate these relationships, particularly given

the behavioral shifts accelerated by the COVID-19 pandemic.

5.3 Material and Methods

We employ a panel regression framework that leverages the longitudinal structure of our mobility

and spending data. Our empirical analysis utilizes a panel data structure, which combines cross-

sectional variation across establishments with time-series variation within each establishment over

multiple time periods. This design allows us to control for unobserved characteristics of individual

businesses while tracking how relationships evolve.

We employ logarithmic transformations for both our dependent and independent variables, where

log(spendi,t) denotes the logarithm of weekly spending at POI i in week t, and log(visitsi,t) denotes

107



Figure 5.1: Analytical framework for estimating visit–spend elasticities and moderation
effects. For each MSA and business category, we construct a weekly POI-level panel with
log(visits) and log(spend). RQ1 estimates yearly visit–spend elasticities using POI-week
observations with POI fixed effects, yearly fixed effects, and Driscoll–Kraay standard er-
rors to account for cross-sectional(spatial) & temporal dependence, as defined in eq. (5.1).
RQ2 extends this specification by interacting visit–spend relationships with neighborhood
socio-demographic characteristics to quantify moderation effects; the full specification is
provided in eq. (5.8).

the logarithm of weekly visitor counts to the same establishment. This logarithmic specification serves

two important purposes: first, it allows us to interpret our coefficients as elasticities – a fundamental

economic concept that measures the percentage change in one variable (spending) that results from a

1% change in another variable (visits) [130]. For example, an elasticity of 0.8 indicates that a 10% in-

crease in visits corresponds to an 8% increase in spending. Second, logarithmic transformation helps

address the right-skewed distribution of both spending and visit variables, improving the statistical

properties of our estimations. This elasticity measure is particularly valuable for economic analysis

because it provides a standardized metric that allows meaningful comparisons across different busi-

ness categories, time periods, and geographic markets, regardless of the underlying scale of spending
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or visit volumes. The framework is summarized in Figure 5.1.

5.3.1 Data Sources and Preprocessing

Our empirical analysis leverages a comprehensive dataset that uniquely enables the system-

atic examination of visit-spend elasticity patterns across business categories, time periods, and demo-

graphic contexts. The dataset combines high-frequency consumer visits to businesses with correspond-

ing spending data, allowing us to directly assess the temporal stability of these relationships (RQ1) and

examine how neighborhood demographic characteristics moderate elasticity patterns across different

business types (RQ2).

We integrate three primary data sources to construct our analytical dataset. (1) SafeGraph

Spend(https://docs.safegraph.com/docs/spend) provides daily aggregated and anonymized

credit and debit transaction data associated with specific points of interest (POIs), capturing the spend-

ing component of our visit-spend relationship. (2) Cuebiq(https://docs.spectus.ai/) con-

tributes fine-grained aggregated mobility data from anonymized users who have opted-in to pro-

vide access to their location data anonymously, through a CCPA and GDPR-compliant framework.

Through its Social Impact program, Cuebiq provides mobility insights for academic research and

humanitarian initiatives. The Cuebiq responsible data sharing framework enables research partners

to query anonymized and privacy-enhanced data, by providing access to an auditable, on-premise

Data Cleanroom environment. All final outputs provided to partners are aggregated in order to pre-

serve privacy. From this mobility data, we derive daily visit counts to POIs using visit attribu-

tion methods detailed in Algorithm 1,which are then up-scaled to population estimates by apply-

ing a county-level adjustment based on the Cuebiq device sample. (3) SafeGraph Places(https:
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//docs.safegraph.com/docs/places) supplies comprehensive POI geometry, identification

and categorization, enabling precise business type classification essential for our category-specific

analysis.

To address potential measurement error from systematic reporting delays documented by Safe-

Graph – particularly weekend spending data often attributed to Monday – we aggregate daily observa-

tions into weekly panels using custom temporal boundaries running Wednesday to Tuesday rather than

standard calendar weeks. This aggregation preserves the high-frequency nature of our data while en-

suring robust measurement of the visit-spend relationship across our 313-week panel spanning January

2019 through December 2024. This temporal coverage is crucial for RQ1, as it allows us to evaluate

how visit-spend relationships evolved during unprecedented economic shocks and whether categories

maintained stable elasticity patterns or experienced systematic disruptions that would compromise

their reliability as economic indicators.

Our sample encompasses twelve representative business categories that capture the breadth of

consumer economic activity, organized into four theoretically-motivated groups based on consumer

engagement patterns and spending behaviors: (1) Essential Goods: Grocery and Convenience Stores,

(2) Routine Services: Personal Care Services, Dry Cleaning and Laundry Services, (3) Social &

Experiential: Restaurants and Other Eating Places, Drinking Places, Specialty Food Stores, and (4)

Discretionary Retail: Clothing Stores, Shoe Stores, Electronics and Appliance Stores, Home Furnish-

ings Stores, Sporting Goods and Musical Instrument Stores, Department Stores. This categorization

reflects distinct consumer trip purposes, purchase patterns, and price points that theory suggests should

exhibit different visit-spend elasticity patterns. The diversity across categories enables our comparative

analysis of which business types serve as the most reliable economic proxies (RQ1), while the varia-

tion in discretionary versus essential spending allows examination of how demographic characteristics
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differentially moderate these relationships (RQ2).

We focus our analysis on six major metropolitan statistical areas (MSAs) representing diverse

economic structures and geographic regions: Chicago-Naperville-Elgin (CHI), Houston-Pasadena-

The Woodlands (HOU), Atlanta-Sandy Springs-Roswell (ATL), Washington-Arlington-Alexandria

(WAS), Miami-Fort Lauderdale-West Palm Beach (MIA), and Philadelphia-Camden-Wilmington (PHI).

This geographic diversity provides substantial variation in economic bases, regulatory environments,

and demographic compositions, enabling identification of generalizable patterns in visit-spend rela-

tionships while testing robustness across different metropolitan contexts.

To enable our demographic moderation analysis (RQ2), we integrate detailed neighborhood so-

cioeconomic characteristics from the American Community Survey (ACS) five-year estimates. Each

POI is matched to census block group (CBG) demographic characteristics, including median house-

hold income percentile, educational attainment (percentage with bachelor’s degrees or higher), and

racial/ethnic composition.

To ensure data quality and sufficient within-establishment variation for reliable analysis, we

implement three sequential quality filters.

1. Minimum 50 total observations per POI across the entire study period

2. Presence in at least 4 out of 6 years (2019-2024) to enable proxy validity analysis

3. Minimum 10 POI-week observations per active year when POI is present

Our final analysis dataset comprises 12.5 million POI-week observations from 52,051 unique

POIs across the six metropolitan areas and twelve business categories, as detailed in Table 5.1. This

structure yields 72 separate MSA-category combinations for analysis (6 MSAs × 12 categories). De-

tailed statistics of demographic distribution is provided in Table C.1.
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Business Category CHI HOU ATL MIA WAS PHI Total

Essential Goods
Grocery/Convenience 323,667 (1,201) 150,549 (630) 144,809 (544) 217,368 (779) 266,519 (958) 221,658 (813) 1,324,570 (4,925)

Routine Services
Personal Care 261,610 (1,314) 177,168 (942) 186,383 (925) 153,320 (787) 154,274 (773) 160,341 (810) 1,093,096 (5,551)
Drycleaning/Laundry 24,475 (122) 16,523 (89) 7,227 (38) 12,451 (62) 15,826 (79) 5,440 (31) 81,942 (421)

Social & Experiential
Restaurants 1,964,557 (7,992) 1,406,618 (5,633) 1,354,348 (5,350) 1,127,195 (4,609) 1,072,619 (4,473) 938,458 (3,951) 7,863,795 (32,008)
Bars/Pubs 60,852 (296) 40,868 (192) 28,822 (122) 25,702 (123) 25,360 (124) 23,893 (118) 205,497 (975)
Specialty Food 27,859 (132) 24,968 (115) 21,705 (102) 16,993 (82) 14,502 (68) 25,728 (117) 131,755 (616)

Discretionary Retail
Clothing 181,679 (789) 133,452 (572) 121,302 (506) 137,564 (592) 120,958 (522) 125,475 (544) 820,430 (3,525)
Electronics/Appliance 19,269 (81) 11,133 (50) 12,980 (59) 12,766 (58) 17,033 (73) 11,362 (49) 84,543 (370)
Department Stores 57,497 (204) 41,602 (148) 43,626 (159) 48,352 (178) 33,076 (120) 34,161 (124) 258,314 (933)
Home Furnishings Stores 20,226 (82) 14,532 (57) 15,140 (58) 14,685 (60) 17,700 (71) 12,189 (56) 94,472 (384)
Shoe Stores 45,085 (188) 39,402 (159) 35,250 (144) 36,954 (159) 26,668 (116) 29,028 (126) 212,387 (892)
Sporting/Hobby/Musical 85,183 (353) 55,089 (228) 62,940 (255) 45,815 (202) 47,906 (206) 47,960 (207) 344,893 (1,451)

Total 3,071,959 (12,754) 2,111,904 (8,815) 2,034,532 (8,262) 1,849,165 (7,691) 1,812,441 (7,583) 1,635,693 (6,946) 12,515,694 (52,051)

Table 5.1: Sample Size Distribution by MSA and Business Category after quality
filters. Table shows POI-week observations with number of unique POIs in parentheses.
Sample covers 2019-2024 period across six major metropolitan areas and twelve business

categories grouped by economic function.

5.3.2 RQ1: Proxy Validity and Temporal Stability Assessment

To evaluate which business categories serve as the most reliable proxies for economic activ-

ity, we assess both the strength of visit-spend relationships and their temporal stability (proxy va-

lidity) across different economic conditions. The elasticity estimates themselves indicate proxy va-

lidity—categories with strong, significant elasticities demonstrating that visit patterns effectively co-

move with spending patterns, making them suitable economic indicators. Additionally, we evaluate

whether these relationships remain stable over time, which is crucial for reliable economic moni-

toring. We estimate separate panel regressions for each MSA-category combination, extract elas-

ticity estimates across time and geographic markets, and systematically analyze both their magni-

tude/significance and their temporal consistency (stability) via the proxy validation metrics. For each

category c in MSA m, we estimate:
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log(spendi,t) = αi + β1 log(visitsi,t) +
2024∑

τ=2020

γτ [log(visitsi,t)× 1[Year = τ ]] + λτ(year) + εi,t (5.1)

where αi represents POI fixed effects for POI i, β1 captures the baseline elasticity using 2019

as the reference year, γτ measures year-specific deviations from this baseline, and λτ represents year

fixed effects that control for aggregate temporal trends common to all POIs in year τ . The year-

specific elasticity for any given year τ is obtained as β1 + γτ , allowing us to trace how the visit-spend

relationship evolves within each category. This specification enables us to identify both the average

elasticity level and its temporal stability, with particular attention to disruptions during the COVID-19

period and subsequent recovery patterns.

5.3.2.1 Proxy Validation metrics

From the category-specific panel regressions, we extract five key metrics to comprehensively

evaluate the proxy quality of visit-spend elasticities across multiple dimensions: responsiveness

strength, temporal consistency or stability, statistical robustness, COVID-19 resilience, and geographic

transferability. The metrics are based on the estimated coefficients where β1 represents the baseline

elasticity (2019 reference year) and γτ captures the year-specific deviation from baseline for year τ .

1. Responsiveness (Mean Elasticity): We calculate the average elasticity across all years for each

category:
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Responsiveness =
1

T

[
β1 + (β1 + γ2020) + (β1 + γ2021) + · · ·

]
= β1 +

1

T

2024∑
τ=2020

γτ . (5.2)

where, Y = {2019...2024} and T = |Y | = 6.

This metric quantifies how strongly spending responds to changes in foot traffic, with higher

values indicating greater economic sensitivity.

2. Temporal Stability: We measure temporal stability using the coefficient of variation of year-

specific elasticities:

Stability = 1− σ({β1, β1 + γ2020, ..., β1 + γ2024})
µ({β1, β1 + γ2020, ..., β1 + γ2024})

(5.3)

where σ(·) and µ(·) denote the standard deviation and mean of the elasticity estimates across

years, respectively.

3. Reliability (Statistical Significance Rate): We calculate the proportion of statistically signifi-

cant elasticity estimates across all years:

Reliability =
Number of significant elasticity estimates
Total number of year-specific estimates

(5.4)

where significance is determined at the α = 0.05 level. This metric reflects the statistical robust-

ness of the visit-spend relationship. Categories achieving ≥ 95% significance rates demonstrate

excellent reliability, while those below 70% show poor statistical consistency, indicating weak

or inconsistent economic relationships.
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4. COVID Disruption: To assess how the COVID-19 pandemic affected visit-spend relationships,

we measure statistically significant changes in elasticities during the acute pandemic period

(2020-2021) relative to the pre-pandemic baseline (2019). COVID disruption captures both the

magnitude and direction of pandemic-induced changes.

COVID Disruption =
1

|S|
∑
t∈S

[(β1 + γt)− (β1)] =
1

|S|
∑
t∈S

γt (5.5)

where S is the set of COVID years (2020, 2021) for which the total elasticity shows statistically

significant difference from the 2019 baseline, determined by non-overlapping 95% confidence

intervals:

S = {t ∈ {2020, 2021} : CI95(β1 + γt) ∩ CI95(β1) = ∅} (5.6)

Positive values indicate that COVID strengthened the visit-spend relationship (higher elasticity),

while negative values indicate weakening (lower elasticity). The metric is only calculated when

the baseline 2019 elasticity is statistically significant and at least one COVID year shows signif-

icant difference from baseline. If no statistically significant COVID impact is detected, we set

COVID Disruption = 0.

5. Geographic Consistency (Cross-MSA Stability)

To evaluate whether business categories serve as reliable economic indicators across different

MSAs, we assess the geographic consistency of visit-spend elasticities. This metric measures

how similar each category’s temporal behavior is across the six MSAs in our sample, which is

crucial for identifying categories that can serve as robust economic indicators regardless of local

115



market conditions.

For each business category c, we calculate geographic consistency across the set of MSAs where

the category meets our reliability threshold (Mc), defined as metropolitan areas where category c

has at least 4 out of 6 statistically significant yearly elasticity estimates. Geographic consistency

is measured using the coefficient of variation of responsiveness values across qualifying MSAs:

Geographic Consistencyc = max

(
0, 1−

σ(Responsivenessc,m∈Mc
)

µ(Responsivenessc,m∈Mc
)

)
(5.7)

where Responsivenessc,m represents the mean elasticity across significant years for category

c in MSA m, σ(·) denotes the standard deviation across MSAs, and µ(·) denotes the mean

across MSAs. Geographic consistency is only calculated for categories that qualify in at least

three MSAs (|Mc| ≥ 3) to ensure meaningful variation estimates. Higher values indicate greater

geographic consistency. Values approaching 1.0 indicate that the category exhibits highly similar

visit-spend relationships across metropolitan markets, while values near 0 indicate substantial

cross-market variation that may limit the category’s utility as a universal economic indicator.

5.3.3 RQ2: Demographic Moderation of Elasticities

Paying attention to the heterogenous nature of responses to economic shocks, it is also important

to investigate how neighborhood demographic characteristics influence visit-spend elasticity across

different business categories. For that, we employ a demographic moderation framework that estimates

category-specific panel regressions with interaction terms. For each category c in MSA m, we estimate:
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log(spendit) = αi + γyear(t) + β1 log(visitsit) +
∑
k∈M

θk
(
log(visitsit) ·Dk,i

)
+ εit, (5.8)

where i indexes POIs and t indexes weeks. αi are POI fixed effects, and γyear(t) are year fixed effects.

The moderator set is

M = {IncomePct, BAPct, BlackPct, HispanicPct, AsianPct},

and Dk,i denotes POI i’s (time-invariant) neighborhood value for moderator k ∈M.

The POI fixed effects (αi) absorb all time-invariant characteristics of establishments, including

the main effects of neighborhood demographics. Therefore, we can only identify the moderation ef-

fects through the interaction coefficients θk. Each θk represents how the visit-spend elasticity changes

with respect to demographic variable k. For example, θBlackPct (the Black percentage interaction coef-

ficient) indicates how much the visit-spend elasticity increases or decreases for each percentage point

increase in Black population share, relative to neighborhoods with higher White population shares.

A positive θBlackPct suggests that POIs in neighborhoods with higher Black population shares exhibit

greater spending responsiveness to visitor fluctuations, while a negative coefficient indicates lower

responsiveness.

For all panel regressions in RQ1 and RQ2, we use Driscoll–Kraay standard errors as our pri-

mary inference procedure. This estimator is robust to heteroskedasticity, serial correlation, and cross-

sectional dependence in panel settings, and is well-suited to our high-frequency POI–week data.

Within each category–MSA panel, weekly observations for a given establishment are likely to exhibit
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temporal dependence, and shocks may be correlated across establishments in the same local market;

Driscoll–Kraay standard errors help account for these features of the error structure.

5.4 Analysis of Results

5.4.1 RQ1: Proxy Validity and Temporal Stability Assessment

Using the panel regression framework, we estimate visit–spend elasticities across business cate-

gories and years to assess how well mobility serves as a proxy for economic activity. In what follows,

we summarize seven key findings on the magnitude and temporal stability of these elasticities, empha-

sizing which categories and contexts support reliable mobility-based inference and where caution is

warranted. Full year- and MSA-specific elasticity estimates are reported in Table C.2, and the proxy

validity metrics (responsiveness, stability, reliability, COVID disruption, and geographic consistency)

are summarized in Table C.3.

Finding 1: Predominantly positive visit–spend elasticities across MSAs and categories

Figs 5.2 and 5.3 show that, among statistically significant elasticity estimates, the vast major-

ity are positive: increased visitor traffic is generally associated with higher spending across busi-

ness categories. A few exceptions appear in Drycleaning and Laundry Services (e.g., ATL 2019:

β = −0.0583, p < 0.05; PHI 2022: β = −0.0715, p < 0.01), primarily in combinations with small

samples (38 POIs in ATL, 31 in PHI; 7,227 and 5,440 POI-weeks, respectively; see Table 5.1). Over-

all, this confirms the expectation that visits and spending typically move in the same direction, but

the strength and stability of this relationship vary widely by category. Proxy validity therefore must

be evaluated holistically, combining mean elasticities, stability scores, and significance rates: a cate-
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Figure 5.2: Temporal Evolution of Visit–Spend Elasticities Across Business Categories
and Metropolitan Areas (2019–2024). Year-specific elasticity estimates from Eq. 5.1 for
twelve business categories across six MSAs. For 2019, elasticity is given by the baseline
coefficient β1; for 2020–2024, elasticities are β1 + γτ , capturing deviations from the 2019
baseline. Each panel is a business category, with background colors indicating economic
type (Essential Goods, Routine Services, Social & Experiential, Discretionary Retail).
Colored lines denote MSAs; black outlined circles denote non-significant estimates (p >
0.05).

gory can have high responsiveness but poor temporal consistency, or low responsiveness but reliable

stability.

Finding 2: Discretionary retail shows strong visit–spend co-movements with uneven temporal stability

Discretionary retail categories exhibit the strongest visit–spend elasticities. In these sectors, an

additional visit tends to be associated with substantial same-week spending, plausibly reflecting larger
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Figure 5.3: Comprehensive Assessment of Proxy Validity Metrics Across Business
Categories and Metropolitan Areas. Each row is a business category (grouped as Essen-
tial Goods, Routine Services, Social & Experiential, Discretionary Retail); columns
are MSAs (ATL, CHI, HOU, MIA, PHI, WAS). The Mean Responsiveness panel shows
average elasticities (2019–2024; darker red = stronger relationships). The Temporal Sta-
bility panel shows the coefficient of variation across years (darker blue = higher stability).
The Significance Rate panel shows the share of years with statistically significant elas-
ticities (darker blue = more consistently significant). The Geo Consistency metric (single
value per category, reported in Table C.3 captures cross-MSA agreement. White cells in
the Elasticity and Stability panels indicate that significance rates did not meet the inclusion
threshold.

baskets and a higher likelihood of completing a purchase when trips occur. However, the temporal

stability and cross-market consistency of these elasticities differ across categories.

Within discretionary retail, Department Stores are the most responsive (mean elasticities around

0.30–0.38), but stability varies by MSA. Clothing Stores combine strong elasticities (roughly 0.13-

0.18) with the most stable temporal profiles in this group. Electronics & Appliances are highly re-

sponsive but the least stable over time, with especially low stability in some markets (e.g., MIA). This

pattern is consistent with episodic, big-ticket purchases that are sensitive to showrooming and seasonal

dynamics [61]. Home Furnishings and Shoe Stores also show high responsiveness with moderate-to-
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strong stability, though Shoe Stores exhibit lower geo-consistency, indicating stronger local context

effects in some MSAs. Sporting Goods/Hobby/Music occupy a mid-range in responsiveness with gen-

erally robust stability.

In summary, discretionary retail provides powerful, high-signal proxies for nowcasting within a

given period, but the elasticity itself is less stable over time. Clothing Stores and Home Furnishings

Stores stand out as particularly dependable within this group, while Department Stores and Electronics

& Appliances offer high responsiveness but require more frequent recalibration and careful interpreta-

tion, especially for cross-MSA extrapolation.

Finding 3: Restaurants provide consistent and reliable visit–spend elasticities

Restaurants exhibit somewhat lower elasticities than many discretionary categories—consistent

with smaller per-visit spending changes than big-ticket retail—but they show the most consistent pat-

terns across all proxy validity metrics. Temporal stability is exceptionally high (with several MSAs

exceeding 0.90), and geo-consistency is likewise strong (cross-MSA consistency around 0.93), indi-

cating that restaurant visit–spend relationships are both temporally and spatially robust.

These properties make restaurant visits an especially reliable proxy for economic activity. They

are suitable for both high-frequency nowcasting and longer-horizon monitoring, and require less fre-

quent recalibration than other categories because their elasticity estimates are stable across time and

across markets.

Finding 4: Grocery and Convenience Stores: moderate coupling with uneven stability and reliability

Grocery and Convenience Stores show moderate elasticities (roughly 0.06–0.12), implying more

modest spending responses to visit changes than in discretionary retail. Stability and statistical reli-

ability differ sharply across MSAs. PHI and ATL display strong temporal stability with consistently
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significant estimates, whereas WAS and CHI show weak stability, with sharp disruptions during the

pandemic period (e.g., large 2021 drops, non-significant estimates in 2023–2024). These patterns align

with evidence of e-grocery adoption and channel substitution decoupling visits and spending [49, 97].

Despite this heterogeneity, cross-market agreement is reasonably high when estimates are signif-

icant (Geo-consistency ≈ 0.80), suggesting that the underlying relationship is similar where it exists.

From a policy standpoint, grocery visits can serve as a useful real-time signal in markets with stable

elasticities (e.g., PHI, ATL), but should generally be treated as a supplementary indicator. Robust

monitoring requires validation against traditional economic measures and periodic recalibration, par-

ticularly in MSAs with unstable or non-significant estimates.

Finding 5: Routine services provide the weakest and least reliable visit–spend signal

Routine services—Drycleaning and Laundry and Personal Care Services—provide the weakest

visit–spend coupling. Drycleaning and Laundry has especially weak elasticities: three MSAs fail our

reliability threshold entirely, while the remaining markets show only moderate geo-consistency and

include counterintuitive negative elasticities (e.g., PHI 2022, ATL 2019) and low temporal stability.

Even when some MSAs (e.g., MIA, HOU) show seemingly stable profiles, these are based on a subset

of significant years and must be interpreted with caution.

Personal Care Services fare somewhat better, showing good geographic consistency but the

lowest mean responsiveness of any category (elasticities around 0.02–0.04). Temporal stability ranges

from high (e.g., ATL) to poor (e.g., WAS), with clear pandemic-era disruptions in several MSAs (WAS

and CHI). Business models involving subscriptions, service packages, or prepayment systems might

explain why contemporaneous visits and spending show weaker correlation in this category.

For these categories, mobility-based indicators should be used cautiously. Small, unstable, and
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Figure 5.4: ATL–Restaurants: co-movement and within-POI elasticities. Panel A:
Weekly percent change from the January 2020 average in visits (blue, dashed) and card
spending (red, solid) for restaurants in ATL; the shaded band marks initial lockdown
weeks. Panel B: Within-POI relationship between residual log(spend) and residual
log(visits) after removing POI and year fixed effects. Lines are OLS fits by year. Esti-
mated elasticities: β2019 = 0.125 and β2020 = 0.271, indicating steeper coupling in 2020.
Formal RQ1 estimates from the full specification appear in Table C.2.

sometimes non-significant elasticities imply that visits are a noisy proxy for underlying economic

activity. Where used, they should be triangulated with complementary data sources.

Finding 6: Pandemic onset (2020) saw elevated elasticities in selected categories

Relative to 2019, visit–spend elasticities rose sharply in 2020 across many business categories,

indicating that a given percentage change in visits translated into larger percentage changes in spending

during the onset of COVID-19. Increases were most consistent in discretionary retail (e.g., Department

Stores, Home Furnishings, Sporting/Hobby/Music, Clothing) and in Restaurants, with several other

categories (e.g., Electronics/Appliances, Grocery and Convenience, Specialty Food) showing increases

in most MSAs. Magnitudes ranged from modest lifts in some grocery markets to large surges in Home

Furnishings; the complete set of 2019-2020 elasticity changes by category and MSA is reported in
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Table C.4.

Fig 5.4 illustrates this mechanism for ATL restaurants: visits and spending collapse and rebound

together (Panel A), and the within-POI log–log slope more than doubles between 2019 and 2020

(Panel B). These elevated elasticities likely arise because both visits and spending respond strongly

and synchronously to a common shock. However, several category–MSA combinations exhibit lower

elasticities in 2020 (e.g., Shoe Stores and Bars/Pubs in multiple MSAs; see Table C.4), despite aggre-

gate co-movement in visits and spending, underscoring that not all sectors respond to shocks in the

same way.

For mobility-based monitoring, these findings have two implications. First, for categories with

elevated pandemic elasticities, mobility data can be particularly informative during crises when tra-

ditional indicators lag, supporting prior work that uses such data for shock analysis [26, 140, 177].

Second, shock-era elasticities should not be extrapolated to normal times: doing so would overstate

the economic consequences of visit changes in non-crisis periods. Effective monitoring therefore re-

quires estimating and applying separate elasticities for crisis versus normal regimes.

Finding 7: Branded vs. non-branded POIs show heterogeneous elasticity trajectories

Branded and non-branded establishments systematically differ in their operating models, digital

infrastructure, pricing strategies, and supply chain arrangements, all of which can affect how changes

in visits translate into changes in spending. To test whether this translates into different elasticity paths,

we estimate separate elasticities for branded and non-branded Restaurants (Table C.5) using the same

panel specification as Equation (5.1). We focus on Restaurants because this category offers a larger

sample and a more balanced split between panel and non-panel establishments.

Looking at Fig 5.5, we see, in 2019, non-branded POIs generally exhibit higher elasticities
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Figure 5.5: Branded vs. non-branded restaurant elasticities, 2019–2024. Annual
within-POI spend–visit elasticities estimated separately for branded and non-branded
restaurants using Eq. 5.1 with POI and year fixed effects; shaded bands show 95% confi-
dence intervals.

than branded ones. In 2020, this pattern reverses: branded elasticities increase in every MSA, while

non-branded elasticities decline everywhere. In several markets (e.g., ATL, CHI, WAS), the brand seg-

ment’s elasticity rises noticeably while the non-brand segment’s elasticity fallsBy 2023–2024, branded

and non-branded confidence intervals no longer overlap in ATL, CHI, and WAS, indicating statistically

higher elasticities, whereas HOU, MIA, and PHI retain overlapping intervals.

Non-branded elasticities also trend downward over the full period, falling below 2019 levels

by 2024 in all MSAs, with mostly monotonic declines in HOU, CHI, and WAS and small temporary

rebounds in others. Overall, branded and non-branded restaurants remain similar in magnitude but

follow different temporal trajectories, suggesting that chain affiliation can meaningfully alter how visit

changes translate into spending during and after shocks.
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5.4.2 RQ2: Do neighborhood-level demographic data moderate the visit-spend elas-

ticities?

Figs 5.6 and 5.7 summarize moderation effects across all 72 MSA–category combinations (cells).

Each cell reports an interaction coefficient (θk) which captures how a one–unit increase in a neighbor-

hood characteristic shifts the baseline visit–spend elasticity (see Equation (5.8)). Positive coefficients

(blue) indicate that higher values of the neighborhood characteristics are associated with stronger

visit–spend relationships (amplification), whereas negative coefficients (red) indicate weaker relation-

ships (attenuation). Coefficients are in elasticity units: income is measured in percentile points (0–

100), while education and racial/ethnic variables are in percentage points. Thus, a value of 0.002

implies a +0.002 change in elasticity per one-point increase in the moderator (holding other modera-

tors, POI fixed effects, and year effects constant); moving from the 25th to the 75th percentile would

therefore raise elasticity by 50 × 0.002 = 0.1. In what follows, we discuss broad patterns for socioe-

conomic (income, education) and racial/ethnic (Black, Hispanic, Asian) moderators; full coefficient

tables for all MSA–category cells appear in the Table C.6.

5.4.2.1 Socioeconomic Moderation (Income and Education)

Income moderates visit–spend elasticities in 64% of MSA–category cells (46 of 72), with ampli-

fication effects (27 cases) slightly outweighing attenuation effects (19 cases). The strongest and most

systematic amplification occurs in discretionary retail. Department Stores exhibit uniformly positive

income effects where significant, and Electronics/Appliance Stores show particularly strong responses

(e.g., ATL β = 0.0052, p < 0.001), implying an elasticity increase of about 0.26 when moving
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Figure 5.6: Socioeconomic Moderation of Visit-Spend Elasticities Across Business
Categories and Metropolitan Areas. Each panel displays coefficients for a specific de-
mographic variable: Income (median household income percentile) and Education (per-
centage with bachelor’s degrees or higher). Rows represent business categories orga-
nized by economic type: Essential Goods, Routine Services, Social & Experiential,
and Discretionary Retail. Columns within each panel show the six MSAs. Color inten-
sity indicates coefficient magnitude and direction, with blue shades representing positive
moderation effects (higher demographic characteristic associated with stronger visit-spend
relationship) and red/orange shades representing the converse. Asterisks denote statistical
significance levels: ∗p < 0.05, ∗ ∗ p < 0.01, ∗ ∗ ∗p < 0.001, while cells without asterisks
indicate non-significant coefficients.

from the 25th to the 75th income percentile. Specialty Food Stores likewise predominantly amplify

visit–spend coupling in more affluent neighborhoods.

However, this pattern reverses for Grocery and Convenience Stores, which systematically weaken

visit–spend elasticity at higher income levels: four of five significant income coefficients are negative.

This attenuation aligns with post-COVID evidence that online grocery purchases substitute for in-

person visits among higher-income households with better access to delivery and digital platforms
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[97]. Restaurants show mixed income effects that vary by MSA, consistent with evidence that digi-

tal food ordering and eating out often act as complements rather than pure substitutes [97]. Overall,

income-driven amplification is most consistent in discretionary categories, while essential categories

such as grocery demonstrate substitution-driven attenuation.

Education, measured as the percentage of residents with at least a bachelor’s degree at the CBG

level, presents more consistent moderation than income. Educational attainment moderates elasticities

in 57% of cells (41 of 72), with a strong positive skew (35 positive vs. 6 negative significant effects).

Education effects cluster strongly in a group of categories where visit–spend relationships become

systematically stronger in more educated neighborhoods. Restaurants display universal, significant

amplification across all six MSAs (peaking in CHI: around β ≈ 0.0035, p < 0.001), indicating

that spending becomes more responsive to visit fluctuations in higher-education areas. Personal Care

Services and Bars/Pubs show similar patterns, with amplification in most MSAs. Crucially, Gro-

cery/Convenience exhibit positive education effects in all MSAs where coefficients are significant,

in direct contrast to the predominantly negative income effects for the same category. This suggests

that higher education is associated with stronger visit–spend coupling even where higher income is

associated with online substitution.

Discretionary retail categories exhibit more mixed education patterns, though Clothing Stores

are consistently positive across the MSAs where estimates are significant. Metro-level variation in

education effects is limited: most MSAs show broadly positive amplification, with attenuations largely

confined to a subset of discretionary categories.

128



5.4.2.2 Racial/Ethnic Moderation (Black, Hispanic and Asian Groups)

Racial and ethnic composition also moderates visit–spend elasticities in systematic ways, with

especially strong and pervasive attenuation in neighborhoods with higher Black and Hispanic popula-

tion shares.

Black population share moderates elasticities in 53% of cells (38 of 72), with a slight negative

skew (22 negative vs. 16 positive significant effects). Several categories exhibit weaker visit–spend

coupling in neighborhoods with higher Black shares. Most notably, Grocery/Convenience attenu-

ate in both of the cells with significant effects, with coefficients ranging from −0.0020 to −0.0013;

Drycleaning and Laundry show similar attenuation. Restaurants mostly attenuate, with a small pos-

itive exception in ATL. Within Discretionary Retail, Department Stores tend to show negative mod-

eration, while Electronics/Appliances and Shoe Stores sometimes amplify, underscoring that not all

categories behave uniformly. At the MSA level, patterns range from predominantly negative profiles

to more mixed-to-positive profiles in a subset of markets.

Hispanic population share displays the most consistently negative moderation pattern among all

demographics, moderating in 58% of cells (42 of 72) with a pronounced negative skew (32 negative

vs. 10 positive significant effects). Category-level patterns in Fig 5.7 show consistent attenuation pat-

terns. Restaurants exhibit universal negative coefficients, in sharp contrast to the uniformly positive

education effects for the same category. Grocery/Convenience Stores and Specialty Food Stores are

also uniformly negative wherever significant. Most other categories tilt negative across MSAs, with

only a small set of positive exceptions (notably in Electronics/Appliance Stores and a few instances in

Bars/Pubs and Sporting/Hobby/Music Goods). Metro-level profiles are broadly net negative, indicat-

ing that neighborhoods with higher Hispanic shares consistently exhibit weaker visit–spend coupling.
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Figure 5.7: Racial Moderation of Visit-Spend Elasticities Across Business Categories
and Metropolitan Areas. Each panel displays coefficients for a specific demographic
variable: Racial/Ethnic Composition (percentage Black, Hispanic, and Asian populations,
with White population as the reference category). Rows represent business categories orga-
nized by economic type: Essential Goods, Routine Services, Social & Experiential, and
Discretionary Retail. Color intensity indicates coefficient magnitude and direction, with
blue shades representing positive moderation effects (higher demographic characteristic
associated with stronger visit-spend relationship) and red/orange shades representing the
converse. Asterisks denote statistical significance levels: ∗p < 0.05, ∗ ∗ p < 0.01, ∗ ∗ ∗p <
0.001, while cells without asterisks indicate non-significant coefficients.

Asian population share exhibits the most geographically polarized moderation pattern. It is

significant in 65% of available cells (39 of 60, with MIA excluded due to low variation) and is

roughly tilted towards amplification (24 positive vs. 15 negative). Unlike Hispanic shares, which

lean clearly negative, Asian-share effects are highly context-dependent. Some categories, such as Gro-

cery/Convenience, Personal Care, and Home Furnishings, tend to show positive moderation in several

MSAs, while others (e.g., Shoe Stores) lean negative. Metro-level profiles range from mostly positive

in some MSAs to predominantly negative in others, underscoring that the direction and strength of

Asian-share moderation depends strongly on local context and business category.

Implications for Using Mobility-Based Indicators
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Taken together, these socioeconomic and racial/ethnic moderation patterns demonstrate that

mobility-based indicators can systematically misrepresent business health across neighborhoods. In

particular, attenuated visit–spend elasticities in neighborhoods with higher Black and Hispanic pop-

ulation shares imply that a given decline in visits corresponds to a smaller proportional decline in

spending than in other areas. For example, Grocery/Convenience Stores in higher-Black neighbor-

hoods show consistent attenuation, and Restaurants exhibit uniformly weaker elasticities in higher-

Hispanic neighborhoods. Applying a single, average elasticity across all neighborhoods would there-

fore overstate spending losses and understate true activity in these communities, risking misdiagnosis

and misallocation of recovery resources. Monitoring frameworks should incorporate category-specific

demographic adjustment factors and be localized by MSA, and—where feasible—visit–spend elastic-

ities should be periodically validated and recalibrated against card-spend or other ground-truth data as

new information becomes available.

5.5 Discussion

The central aim of this study was to assess whether high-frequency mobility data reliably mir-

rors economic activity. We first establish a predominantly positive visit–spend elasticity across most

business categories and metropolitan areas, confirming the basic intuition that more footfall is usually

associated with higher spending. Within this general pattern, our most robust result is the exceptional

reliability of Restaurants as an economic proxy: this category exhibits moderate elasticities that are

highly stable over time and consistent across MSAs. A likely mechanism is a high visit-to-purchase

conversion rate; unlike many retail categories, restaurant visits almost always culminate in a transac-

tion.
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By contrast, this reliability does not extend uniformly to other categories. We uncover a sharp

divide between discretionary retail and routine services. Discretionary categories such as Department

Stores and Electronics/Appliances show very high visit–spend elasticities, but these relationships are

comparatively volatile. This instability is consistent with the growth of non-transactional behaviors

(e.g., showrooming, window shopping) and seasonal purchasing dynamics that decouple visits from

immediate purchases [21, 61]. For policymakers, these categories are therefore powerful for within-

period nowcasting but require periodic recalibration for longer-horizon tracking as the elasticity itself

evolves.

The COVID-19 pandemic functions as a clear structural break [16, 46], elevating elasticities

across a majority of categories. This surge likely reflects a combination of lockdown-induced hoarding

[156] and tightly synchronized collapses and rebounds in both visits and spending during the shock

period. Mobility-based indicators thus appear especially informative during crises, when visits and

spending move in tandem. However, our results also imply that elasticities estimated in shock-era

data may be inflated relative to “normal” conditions, underscoring the need to recalibrate visit–spend

relationships as economies transition into post-shock regimes.

A central contribution of our work is to challenge the assumption that visit–spend relationships

are demographically uniform. In our RQ2 results, we show that elasticities are significantly moder-

ated by neighborhood characteristics, with neighborhoods containing higher shares of Hispanic and

Black residents exhibiting consistent attenuation across many categories. In practical terms, an iden-

tical change in visits can correspond to very different spending responses across neighborhoods—for

instance, between areas with high Asian population shares and those with high Hispanic shares. This

directly undermines “one-size-fits-all” applications of mobility data and shows that demographic con-

text is not a second-order nuance, but a first-order determinant of how well visits track economic
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activity.

However, these conclusions remain subject to several important limitations. First, we analyze

nominal card spending without explicitly adjusting for inflation. Year fixed effects absorb common

annual shifts in price levels and macroeconomic conditions, but they cannot capture within-year in-

flation or relative price changes across categories and locations. As a result, some time-variation in

elasticities may partly reflect changing prices rather than purely behavioral shifts.

Second, our outcome measure captures only electronic credit and debit card transactions. The

DCPC [67] provides national, annual payment shares for credit and debit usage, but does not offer

the POI- and week-level granularity needed to impute cash usage at our resolution. In our specifica-

tion, POI fixed effects absorb time-invariant differences in cash intensity across establishments, and

year fixed effects capture broad shifts in payment method adoption. However, within-year changes

in card adoption at the POI or neighborhood level—especially if correlated with visits—are not fully

controlled. Although electronic payments dominate in metropolitan areas [67], our estimates may un-

derstate true economic activity in cash-intensive businesses or areas with lower electronic payment

penetration. We therefore treat the omission of cash as a scope limitation: the elasticities we report

characterize electronic spending responsiveness to visits.

Third, our measurement of visits from mobility data is inherently imperfect. Complex geogra-

phies (e.g., malls, food courts, multi-tenant buildings) and behaviors such as curbside or parking-lot

pickup can generate misattribution, leading to false positives or missed visits. Our visit-attribution

algorithm (see Algorithm 1) addresses part of this problem, but residual error likely remains.

Finally, because SafeGraph Spend is derived from a permissioned cardholder panel rather than

a census, the geographic density of panel customers may exhibit modest over- and under-indexing that

varies across states and time. To test this, in Section C.2, we benchmark state-level panel customer
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counts against ACS annual population estimates and find consistently high correlations (r ≥ 0.82 in all

months), indicating that panel density closely tracks population density overall, while still exhibiting

modest state-month over- and under-indexing reflected in the distribution of absolute state bias (See

Figure C.1 & Figure C.2. Developing and validating a reweighting scheme would require external

ground truth on how panel coverage maps to merchant revenue across states, categories, and time. We

treat this as an important direction for future work and, in the interim, provide diagnostics showing

that panel density closely tracks population density overall.
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Chapter 6: Evaluating LLM Priors About Neighborhood-Level Mobility

6.1 Introduction

Human mobility is a fundamental dimension of urban life, reflecting how people access op-

portunities, navigate infrastructure, and experience cities in everyday life [18, 58, 90, 181]. Because

movement patterns shape access to jobs and services, pandemic spread, environmental burdens, and

broader forms of social interaction, mobility data have become central to understanding cities and

informing urban policy [30, 42, 58, 176, 179]. The growing availability of passively collected digi-

tal traces, especially smartphone- and mobile-phone-based location data, has substantially expanded

this potential. Compared with traditional travel surveys [28] and other coarse data sources, such data

provide much finer spatial and temporal resolution, often capturing behavior continuously over longer

periods and at much larger scales [77, 83]. This has enabled researchers to characterize everyday

activity patterns, travel extent, accessibility, and behavioral heterogeneity with unprecedented detail,

greatly enlarging the empirical toolkit available to urban science and policy research.

Yet the smartphone-based location data that enable these analyses are largely proprietary, access-

restricted, and subject to privacy constraints that limit their availability to many researchers and public

agencies, raising the question of whether models that encode broad knowledge about cities and human

behavior could serve as useful alternatives in data-scarce settings. Large language models (LLMs) are

a natural candidate for this role. Trained on vast corpora encompassing urban descriptions, census
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and demographic data, transportation research, and accounts of everyday life across cities, LLMs may

encode the kinds of contextual knowledge that underlie mobility patterns. Recent studies suggest they

do. Prior work has used LLMs for tasks such as next-location prediction and zero-shot mobility infer-

ence, showing that LLMs can sometimes act as mobility predictors even without task-specific training

[22, 121, 167]. Other work has explored whether prompted LLMs can generate synthetic travel-survey

responses for urban mobility assessment, producing plausible diary-like behavior from background

knowledge alone [24]. More broadly, benchmarks such as CityBench evaluate LLMs across a range

of urban tasks and show that, while advanced models can be competitive on tasks grounded in com-

monsense and semantic understanding, they remain less reliable on tasks requiring stronger urban

reasoning [64]. However, all of these studies share a common target of evaluation, assessing whether

LLMs can produce plausible outputs about individual-level mobility, such as a person’s next trip, a

synthetic travel diary, or a single device’s behavioral signature.

This individual focus is valuable in its own right, but it does not address the forecasting needs

of many real-world systems, where the key quantity of interest is aggregate mobility patterns. Trans-

portation agencies, urban planners, emergency managers, and public health officials typically require

predictions of origin-destination flows, demand surges, and population redistribution patterns rather

than individual trajectories [147, 186]. Aggregate flow prediction is not simply the sum of many

next-location forecasts; it reflects emergent collective dynamics shaped by network structure, tempo-

ral rhythms, external events, and policy interventions. In this work, we position LLM-based aggregate

mobility pattern forecasting as a distinct and underexplored problem. While LLMs have demonstrated

proficiency in mining individual histories, it remains an open question whether they can effectively

interpret contextual urban inputs to predict aggregate, neighborhood-level mobility patterns.

In addition, even if LLMs can recover aggregate neighborhood-level outcomes, prediction ac-
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curacy alone does not establish that they have learned the empirical relationships that structure mo-

bility across places. Plausible performance may instead reflect shallow heuristics, broad stereotypes

[123, 128], or memorization [91] of patterns seen during pretraining, all of which could align with

outcomes on average while diverging from the specific relationships that actually structure how con-

text shapes mobility. Thus, whether LLM predictions recover the structural relationships between

neighborhood context and travel patterns that empirical data reveal remains an open question.

To address these gaps, we evaluate whether LLMs encode useful priors about urban mobility by

testing their ability to infer neighborhood-level mobility outcomes from urban context, assessing the

structural alignment of those predictions with empirical context-mobility relationships, and examining

whether this alignment holds across cities. Our analysis is grounded in large-scale, real-world mobility

trajectories from the United States, provided by Spectus, which amasses anonymized location data

from nearly 70 million mobile devices, covering roughly 20% of the U.S. population. We aggregate

these data to the Census Block Group (CBG) level and derive multiple mobility indicators capturing

three complementary dimensions of behavior: (i) point-level, (ii) trajectory-level, and (iii) temporal-

level mobility. Given built-environment and neighborhood sociodemographic characteristics as input,

we ask three research questions:

RQ1: To what extent can LLMs predict neighborhood-level mobility outcomes given built-

environment and sociodemographic context?

RQ2: To what extent do LLM predictions align with empirically observed relationships between

neighborhood characteristics and mobility behavior?

RQ3: Do the mobility-relevant priors encoded by LLMs transfer consistently across different

cities and mobility outcomes?
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6.2 Related Work

6.2.1 LLMs for Mobility Generation, Prediction, and Urban Tasks

A growing body of work uses large language models (LLMs) to generate, predict, and simulate

mobility and urban phenomena. In mobility modeling, several studies adapt LLMs to represent indi-

vidual trajectories, activity chains, and travel behavior. Ma et al. [121] propose a foundation model

for universal human mobility patterns that fuses cross-domain data and semantically enriches GPS

traces with survey-informed knowledge, achieving robust performance in activity inference and POI

classification across settings such as Los Angeles and Egypt. Wang et al. [165] introduce LLMOB, an

LLM-agent framework that generates personal mobility trajectories by extracting patterns from his-

torical traces and reasoning about daily motivations, producing realistic movement sequences even

during abnormal periods such as the pandemic. Shao et al. [155] similarly explore the use of LLMs

for human mobility generation through context-aware reasoning, emphasizing that language models

can explain the intentions behind movement segments rather than merely imitate observed sequences.

[114] propose GEO-LLAMA, a fine-tuned framework for generating mobility trajectories under explicit

spatiotemporal constraints, showing that LLMs can produce coherent synthetic movements while sat-

isfying visit-level requirements.

Other work focuses on generating richer behavioral records, such as travel diaries and activ-

ity schedules. Li et al. [115] develop MOBAGENT, which constructs fine-grained profiles and uses

recursive reasoning to generate realistic travel diaries aligned with empirical mobility patterns and

road-network constraints. Bhandari et al. [24] evaluate whether LLMs can generate synthetic travel

survey data resembling the National Household Travel Survey (NHTS), finding that fine-tuned models
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effectively capture complex activity chains and transition probabilities across major U.S. metropolitan

areas. Liu et al. Liu et al. [118] present a retrieval-augmented framework with a feedback loop for

generating daily activity chains under limited information, showing that the approach can reproduce

coordinated household behaviors such as joint shopping trips or shared meal times. Extending this

direction, Liu et al. [117] studies discrete travel demand modeling with persona-conditioned LLMs,

demonstrating that behavioral traits and socioeconomic context improve simulation of individual travel

choices.

A related stream uses LLMs for mobility prediction and recommendation rather than full-sequence

generation. Li et al. [113] propose LLM4POI, a next-POI recommendation framework that fine-tunes

LLMs on check-in data and combines this with key-query similarity to retain collaborative and con-

textual information. Gong et al. [82] introduce MOBILITY-LLM, a reprogramming framework that

uses behavioral prompts and semantic location representations to improve next-location prediction,

arrival-time estimation, and user-link prediction. Chen et al. [45] develop QT-MOB, which introduces

semantic location tokenization to encode coordinates as semantically meaningful discrete tokens, sub-

stantially improving next-location prediction and trajectory recovery. At the urban scale, Li et al.

[116] present URBANGPT, which integrates spatiotemporal encoding with instruction tuning to align

urban interdependencies with LLM reasoning, demonstrating strong zero-shot generalization across

prediction tasks such as taxi flows, bike flows, and crime rates.

Taken together, this literature shows that LLMs can serve as flexible models for synthetic mo-

bility generation, travel simulation, recommendation, and urban prediction. It also suggests that these

models encode nontrivial mobility-relevant signals. There are a few aggregate-oriented examples:

URBANGPT studies regional spatiotemporal prediction tasks such as taxi flows and bike flows, and

Bhandari et al. [24] evaluate generated surveys using aggregate pattern-level mobility metrics. Still, the
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dominant targets of evaluation remain individual trajectories, travel diaries, next-location prediction,

or task-specific urban outputs rather than direct recovery of neighborhood-level mobility indicators

from contextual urban features, which we address in RQ1.

6.2.2 Evaluating Geospatial and Mobility Knowledge in LLMs

A second line of work asks what kinds of geographic and mobility knowledge LLMs already

encode. Manvi et al. [122] introduce GEOLLM, which fine-tunes LLMs on reverse-geocoded map

data and shows that the resulting models can accurately predict geospatial socioeconomic indicators

such as population density and asset wealth. Luo et al. [120] propose TSI-LLM, a framework for

trajectory semantic inference that uses context-rich prompting and chain-of-thought reasoning to infer

occupation categories, activity sequences, and detailed textual descriptions from raw movement traces.

Asano et al. [11] introduce MOBQA, a benchmark of 5,800 question-answer pairs for evaluating LLMs

on mobility-related factual retrieval, semantic inference, and interpretive explanation. Their results

suggest that while models perform well on straightforward factual extraction, they struggle with more

complex semantic reasoning over long GPS trajectories.

This evaluation-oriented literature also highlights important limitations and biases in LLMs’ ge-

ographic knowledge. Manvi et al. [123] show that although LLMs can make reasonably accurate

zero-shot geospatial predictions for objective topics, they exhibit systematic geographic bias on sub-

jective judgments, rating wealthier regions more favorably on attributes such as intelligence or work

ethic. Wu and Wang [175] probe demographic and geographic biases in LLM-predicted POI visits,

finding that models reflect and amplify race and gender stereotypes in the types of places they as-

sociate with different groups. Moayeri et al. [128] further demonstrates broad disparities in factual
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recall through WORLDBENCH, showing that state-of-the-art LLMs perform substantially worse for

countries in low-income and non-Western regions than for Western countries.

Recent work has also begun evaluating LLMs as broader models of urban knowledge rather than

only as task-specific predictors. Zhang et al. [184] introduce AI4US, which tests whether LLMs

can reproduce foundational urban-science relationships such as scaling laws, distance decay, and ur-

ban vitality. They find that LLMs often recover broad aggregate patterns with high fidelity, but also

oversimplify urban complexity, showing limited diversity and weaker causal depth than real urban

systems.

Our RQ2 work is most closely related to this evaluation-oriented literature and extends it in

a new direction. Rather than examining factual geospatial recall, mobility question answering, or

broad urban-theory reproduction, we probe whether LLMs encode empirically meaningful priors about

neighborhood-level mobility behavior from built-environment and sociodemographic context.

6.3 Method

6.3.1 Problem Formulation

Let i index Census Block Groups (CBGs), let xi ∈ Rp denote the vector of contextual predictors

for CBG i, and let m ∈ M denote a mobility outcome. For each outcome m, let z(m)
i ∈ R denote

the continuous CBG-level mobility value derived from aggregated individual mobility traces. We

formulate CBG-level mobility outcome prediction as an outcome-specific three-class classification

task in which the goal is to infer a discretized mobility label

y
(m)
i ∈ {low,neutral,high} (6.1)
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from neighborhood context xi. More formally, for each outcome m, we evaluate a predictor

F (m) : xi 7→ y
(m)
i . (6.2)

Here, F (m) may represent either an LLM-based zero-shot predictor, which reasons over textual

descriptions of neighborhood context and outcome semantics, or a supervised baseline trained directly

on labeled CBG examples. This formulation allows us to test whether socio-demographic and built-

environment context alone is sufficient to recover structured variation in aggregate mobility behavior

across neighborhoods.

Our analysis considers two complementary evaluation objectives. The first is predictive perfor-

mance: whether a model can correctly classify the mobility level of a CBG for a given outcome m.

The second is directional alignment: whether the model captures empirically meaningful relationships

between contextual predictors and mobility outcomes. Specifically, for contextual predictor xij and

mobility outcome m, we assess whether the directional implication of the model’s reasoning agrees

with the empirical direction estimated from observed data. This second objective is important because

accurate class prediction alone does not establish that a model has recovered the underlying monotonic

structure relating urban context to mobility behavior.

The remainder of this section presents the methodological components required to instantiate

this formulation. We first describe how CBG-level mobility outcomes are constructed from individual

mobility traces, then introduce the prediction framework for both LLM-based and supervised models,

and finally present the directional alignment framework used to compare model-implied relationships

with empirical patterns in the data.
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6.3.2 Mobility Outcome Construction

In this paper, we construct CBG-level mobility outcomes from anonymized individual mobility

traces. The goal is to derive aggregate measures that characterize different dimensions of resident

mobility behavior and that can be paired with socio-demographic and built-environment predictors at

the same spatial scale.

6.3.2.1 From Individual Mobility Data to CBG-Level Aggregates

The mobility data used in this study consist of anonymized individual mobility traces collected

over 2021. From these traces, we first derive user-level mobility measures described in 6.3.2.2, that

summarize annual movement behavior. These measures are computed from observed stops and travel

episodes and capture complementary aspects of mobility, including spatial extent, movement structure,

and temporal variability.

Because our prediction task is defined at the CBG level, we aggregate the user-level mobility

measures to the CBG scale. For each user, we identify the associated home CBG and assign the user-

level mobility measures to that area. Then, for each CBG, we summarize the mobility behavior of

all associated users to obtain aggregate mobility outcomes representing the typical mobility profile of

residents in that CBG.

This aggregation serves two purposes. First, it aligns the mobility outcomes with the same spa-

tial unit used for the contextual predictors in the classification task. Second, it preserves privacy by

ensuring that the prediction targets are aggregate behavioral summaries rather than individual trajecto-

ries. To improve reliability, we retain only CBGs with sufficient user support in the mobility data. The

resulting dataset therefore, consists of robust CBG-level mobility outcomes that serve as the ground-
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truth targets throughout the paper.

6.3.2.2 Mobility Outcome Families and Definitions

Following Wu et al. [173] taxonomy of mobility characterization from individual trajectories, we

organize the mobility outcomes into three families: point-level, trajectory-level, and temporal-level

outcomes. Point-level outcomes summarize the spatial footprint and organization of visited locations;

trajectory-level outcomes characterize movement over observed travel sequences; and temporal-level

outcomes quantify the temporal regularity of activity patterns.

For each user, we represent annual mobility as an ordered sequence of stops and travel segments,

s1
trv1−−→ s2

trv2−−→ · · · trvN−1−−−−→ sN , (6.3)

where each stop si is associated with a location xi ∈ R2, a dwell time τi, and an observation day di,

and each travel segment trvi connecting si and si+1 is associated with a travel length Li and a travel

duration ai. Unless otherwise noted, all outcomes are first computed at the user-year level and then

aggregated to the Census Block Group (CBG) level. We further define normalized dwell-time weights

as

wi =
τi∑N
k=1 τk

. (6.4)

(1) Point-level outcomes. Point-level outcomes quantify the extent, dispersion, and spatial organiza-

tion of visited locations. Let a user have stops indexed by i = 1, . . . , n, where stop i has coordinates
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si and dwell time di. Define normalized dwell-time weights as

wi =
di∑n
k=1 dk

. (6.5)

Stay-points entropy measures how evenly dwell time is distributed across distinct visited loca-

tions. Let L denote the set of unique stay locations, and let pl be the proportion of total dwell time

spent at location l ∈ L. Then

Hstay = −
∑
l∈L

pl log2 pl. (6.6)

Higher values indicate that activity time is distributed more evenly across locations, whereas lower

values indicate concentration in a small number of places.

Radius of gyration measures the characteristic distance of visited locations from the user’s center

of activity. Let

x̄ =
N∑
i=1

wixi (6.7)

denote the weighted centroid, and let δ(xi, x̄) denote the haversine distance between stop i and the

centroid. The radius of gyration is

rg =

√√√√ N∑
i=1

wi δ(xi, x̄)2. (6.8)

Larger values indicate more spatially dispersed activity patterns.

Convex hull diameter quantifies the maximum spatial extent of the activity space. LetH denote
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the set of vertices of the convex hull formed by the observed stop locations. Then,

Dhull = max
u,v∈H

d(u,v), (6.9)

where d(·, ·) is the haversine distance. This outcome represents the largest distance between any two

locations in a user’s activity space.

Ellipse area measures the size of an elliptical approximation of the activity space. Let

C =
n∑

i=1

wi(si − s̄)(si − s̄)⊤ (6.10)

be the weighted covariance matrix of stop coordinates, and let λ1 ≥ λ2 be its eigenvalues. The ellipse

area is

Aellipse = π
√
λ1

√
λ2 c

2, (6.11)

where c is a scale factor. Larger values indicate a broader activity space.

(2) Trajectory-level outcomes. Trajectory-level outcomes characterize mobility over sequences of

trips and capture the extent and diversity of travel behavior.

Total travel length measures the cumulative distance traveled over all observed trips. Let trajec-

tory segments be indexed by t = 1, . . . , T , and let Lt denote the length of segment t. Then,

Ltotal =
T∑
t=1

Lt. (6.12)

Higher values indicate more extensive travel over the observation period.

Travel entropy measures the diversity of routes used by a user. Let R denote the set of unique
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route signatures, and let pr be the proportion of trips corresponding to route r ∈ R. Then,

Htravel = −
∑
r∈R

pr log2 pr. (6.13)

Higher values indicate more varied routing behavior, while lower values indicate repetitive travel pat-

terns.

Average duration measures the mean duration of observed trips. Let ai denote the duration of

travel segment trvi, i = 1, . . . , N − 1. Then

ā =
1

N − 1

N−1∑
i=1

ai. (6.14)

Higher values indicate longer average trip durations over the observation period.

(3) Temporal-level outcomes. Temporal-level outcomes characterize the temporal organization and

irregularity of mobility behavior.

Daily temporal fragmentation measures within-day variability in dwell durations. For each ob-

served day d ∈ D, let

σ2
d = Var{τi : di = d} (6.15)

denote the variance of dwell times across all stops observed on that day. We define daily temporal

fragmentation as

Fdaily =
1

|D|
∑
d∈D

σ2
d. (6.16)

Higher values indicate greater within-day temporal irregularity, reflected in a wider mix of short and

long stays across stops within observed days.
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These three types of mobility outcomes provide complementary views of aggregate mobility

behavior at the CBG level. In the remainder of the paper, we use this organization to structure the

prediction tasks, the directional alignment analysis, and the presentation of results.

6.3.3 Mobility Outcome Prediction Framework

We evaluate two classes of predictors for CBG-level mobility outcome prediction: LLM-based

zero-shot predictors and supervised baseline models. Both use the same contextual predictors for

each CBG, but they differ in how the mapping from neighborhood context to mobility outcomes is

obtained. The LLM setting evaluates zero-shot contextual inference from textual descriptions, whereas

the supervised baselines learn the mapping directly from labeled examples.

Recall from Section 6.3.2.2 that each CBG i is represented by a contextual predictor vector

xi ∈ Rp, and that for each mobility outcome m ∈ M, the prediction target is the discretized class

label y(m)
i ∈ {low,neutral,high}. The prediction task is therefore outcome-specific: for each m,

we construct a predictor F (m) that maps neighborhood context xi to a three-class mobility label.

6.3.3.1 LLM-Based Prediction

For each CBG i and mobility outcome m, we construct an outcome-specific prompt P (i,m) that

describes the local contextual characteristics of the CBG and asks the model to predict the correspond-

ing mobility class (0-shot). Each prompt contains four components: (1) the Core-Based Statistical

Area (CBSA) in which the CBG is located; (2) a natural-language definition of the target mobility

outcome m; (3) the CBSA-specific tertile thresholds used to discretize the continuous outcome into

low, neutral, and high classes; and (4) a textual profile of the CBG’s contextual predictors. The
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associated system prompt is provided in D.1.1

User Prompt Template

You are given Census Block Group (CBG) characteristics for CBSA: [CBSA name].

## Outcome Description

Mobility outcome: [outcome name]

Definition: [outcome definition]

Tertile cutpoints within [CBSA name]: low <= [c1]; neutral ([c1], [c2]];

high > [c2].

## Predictor Descriptor

- Percentiles are computed within the CBSA.

- Predictor buckets correspond to CBSA-wide quintiles: very_low | low | neutral | high | very_high.

- Outcome labels are tertiles: low | neutral | high.

## CBG Features

- [feature 1]; [raw value] (CBSA percentile Pxx, [bucket])

- [feature 2]; [raw value] (CBSA percentile Pxx, [bucket])

- ...

- [feature p]; [raw value] (CBSA percentile Pxx, [bucket])

## Question

Predict the mobility outcome category for this CBG.

A. low

B. neutral

C. high

The contextual predictors are expressed in a percentile-based format designed to convey both

absolute and relative neighborhood context. For each predictor xij , the prompt includes its raw value,

149



its within-CBSA percentile rank rij , and a quintile-based categorical bucket

bij ∈ {very low,low,neutral,high,very high}.

Thus, each CBG is represented as a structured textual profile summarizing how its socio-demographic

and built-environment characteristics compare with those of other CBGs in the same metropolitan area.

This prompt design encourages the model to reason over relative urban context rather than relying only

on raw feature magnitudes.

The task is outcome-specific. For each mobility outcome m, a separate prompt is constructed

using the outcome definition and the corresponding CBSA-specific tertile thresholds, while the con-

textual predictor profile of the CBG remains fixed. The model is then asked to output one of three

class labels, {low,neutral,high}. In addition to the class prediction, the model is instructed to

provide brief reasoning and a ranked assessment of influential predictors.

For comparison, we also train a set of supervised baseline models on the same contextual pre-

dictors and outcome labels. Specifically, for each mobility outcome m, we fit the following multiclass

classifiers: logit multinomial, random forest, decision tree, hist gradient boosting,

and xgboost. These trained baselines provide data-driven reference points for the classification task

and allow us to compare zero-shot contextual inference by LLMs against conventional supervised

learning approaches trained directly on labeled CBG examples.

6.3.3.2 Evaluation Setup

Prompts are generated for all available CBGs and mobility outcomes. For predictive evaluation,

however, we report LLM performance on the same held-out 20% test split used for the supervised
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baselines, so that both model classes are evaluated on an identical subset of CBGs allowing a direct

comparison between zero-shot LLM-based contextual inference and conventional supervised predic-

tion for CBG-level mobility outcome classification.

6.3.4 Directional Alignment Framework

Since classification accuracy alone does not indicate whether a model captures the empirical

structure relating neighborhood context to mobility behavior, we also examine whether correct predic-

tions may still be based on misleading or weakly grounded reasoning. To address this, we introduce

a complementary directional alignment analysis that evaluates whether the directional implications of

model reasoning are consistent with empirical relationships observed in the data.

Empirical Relationships/Priors. Let xij denote contextual predictor j for CBG i, and let z(m)
i

denote the continuous value of mobility outcome m. For each CBSA c, mobility outcome m, and

contextual predictor j, we estimate an empirical directional relationship between xij and z
(m)
i using

two complementary approaches. First, we fit an ordinary least squares (OLS) regression in which the

continuous mobility outcome is regressed on the contextual predictors. The sign of the standardized

coefficient for predictor j, denoted βOLS
cjm , provides a parametric estimate of direction:

dirOLS
cjm = sign(βOLS

cjm) ∈ {−1,+1}. (6.17)

Second, we use the Jonckheere–Terpstra (JT) trend test to assess whether the observed mobility out-

come exhibits a monotonic trend across ordered predictor buckets. This provides a nonparametric

check on whether the empirical relationship is directionally increasing or decreasing.
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User Prompt Template for Directional Alignment

You are given Census Block Group (CBG) characteristics for CBSA: {CBSA_name}.

## Outcome Description

Mobility Outcome: [outcome_name]

Definition: [outcome definition]

## Predictor Scale

- Predictor buckets correspond to CBSA-wide quintiles: very_low | low | neutral | high | very_high.

- Percentiles (Pxx) indicate the CBG’s standing relative to the entire CBSA.

## Selected Census Block Group Features

- [feature 1]; [raw value] (CBSA percentile Pxx, [bucket])

- [feature 2]; [raw value] (CBSA percentile Pxx, [bucket])

- ...

- [feature p]; [raw value] (CBSA percentile Pxx, [bucket])

## Task

Based on the outcome definition provided, assess the directional push (+, -, 0) for each feature

in this specific CBG.

LLM-implied Relationships. We then derive an LLM-implied directional signal from the model

outputs. In the prompt , each contextual predictor is described using a quintile-based bucket,

bij ∈ {very low,low,neutral,high,very high},

and the model is additionally asked to provide a ranked assessment of influential predictors together

with whether each predictor pushes the mobility outcome downward, upward, or neither. We encode

this directional push as

pijm ∈ {−1, 0,+1}, (6.18)
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where −1, 0, and +1 denote negative, neutral, and positive influence on outcome m, respectively.

To assess whether the model captures the empirical direction for predictor j, we examine how

the model-implied push changes across the ordered predictor buckets. Intuitively, if higher values

of predictor j are empirically associated with higher mobility outcomes, then the model should in-

creasingly assign positive pushes as the predictor bucket moves from very low to very high;

conversely, if the empirical relationship is negative, then the model should increasingly assign nega-

tive pushes. Formally, after orienting the LLM-implied push by the empirical regression sign, we test

for monotonic directional agreement across predictor buckets using two-sided Jonckheere-Terpstra

(JT) tests. This yields a directional label for each (c, j,m) combination: aligned increasing,

opposite trend, no clear trend.

This analysis allows us to distinguish between two different notions of model quality. Predictive

performance evaluates whether a model can correctly classify neighborhood mobility levels, whereas

directional alignment evaluates whether the model captures empirically meaningful monotonic rela-

tionships between contextual predictors and mobility outcomes. Taken together, these analyses provide

a more complete assessment of whether LLMs encode useful priors about urban mobility behavior.

6.4 Experiments

6.4.1 Experimental Setting

6.4.1.1 Data

Our experiments integrate three data sources: large-scale human mobility data, socio-demographic

context from the American Community Survey (ACS), and built-environment indicators from the EPA
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Table 6.1: Summary of CBG coverage and device counts by core-based statistical area
(CBSA).

CBSA # CBGs Total devices Mean devices/CBG Median [Q1, Q3]

Atlanta–Sandy Springs–Roswell, GA 1051 209099 198.95 146 [89, 266]
Los Angeles–Long Beach–Anaheim, CA 4196 359987 85.79 73 [52, 104]
Miami–Fort Lauderdale–West Palm Beach, FL 1730 273187 157.91 126 [80, 195]
San Francisco–Oakland–Berkeley, CA 1779 134379 75.54 57 [37, 90]

Table 6.2: Coverage statistics across the study CBSAs. The table reports the number of
CBGs covered, the total number of devices, and the distribution of devices per CBG.

Smart Location Database (SLD).

Mobility data. We derive the mobility outcomes from anonymized and aggregated mobility traces

provided by Spectus1. The data cover four Core-Based Statistical Areas (CBSAs) in the United

States: Atlanta–Sandy Springs–Roswell, GA; Los Angeles–Long Beach–Anaheim, CA; Miami–Fort

Lauderdale–West Palm Beach, FL; and San Francisco–Oakland–Berkeley, CA. We use data from cal-

endar year 2021 and retain only users observed on more than 60 days during the year. To ensure

reliable CBG-level aggregation, we further restrict the analysis to CBGs with at least 20 devices. Un-

der these criteria, the final dataset covers 8,756 CBGs 2 and 976,652 devices across the four CBSAs.

At the CBG level, device support varies across study areas, with median devices per CBG ranging

from 57 in San Francisco to 144 in Atlanta. These mobility traces are used to construct the continuous

user-level mobility measures described in Section 6.3.2.2, which are then aggregated to the CBG level

and discretized into outcome classes for prediction. Table 6.2 and Figure 6.1 show the distribution of

the sample sizes as well as the CBGs covered.

1https://docs.spectus.ai/
2CBGs corresponding to military locations are excluded in accordance with Spectus data-sharing policies.
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(a) Atlanta–Sandy Springs–Roswell, GA (b) Miami–Fort Lauderdale–West Palm Beach, FL

(c) Los Angeles–Long Beach–Anaheim, CA (d) San Francisco–Oakland–Berkeley, CA

Figure 6.1: Sample size distributions for CBGs across four CBSAs.

Socio-demographic predictors. We obtain socio-demographic variables from the 2019 American

Community Survey (ACS) 5-year estimates. These predictors characterize the population and house-
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hold composition of each CBG and include measures such as median income, racial and ethnic com-

position, age structure, educational attainment, and vehicle ownership. In the prediction framework,

these variables serve as contextual signals describing the demographic and socioeconomic profile of

each neighborhood. For the OLS, we drop some of the correlated features.

Built-environment predictors. Built-environment variables are derived from the EPA Smart Loca-

tion Database (SLD), which provides CBG-level indicators related to density, street-network struc-

ture, transit accessibility, and land-use mix. Because the raw SLD variables are numerous and highly

correlated, we summarize them using principal component analysis (PCA). For each conceptual built-

environment domain, we retain the first principal component and use it as a composite index in the

downstream analysis. This yields four interpretable built-environment predictors corresponding to

density, connectivity, transit access, and land-use mix.

Predictor standardization. To support both the LLM prompting framework and the supervised base-

lines, all predictors are harmonized at the CBG level. For the LLM-based experiments, each predictor

is represented using its raw value, within-CBSA percentile, and a quintile-based bucket. For the su-

pervised baselines, the same underlying predictor values are used directly as numeric features.

6.4.1.2 LLM Prediction Settings

We evaluate all LLMs in a zero-shot setting using the prompt template described in Section 6.3.3.

Open-weight models are served with vLLM, while proprietary and larger hosted models are accessed

through AWS cloud infrastructure. Across all models, decoding is deterministic with temperature

set to 0.0. For each CBG and mobility outcome, we issue one outcome-specific prompt and parse
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the response into a class prediction and predictor-level directional assessments. LLM performance is

reported on the same held-out 20% test split used for the supervised baselines.

6.4.2 RQ1: Predictive Performance

Figure 6.2: Mean 3-class prediction accuracy across four CBSAs for mobility outcomes
inferred from socio-demographic and built-environment predictors. Outcomes are grouped
into point-level, line-level, and temporal mobility features; bars show the top two LLMs
and top two supervised baselines for each outcome, averaged over repeated 20% held-out
test splits, with error bars denoting standard deviation across 5 repetitions. The horizontal
dashed line marks chance accuracy (1/3), and the black line shows the performance gap
between the best baseline and best LLM for each outcome. Across cities, supervised
baselines consistently outperform zero-shot LLMs, although LLMs remain above chance
on many tasks, with the strongest performance typically observed for point-level mobility
outcomes.

RQ1 asks whether LLMs can infer CBG-level mobility outcome classes from contextual urban

157



information alone, and how their performance compares with supervised baselines trained on labeled

data. Figure 6.2 shows the mean 3-class prediction accuracy across four CBSAs for mobility outcomes

inferred from socio-demographic and built-environment predictors. As expected, the supervised base-

lines consistently outperform zero-shot LLMs across all four CBSAs and all mobility outcomes. Nev-

ertheless, the task is clearly learnable from neighborhood context: baseline accuracies are well above

chance across outcomes, and the strongest LLMs also exceed the random three-class baseline of 0.33

for most tasks.

A first result is that zero-shot LLM performance is substantially above chance for nearly all

outcomes, indicating that LLMs do encode non-trivial prior knowledge about the relationship between

neighborhood context and aggregate mobility behavior. This pattern is especially visible for the point-

level outcomes, where the best LLMs achieve accuracies in the range of roughly 0.48–0.56 across

cities. Performance is weaker for the line-level and temporal outcomes, but still generally above

chance. The main exception is travel entropy, which is the most difficult outcome for LLMs and

remains close to chance in several cities, suggesting that route-diversity behavior is harder to infer

from static neighborhood context alone.

Across the evaluated LLMs, Gemma3-27B is the strongest and most consistent model. It is the

top-performing LLM for nearly all point-level outcomes (convex hull diameter, ellipse area, radius

of gyration, and often stay-points entropy) across all four CBSAs, and it also performs best on some

line-level outcomes, especially in Los Angeles. The two main exceptions are travel entropy and time

fragmented degree, where other models emerge as stronger: GPT-OSS-20B or Qwen3-30B-A3B

for travel entropy, and Claude Sonnet 4.5 for time fragmented degree. This suggests that while

Gemma3-27B provides the strongest overall zero-shot contextual reasoning, performance remains

outcome-dependent, and different models appear to have comparative advantages on more behaviorally
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complex tasks.

Despite these encouraging LLM results, the gap to supervised learning remains substantial. For

every city–outcome pair, the best baseline exceeds the best LLM, with the performance gap typically

ranging from about 0.06 to more than 0.20 accuracy points. The largest gaps appear for outcomes such

as radius of gyration, time fragmented degree, and several Miami outcomes, where the best baseline

outperforms the best LLM by around 0.17–0.23. Even for the strongest LLM settings, the gap remains

non-trivial; for example, in Atlanta the best LLM accuracy for ellipse area is 0.558, compared with

0.708 for the best baseline, and in Miami the best LLM accuracy for radius of gyration is 0.460,

compared with 0.690 for the best baseline. These differences indicate that supervised models trained

on labeled examples are much better able to exploit the available contextual predictors than zero-shot

LLM prompting.

The strongest supervised baselines are generally multinomial logistic regression and random for-

est, which appear most often as the top-performing or second-best models across cities and outcomes.

Their consistent advantage indicates that the relationship between contextual predictors and mobility

outcomes is sufficiently structured to be learned effectively from labeled data. In turn, this strengthens

the interpretation of the LLM results: the fact that LLMs perform above chance on most tasks is mean-

ingful because the task itself contains substantial learnable signal, even though LLMs do not recover

that signal as effectively as supervised baselines.

Taken together, the results provide a nuanced answer to RQ1. Zero-shot LLMs are able to infer

broad mobility patterns from neighborhood context at levels above chance, which suggests that they

encode some useful urban and mobility-related priors. However, these priors remain substantially

weaker than the predictive relationships captured by supervised baselines trained on labeled CBG

examples. Thus, while LLMs show evidence of contextual urban reasoning, they do not yet match
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conventional supervised approaches for CBG-level mobility outcome classification.

6.4.3 RQ2: Directional Alignment Results

RQ2 asks whether LLMs recover empirically meaningful directional relationships between neigh-

borhood context and mobility outcomes. Figure 6.3 compares the empirical directions estimated from

OLS regression (left panels) with the LLM-based directional alignment results from the Jonckheere–

Terpstra analysis (right panels). Overall, the results suggest that LLMs often capture the broad sign

of context–mobility relationships, but do so in a coarse and simplified way that does not fully reflect

metropolitan variation or outcome-specific complexity.

A first pattern is that alignment is strongest for the point-level outcomes. For convex hull diam-

eter, ellipse area, and radius of gyration, the LLM-derived directions are frequently consistent with

the empirical coefficients, especially for median income, age 18–29, and several built-environment

predictors such as density, transit access, and land-use mix. These variables tend to exhibit positive

empirical associations with broader spatial activity spaces, and the LLMs often recover these same

positive directions. This suggests that the models do encode a meaningful high-level prior linking

neighborhood advantage and accessibility to greater mobility extent.

At the same time, the alignment results reveal a clear tendency toward simplified directional

reasoning. Across cities, the LLMs often assign positive relationships to many socioeconomic and

built-environment predictors, with relatively limited adaptation across metropolitan areas. In other

words, the directional patterns implied by the models are often similar from Atlanta to Los Angeles

to Miami to San Francisco, even when the empirical relationships are more context-dependent. This

indicates that the models rely on a relatively stable directional template rather than fully city-specific
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Figure 6.3: Empirical and LLM-implied directional relationships between contextual pre-
dictors and mobility outcomes across the four study CBSAs. Left panels show standard-
ized OLS coefficients for each predictor–outcome pair, where red indicates a negative
empirical association and blue indicates a positive empirical association; only statistically
significant coefficients are marked. Right panels show the corresponding LLM-based di-
rectional alignment results from the Jonckheere–Terpstra analysis, restricted to predictor–
outcome pairs with significant OLS effects. Blue cells indicate that the LLM-implied
direction is aligned with the empirical relationship, red cells indicate an opposite trend,
and white cells indicate no clear monotonic trend.
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reasoning.

The demographic predictors illustrate this limitation particularly clearly. Black population share

is consistently assigned a negative direction by the LLMs and is often aligned with the empirical

results. In contrast, the relationships involving Hispanic/Latino and Asian population shares are more

frequently misaligned or unstable. These predictors do not exhibit a single uniform pattern across

outcomes and CBSAs in the empirical analysis, yet the LLMs appear less able to adapt their directional

reasoning accordingly. This suggests that the models are better at recovering broad and persistent

associations than at reasoning through demographic relationships that vary more across metropolitan

contexts.

A further pattern is that directional alignment weakens substantially for the entropy-based and

temporal outcomes. While stay-points entropy still shows some meaningful alignment, the models

struggle much more on travel entropy and time fragmented degree. These outcomes measure diversity

and irregularity rather than simple mobility magnitude: travel entropy reflects variation in route usage,

and time fragmented degree reflects within-day irregularity in dwell durations. Such properties are

harder to infer from static neighborhood context alone, and they appear to be precisely where the LLMs

are least reliable. This result is important because entropy-based measures are especially relevant

for realistic mobility generation: matching travel extent without capturing diversity, repetition, and

temporal fragmentation would still produce behaviorally unrealistic trajectories.

Importantly, the dominant failure mode is usually not a systematic reversal of empirical direc-

tion, but rather the absence of a clear monotonic trend. That is, many predictor–outcome pairs are

labeled as no clear trend rather than opposite trend. When the LLMs do recover a direc-

tional signal, it is often the correct one; the larger limitation is that this signal is incomplete, overly

general, and weaker for more behaviorally complex outcomes.
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Taken together, the RQ2 results show that LLMs recover a non-trivial share of the empirical

directional structure relating neighborhood context to mobility behavior, particularly for the more

spatially interpretable point-level outcomes. However, this capability remains uneven. The models

tend to rely on broad, stable directional priors, show limited metropolitan adaptation, and struggle most

with entropy-based and temporal outcomes that depend on richer behavioral heterogeneity. Thus, the

directional alignment analysis suggests that current LLMs capture coarse urban regularities, but not

the full complexity of how contextual factors shape mobility patterns in real trajectory data.

163



Chapter 7: Conclusion

7.1 Conclusion and Summary of Contribution

This dissertation has argued that behavioral and contextual data must be critically audited for

trustworthiness across dimensions of utility, fairness, and validity before being trusted in high-stakes

decision-making. The four studies presented here collectively substantiate that argument, showing that

the same pattern of uneven, context-dependent, and demographically moderated performance recurs

across prediction, fairness, proxy validity, and contextual alternatives alike. The adoption of any data

source or model for high-stakes inference should therefore be preceded by systematic evaluation of

when it works, for whom it works, and what assumptions it silently encodes.

7.1.1 Study 1: Evaluating the Impact of Mobility Data on COVID-19 Case Predic-

tion.

The value of mobility data for county-level COVID-19 case prediction is highly conditional

rather than universal. Mobility data improves prediction performance in at most 60% of counties; in

the remaining 40%, adding it actively hurts performance relative to a non-mobility baseline. Where

improvements occur, they are modest and most reliably realized at longer forecast horizons. More

importantly, where mobility data fails to help, that failure is not random; counties serving higher

164



proportions of Black, Hispanic, rural, and older residents are systematically less likely to benefit,

pointing to underrepresentation of these groups in mobility datasets as the likely mechanism. Linear

regression models outperform ARIMAX models on both the proportion of counties that benefit and

the magnitude of improvements, and differences across mobility dataset providers are small, meaning

the choice of dataset matters less than the decision of whether and when to use mobility data at all.

7.1.2 Study 2: Fairness Audit of the U.S. COVID-19 Forecast Hub

Even when prediction models perform well on average, their errors are not distributed equitably.

Hispanic counties consistently exhibit statistically significantly higher prediction errors than majority-

White counties across model types, with the disparity reaching approximately 24.6% at 14-day forecast

horizons and persisting at 16.8% at 28-day horizons. Less urbanized areas face systematically higher

errors than large metropolitan areas, with the disparity worsening as areas become more rural. Criti-

cally, the counties where mobility data is least likely to improve prediction in Study 1 are largely the

same counties that face the highest prediction errors here; data underrepresentation and model inequity

are not separate problems but the same problem observed at different stages of the pipeline. Interac-

tion analyses show that deep learning models produce the smallest disparities across groups, while

compartmental and statistical models are associated with the largest; and that the inclusion of mobility

data in model training is associated with reduced prediction error disparities, suggesting that behav-

ioral data, despite its own representational limitations, provides information that partially compensates

for structural inequities in COVID-19 case reporting.
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7.1.3 Study 3: Validity of Foot Traffic as an Economic Proxy

Foot traffic does mirror economic activity, but only contingently. Restaurants emerge as an

exceptionally reliable proxy, exhibiting moderate elasticities that are highly stable across years and

consistent across metropolitan areas. By contrast, discretionary retail categories show high but volatile

elasticities, consistent with the growth of non-transactional behaviors such as showrooming, and rou-

tine service categories exhibit weak and unreliable relationships. The COVID-19 pandemic functions

as a structural break, elevating elasticities across most categories, with effects persisting differently

for branded versus non-branded establishments. Crucially, the demographic dimensions that drove

fairness failures in epidemic prediction reappear here as moderators of the visit-spend relationship;

elasticities are lower in neighborhoods with higher Hispanic population shares and higher in more

affluent and educated neighborhoods. Uncalibrated adoption of foot traffic as an economic signal,

therefore, risks systematic misdiagnosis of business health in precisely the communities where accu-

rate monitoring matters most.

7.1.4 Study 4: LLMs as Priors for Urban Mobility

When behavioral traces are unavailable, and large language models are considered as contextual

alternatives, they prove informationally non-trivial but structurally incomplete. Supervised baselines

consistently outperform zero-shot LLMs across cities and mobility outcomes; however, LLMs per-

form above chance on many tasks, with the strongest performance observed for point-level mobility

outcomes. The directional alignment analysis reveals a critical distinction between instance-level ac-

curacy and structural validity; a model may achieve reasonable classification performance while still

failing to recover the empirical ordering between neighborhood characteristics and mobility outcomes.
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The mobility-relevant priors encoded by LLMs do not transfer consistently across cities or mobility

outcome families, varying substantially with urban context and the dimension of movement being pre-

dicted. LLMs, therefore, represent a potentially useful starting point when direct behavioral traces are

unavailable, but should not be treated as equivalent to empirically grounded models without careful

validation of structural alignment in the contexts of intended use.

7.2 Implications

The findings of this dissertation carry practical implications across the research, data, institu-

tional, and policy dimensions of behavioral data use. First, aggregate evaluation is insufficient as a

reporting standard; average performance across regions or populations obscures the conditional and

demographically patterned variation that matters most for equitable deployment, and fairness metrics

should accompany accuracy as a default rather than an optional addition [1]. Second, the consistent as-

sociation between demographic underrepresentation and degraded model performance across studies

places a concrete obligation on mobility data providers; datasets that systematically undercount minor-

ity, rural, and older populations do not merely limit scientific generalizability but actively concentrate

inferential harm in the communities least able to absorb it [1]. Third, the fairness analysis in Study 2

relied on regression analysis to evaluate associations between county-level prediction errors and racial

and ethnic composition, rather than directly comparing predicted versus actual case counts stratified by

race; the latter would have required race-stratified COVID-19 case data at the county level, which was

not collected due to longstanding structural gaps in public health surveillance systems. Without such

data, fairness audits of epidemic models remain necessarily indirect, and closing this gap requires

a sustained institutional commitment to demographic disaggregation in public health reporting, not
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merely improved data collection practices. Fourth, future epidemic modeling efforts should treat bias

mitigation as a primary design objective; this includes exploring alternative outcome variables such

as hospitalization and death counts where available at finer geographic granularities, refining model

architectures to reduce disparities across social determinants, and incorporating fairness evaluation

into the standard validation workflow of forecasting hubs. Fifth, for practitioners using mobility as an

economic proxy, category-specific calibration, neighborhood-demographic adjustment, and temporal

recalibration are not optional refinements but necessary conditions for avoiding systematic misdiag-

nosis of business health in diverse communities. Finally, LLMs should not be adopted as drop-in

substitutes for behavioral data without structural validation; producing plausible outputs is not suffi-

cient evidence of empirical grounding, and the inconsistent transferability of their priors across cities

and mobility dimensions warrants caution in deployment. Taken together, these implications suggest

that the infrastructure for high-stakes data-driven decision-making should include standardized audits

of utility, fairness, and validity as preconditions for deployment; without such audits, the adoption

of behavioral data risks cascading existing inequities through the apparent objectivity of quantitative

models.
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Appendix A: Analysis of Performance Improvements and Bias Associated with the

Use of Human Mobility Data in COVID-19 Case Prediction Models

A.1 Appendix

Table A.1 shows the average performance - measured as average correlation between predicted

and actual COVID-19 cases - across lookaheads and linear regression implementations for LTW and

STW training-testing approaches, respectively. We can observe that, on average, Ridge is the best

performing model for 3 out of the 5 lookaheads; and Elasticnet is the best performing model for 3 out

of 5 lookaheads as well. Given their majority best performance, we select this as implementations for

the analysis.

STW LTW

Lookaheads OLS Ridge Lasso ElasticNet OLS Ridge Lasso ElasticNet

1 0.965098 0.965128 0.962530 0.963475 0.952180 0.952182 0.938414 0.945211
7 0.639711 0.640578 0.644599 0.647571 0.572311 0.572374 0.548012 0.560634
14 0.453315 0.454412 0.462288 0.465076 0.366340 0.366426 0.350444 0.361948
21 0.290965 0.292186 0.308287 0.308882 0.214946 0.215025 0.212894 0.218513
28 0.152364 0.153709 0.177438 0.174648 0.121256 0.121314 0.134021 0.132422

Table A.1: Average pcorr value for each regularized method. The best value for each
window and each lookahead is bolded.
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Features Apple Descartes Google (SafeGraph) (SafeGraph)
Grocery Store Religious Org

r2 0.0176 0.0157 0.0173 0.0065 0.0094
adjusted r2 0.013 0.0117 0.0091 0.0032 0.006
const 0.0585 0.0528 0.0342 0.0411 0.0475
age 65+ -0.0493** -0.0032 0.0078 -0.0052 -0.0022
low income 0.0319* -0.014 0.0097 -0.0007 0.0049
black -0.0102 0.0343** -0.0063 -0.0028 -0.0134
hispanic 0.0195 0.023 0.0032 0.0129 0.0021
race other -0.0935*** 0.0313* 0.0038 -0.0184 -0.0044
rurality -0.042* 0.0137 0.0046 -0.0093 -0.0035
age 65+:low income -0.039** -0.0049 0.002 -0.002 -0.001
age 65+:black -0.0006 -0.0042 0.017 -0.0022 -0.0062
age 65+:hispanic -0.0238** -0.0096 -0.0156* -0.005 -0.0035
age 65+:race other 0.0188 0.0003 0.0139 0.0085* 0.0024
age 65+:rurality 0.0396* 0.0026 -0.0214 0.0143 0.0052
low income:black 0.0012 0.0259*** -0.0026 -0.0043 -0.0222***
low income:hispanic 0.0156 0.0013 -0.0179* 0.0083 0.0026
low income:race other -0.0381*** 0.0129 0.0035 -0.0033 -0.0051
low income:rurality -0.0047 0.0053 -0.0147 -0.0011 -0.0006
black:hispanic -0.0019 -0.0063* -0.0055 -0.0025 -0.0077***
black:race other 0.0019 0.0055* -0.0023 0.0001 -0.0034
black:rurality 0.017* -0.0022 -0.0059 0.0054 0.0088
hispanic:race other 0.0109** -0.0014 -0.0061 0.001 0.0036
hispanic:rurality 0.0155* -0.0076 0.0003 0.0003 0.0094
race other:rurality 0.0409*** -0.0223** -0.0078 0.0075 -0.0025

Features (SafeGraph) (SafeGraph) SafeGraph SafeGraph SafeGraph
Restaurants Schools Inflow Intraflow Outflow

r2 0.0112 0.0111 0.0119 0.0083 0.0089
adjusted r2 0.0079 0.0078 0.0081 0.0051 0.0055
const 0.0489 5.58e-2 0.0565 0.0568 0.0582
age 65+ -0.029* -0.0075 -0.0298* -0.0152 -0.0343*
low income -0.0106 0.0106 0.0075 0.0017 0.0097
black 0.0075 -0.0104 -0.0131 0.0036 0.0139
hispanic 0.0045 -0.022 -2.06e-2 -0.0055 -0.0109
race other -0.0201 -0.0289 -0.0373* -0.0378** -0.0302*
rurality -0.0235* -0.014 -0.0429*** -0.014 -0.0354**
age 65+:low income -0.0022 0.0017 -0.0025 -0.0043 -0.0158
age 65+:black 0.0058 0.0056 0.0091 0.0101 -0.0062
age 65+:hispanic -0.0025 -0.0007 0.0043 0.0028 0.0019
age 65+:race other 0.0038 0.0103* 0.0102* 0.0093* 0.007
age 65+:rurality 0.0519*** 0.0122 0.0519*** 0.0231 0.0449**
low income:black 0.0132* -0.0019 -0.0086 0.0061 0.0088
low income:hispanic 0.0065 -0.0025 -0.0138 -0.0033 -0.0057
low income:race other -0.0099 -8.30e-3 -0.0099 -0.0078 -0.0022
low income:rurality 0.0106* -0.0017 -0.0079 0.0029 -0.0043
black:hispanic -0.0041 -0.0003 -0.0063* -0.0043 -0.0051*
black:race other 0.0017 0.0003 -0.0023 0.0019 0.0031
black:rurality 0 0.002 5.70e-3 -0.0007 0.0075
hispanic:race other -0.0029 0.0032 -0.0012 0.0008 0.0037
hispanic:rurality 0.0067 0.022*** 0.0089 0.0051 0.0097
race other:rurality 0.0096 0.0087 0.0214 0.0226* 0.0201*

Table A.2: Regression coefficient analysis for Arimax LTW. Values highlighted in green
represent statistically significant positive coefficients, while values highlighted in red rep-
resent statistically significant negative coefficients. Significance level (p-value smaller
than): ’***’ 0.001, ’**’ 0.01, ’*’ 0.05
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Features Apple Descartes Google (SafeGraph) (SafeGraph)
Grocery Store Religious Org

r2 0.0444 0.0617 0.0745 0.0693 0.056
adjusted r2 0.0371 0.0567 0.0601 0.0649 0.0521
const 0.0743 0.0594 0.039 0.0361 0.0417
age 65+ -0.0192 -0.0071 -0.029* -0.0101 0.0113
low income 0.0093 -0.0115 0.0209* -0.0002 -0.0175***
black 0.0449*** -0.0088 0.0179 0.0128* 0.0028
hispanic -0.0032 -0.0142 0.0123 -0.0032 -0.0138*
race other 0.0081 0.0089 0.0017 -0.0088 -0.0087
rurality -0.0124 0.0306** 0.0029 0.0023 0.0188**
age 65+:low income -0.0241* -0.0166* -0.044*** -0.0116* 0.0038
age 65+:black -0.0176 -0.0108 -0.0174* -0.0044 -0.0136***
age 65+:hispanic -0.0169** -0.0032 -0.0126* 0.0009 0.0069**
age 65+:race other -0.0136 -0.0138* -0.0161* -0.0007 0.0048
age 65+:rurality 0.0221 -0.0035 0.0129 0.0094 -0.0132*
low income:black 0.0157* -0.0203*** -0.005 -0.0006 -0.0062
low income:hispanic -0.001 -0.0058 -0.0011 -0.0016 -0.0014
low income:race other -0.006 -0.0034 -0.0073 -0.0171*** -0.0037
low income:rurality 0.0084 0.0259*** 0.01 0.0088** 0.0142***
black:hispanic 0.0055* 0.0048* -0.0017 0.0002 0.002
black:race other -0.0046* -0.002 -0.0023 -0.0004 -0.0016
black:rurality -0.0001 0.0035 0.0041 -0.0008 0.0112**
hispanic:race other -0.0008 -0.0024 0.0032 0.0006 0.0002
hispanic:rurality 0.0191** 0.0089* -0.0004 0.0061* 0.0063*
race other:rurality 0.0028 0.0054 0.0078 -0.005 0.0009

Features (SafeGraph) (SafeGraph) SafeGraph SafeGraph SafeGraph
Restaurants Schools Inflow Intraflow Outflow

r2 0.0727 0.0345 0.0529 0.0323 0.0376
adjusted r2 0.0679 0.03 0.0482 0.0274 0.033
const 0.0453 0.0479 0.0514 0.0474 0.0531
age 65+ 0.0085 -0.002 0.0056 -0.0013 -0.0158
low income -0.0168** -0.0049 -0.0114 -0.0033 0.0007
black 0.0003 -0.0014 0.0201* 0.0083 0.002
hispanic -0.0058 -0.0274*** -0.0087 0.0008 -0.0211**
race other -0.0089 -0.0241** -0.0273* 0.0001 -0.0104
rurality 0.0124 0.0013 0.0214** 0.0006 0.0019
age 65+:low income 0.0028 -0.0024 -0.0119 -0.0058 -0.0145*
age 65+:black 0.0128** -0.0023 -0.0116* -0.0054 -0.0137**
age 65+:hispanic 0.0062* 0.0049 -0.0082* -0.0049 -0.0011
age 65+:race other 0.0035 0.0011 -0.0019 -0.0034 -0.003
age 65+:rurality -0.0054 0.0024 -0.0091 0.0084 0.0182*
low income:black -0.0101** 0.0022 0.009* 0.0019 -0.0077
low income:hispanic 0.005 -0.0048 -0.0064 -0.0022 -0.0063
low income:race other -0.0037 -0.0079* -0.0109** -0.0057 -0.0092*
low income:rurality 0.0136*** 0.009** 0.0215*** 0.0078* 0.0169***
black:hispanic 0.0007 0.0056*** -0.0001 -0.0001 0.0017
black:race other -0.0012 -0.0018 0.0017 -0.0009 -0.0032*
black:rurality 0.0133*** 0.0098** 0.0086* 0.0079 0.0113**
hispanic:race other 0.0034* 0.0023 0.0012 -0.0001 0.0007
hispanic:rurality 0.0073* 0.0184*** 0.0162*** 0.0064 0.0187***
race other:rurality 0.0006 0.0138* 0.0194* -0.0001 0.0051

Table A.3: Regression coefficient analysis for Arimax STW. Values highlighted in green
represent statistically significant positive coefficients, while values highlighted in red rep-
resent statistically significant negative coefficients. Significance level (p-value smaller
than): ’***’ 0.001, ’**’ 0.01, ’*’ 0.05
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Features Apple Descartes Google (SafeGraph) (SafeGraph)
Grocery Store Religious Org

r2 0.0297 0.0218 0.0054 0.0195 0.0102
adjusted r2 0.0229 0.0184 -0.001 0.0164 0.0076
const 0.101*** 0.064*** 0.061*** 0.071*** 0.063***
age 65+ -0.027 -0.017 0.01 -0.018 -0.012
low income 0.055* 0.033* 0.024 0.032* 0.015
black -0.067 -0.013 -0.046 -0.042* -0.003
hispanic -0.072* -0.017 0.02 -0.038* -0.017
race other -0.049 -0.015 -0.082 -0.041 -0.031
rurality -0.039 -0.031 -0.003 -0.005 -0.004
age 65+:low income -0.033 -0.016 -0.002 -0.02 -0.013
age 65+:black 0.038 -0.028* 0.002 0.028* 0
age 65+:hispanic -0.029 0.022* 0.001 0.021* 0.007
age 65+:race other -0.036 -0.003 0.026 -0.003 -0.002
age 65+:rurality 0.039 0.021 -0.026 0.002 0.012
low income:black -0.026 -0.036*** -0.033 -0.015 -0.006
low income:hispanic -0.079*** -0.021 0.01 -0.025* -0.018
low income:race other -0.011 -0.004 -0.032 -0.013 -0.008
low income:rurality 0.002 -0.011 -0.017 0.001 0.006
black:hispanic -0.012 -0.009* -0.006 -0.006 0
black:race other 0.009 -0.002 0.007 0.004 0.003
black:rurality 0.024 0.031*** 0.017 0.017 0.007
hispanic:race other 0.028*** 0.007 0.013 0.004 0
hispanic:rurality 0.035* -0.008 -0.012 0.001 0.002
race other:rurality 0.05* 0.013 0.013 0.026 0.022

Features (SafeGraph) (SafeGraph) SafeGraph SafeGraph SafeGraph
Restaurants Schools Inflow Intraflow Outflow

r2 0.0208 0.0056 0.0217 0.0154 0.0204
adjusted r2 0.018 0.0025 0.0192 0.0131 0.0181
const 0.069*** 0.058*** 0.07*** 0.07*** 0.066***
age 65+ -0.041* -0.01 -0.035* -0.038* -0.043*
low income 0.047*** 0.017 0.035** 0.037** 0.039***
black -0.039* 0.01 -0.051** -0.029 -0.04*
hispanic -0.038* -0.048* -0.035* -0.031* -0.041**
race other -0.057** -0.043 -0.023 -0.027 -0.033
rurality -0.037* 0.006 -0.036* -0.03 -0.019
age 65+:low income -0.04* -0.021 -0.028* -0.025* 0.033**
age 65+:black 0.003 -0.003 0.009 -0.011 0.011
age 65+:hispanic 0.011 0.015 0.014* 0.022*** 0.014*
age 65+:race other -0.005 -0.005 -0.005 0.004 0.003
age 65+:rurality 0.033 -0.005 0.04* 0.03 0.029
low income:black -0.03** -0.003 -0.034*** -0.031*** -0.029***
low income:hispanic -0.021* -0.025* -0.024* -0.02* -0.026**
low income:race other -0.01 -0.004 -0.006 -0.012 -0.013
low income:rurality -0.004 0.008 -0.002 -0.007 0.004
black:hispanic -0.001 -0.004 0 -0.003 0.002
black:race other 0.001 0 0.001 0.003 0.004
black:rurality 0.024** -0.003 0.03*** 0.027** 0.016
hispanic:race other 0.02*** 0.012** 0.001 -0.005 -0.003
hispanic:rurality 0.013 0.011 0.008 0 0.01
race other:rurality 0.042** 0.032 0.021 0.012 0.016

Table A.4: Regression coefficient analysis for Ridge Regression LTW. Values highlighted
in green represent statistically significant positive coefficients, while values highlighted
in red represent statistically significant negative coefficients. Significance level (p-value
smaller than): ’***’ 0.001, ’**’ 0.01, ’*’ 0.05

172



Features Apple Descartes Google (SafeGraph) (SafeGraph)
Grocery Store Religious Org

r2 0.012576 0.022346 0.017356 0.008641 0.009302
adjusted r2 0.008654 0.01869 0.0085 0.00556 0.006092
const 0.1071*** 0.0708*** 0.0656*** 0.0591*** 0.0689***
age 65+ -0.0306 -0.0208 -0.0126 -0.0064 -3.10e-3
low income 0.0077 0.0098 -5.58e-5 -0.0054 0.0024
black -0.0443* 0.0088 -0.0147 0.0134 -0.0199
hispanic 0.0115 -0.01 -0.0134 0.0034 -0.0215
race other -0.0064 -0.0273* 0.0017 -0.0111 -0.0033
rurality -0.0684** 0.0094 -0.0231 -0.0005 -0.0218
age 65+:low income -0.0119 -0.0181 -0.0033 -0.0075 0.0044
age 65+:black 0.0303* -0.0025 -0.0014 -0.0009 0.0015
age 65+:hispanic -0.0252** 0.0056 0.0138 -0.0012 0.0016
age 65+:race other -0.0119 0.0117 -0.0215 0.0056 0.0079
age 65+:rurality 0.059** 0.0092 0.0288 0.008 0.0117
low income:black -0.0069 -0.0133* -0.0139 0.0046 -0.0145*
low income:hispanic 0.013 -0.0193* -0.0028 0.0018 -0.0096
low income:race other -0.0035 -0.0055 -0.0092 1.60e-3 0.0009
low income:rurality -0.0153 0.0134* 0.0011 0.0005 -0.004
black:hispanic 0.0064 -0.0115*** -0.0022 -0.0023 -0.0035
black:race other 0.0031 0.0039 0.0025 4.00e-4 0.0015
black:rurality 0.0133 -0.0083 0.0105 -0.0015 0.0113
hispanic:race other 0.0085 0.0051 -0.0012 -0.0008 -1.70e-3
hispanic:rurality 0.0189* -0.0034 -0.0006 0.0017 0.0125*
race other:rurality 0.0095 0.0056 0.0115 0.008 -0.0028

Features (SafeGraph) (SafeGraph) SafeGraph SafeGraph SafeGraph
Restaurants Schools Inflow Intraflow Outflow

r2 0.011075 0.009231 0.008333 0.004581 0.008229
adjusted r2 0.007945 0.006016 0.0052 0.001467 0.005037
const 0.0731*** 0.1135*** 0.0663*** 0.061*** 0.0655***
age 65+ -0.0167 0.029 -0.0089 -0.0232* 0.0038
low income 0.0111 -0.0298* 0.0034 0.0098 -0.0035
black -0.0171 0.0283 0.0005 -0.0036 0.0068
hispanic -0.003 -0.0331 -0.0076 -0.0082 -0.0014
race other -0.0084 -0.0202 -0.0161 -0.0056 0.0259
rurality -2.07e-2 0.0155 -0.0174 -0.0147 -0.0044
age 65+:low income -0.0154 0.0209 -0.0059 -0.0132 0.003
age 65+:black 0.0046 0.0034 0.0005 -0.0033 -0.0015
age 65+:hispanic -0.0038 -0.0018 0.0043 0.0018 0.0009
age 65+:race other 0.003 0.008 -0.0025 -0.0076* -0.0099*
age 65+:rurality 0.02 -0.0186 0.0166 0.0285* 0.0075
low income:black -0.0133 0.0224* -0.0023 -0.0049 -0.0021
low income:hispanic -0.0086 -0.007 -0.0005 -0.004 -0.0039
low income:race other -0.0004 0.0037 -0.0055 -0.0074 -0.0009
low income:rurality -0.0047 0.0101 -0.0071 0.0031 -0.0036
black:hispanic -0.0038 0.0018 -0.0013 -0.0022 -0.002
black:race other 0.0024 -0.0004 0.0023 0.0013 -0.0001
black:rurality 0.0109 -0.0157 0.0043 0.0051 0.0014
hispanic:race other -0.0008 -0.0037 0.0001 -0.0011 -0.0022
hispanic:rurality 0.0044 0.022* 0.0056 0.0028 0.0016
race other:rurality 0.006 0.0126 0.0133 0.0058 -0.0151

Table A.5: Regression coefficient analysis for ElasticNet Regression STW. Values high-
lighted in green represent statistically significant positive coefficients, while values high-
lighted in red represent statistically significant negative coefficients. Significance level
(p-value smaller than): ’***’ 0.001, ’**’ 0.01, ’*’ 0.05

Dataset considered All datasets Google excluded

Chi-square 28.2873 9.6000
p-value 0.0009 0.2942

Table A.6: Non-parametric Friedman test analysis with distributions containing the per-
centage of counties where mobility data improved COVID-19 case prediction models with-
out mobility data across datasets, lookaheads, training approaches and models.
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Chi-square p-value
Dataset considered

All datasets 182.7029 0.0
Restaurants Mobility excluded 164.0857 0.0
Religious Organization Mobility excluded 164.0603 0.0
Schools Mobility excluded 166.6444 0.0
Grocery Stores Mobility excluded 164.6127 0.0
SafeGraph Inflows Mobility excluded 164.1492 0.0
SafeGraph Outflows Mobility excluded 164.6000 0.0
SafeGraph Intraflows Mobility excluded 164.2508 0.0
Apple Mobility excluded 164.5937 0.0
Descartes Mobility excluded 164.0603 0.0
Google Mobility excluded 164.0794 0.0
Apple, Google and SafeGraph Inflow Mobility excluded 108.6286 0.0

Table A.7: Non-parametric Friedman test analysis with distributions containing the median
correlation improvement values of counties where mobility data improved COVID-19 case
prediction models without mobility data across datasets, lookaheads, training approaches
and models. Each test is run with one or a few mobility datasets excluded.
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(a) CI for Apple Mobility (b) Baseline Correlation for Apple Mobility

(c) CI for Descartes Mobility (d) Baseline Correlation for Descartes Mobility

(e) CI for Google Mobility (f) Baseline Correlation for Google Mobility

(g) CI for SafeGraph Inflows Mobility
(h) Baseline Correlation for SafeGraph Inflows
Mobility

(i) CI for SafeGraph Outflows Mobility
(j) Baseline Correlation for SafeGraph Outflows
Mobility
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(k) CI for SafeGraph Intraflows Mobility
(l) Baseline Correlation for SafeGraph Intraflows
Mobility

(m) CI for Restaurants Mobility (n) Baseline Correlation for Restaurants Mobility

(o) CI for Religious Organization Mobility
(p) Baseline Correlation for Religious Organiza-
tion Mobility

(q) CI for Schools Mobility (r) Baseline Correlation for Schools Mobility

(s) CI for Grocery Stores Mobility
(t) Baseline Correlation for Grocery Stores Mobil-
ity

Figure A.1: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for ARIMAX with LTW approach using (a,b) Apple Mobility
data, (c,d) Descartes Mobility data, (e,f) Google Mobility data, (g,h) SafeGraph Inflow
Mobility data, (i,j) SafeGraph Outflow Mobility data, (k,l) SafeGraph Intraflow Mobil-
ity data, (m,n) Restaurants Mobility data (SafeGraph POI), (o,p) Religious Mobility data
(SafeGraph POI), (q,r) Schools Mobility data (SafeGraph POI), (s,t) Grocery Stores Mo-
bility data (SafeGraph POI). 176



(a) CI for Apple Mobility (b) Baseline Correlation for Apple Mobility

(c) CI for Descartes Mobility (d) Baseline Correlation for Descartes Mobility

(e) CI for Google Mobility (f) Baseline Correlation for Google Mobility

(g) CI for SafeGraph Inflows Mobility
(h) Baseline Correlation for SafeGraph Inflows
Mobility

(i) CI for Outflows Mobility
(j) Baseline Correlation for SafeGraph Outflows
Mobility
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(k) CI for SafeGraph Intraflows Mobility
(l) Baseline Correlation for SafeGraph Intraflows
Mobility

(m) CI for Restaurants Mobility (n) Baseline Correlation for Restaurants Mobility

(o) CI for Religious Organization Mobility
(p) Baseline Correlation for Religious Organiza-
tion Mobility

(q) CI for Schools Mobility (r) Baseline Correlation for Schools Mobility

(s) CI for Grocery Stores Mobility
(t) Baseline Correlation for Grocery Stores Mobil-
ity

Figure A.2: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for ridge regression with LTW approach using (a,b) Apple
Mobility data, (c,d) Descartes Mobility data, (e,f) Google Mobility data, (g,h) SafeGraph
Inflow Mobility data, (i,j) SafeGraph Outflow Mobility data, (k,l) SafeGraph Intraflow
Mobility data, (m,n) Restaurants Mobility data (SafeGraph POI), (o,p) Religious Mobility
data (SafeGraph POI), (q,r) Schools Mobility data (SafeGraph POI), (s,t) Grocery Stores
Mobility data (SafeGraph POI).
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(a) CI for Apple Mobility (b) Baseline Correlation for Apple Mobility

(c) CI for Descartes Mobility (d) Baseline Correlation for Descartes Mobility

(e) CI for Google Mobility (f) Baseline Correlation for Google Mobility

(g) CI for SafeGraph Inflows Mobility
(h) Baseline Correlation for SafeGraph Inflows
Mobility

(i) CI for SafeGraph Outflows Mobility
(j) Baseline Correlation for SafeGraph Outflows
Mobility

179



(k) CI for SafeGraph Intraflows Mobility
(l) Baseline Correlation for SafeGraph Intraflows
Mobility

(m) CI for Restaurants Mobility (n) Baseline Correlation for Restaurants Mobility

(o) CI for Religious Organization Mobility
(p) Baseline Correlation for Religious Organiza-
tion Mobility

(q) CI for Schools Mobility (r) Baseline Correlation for Schools Mobility

(s) CI for Grocery Stores Mobility
(t) Baseline Correlation for Grocery Stores Mobil-
ity

Figure A.3: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for ARIMAX with STW approach using (a,b) Apple Mobility
data, (c,d) Descartes Mobility data, (e,f) Google Mobility data, (g,h) SafeGraph Inflow
Mobility data, (i,j) SafeGraph Outflow Mobility data, (k,l) SafeGraph Intraflow Mobil-
ity data, (m,n) Restaurants Mobility data (SafeGraph POI), (o,p) Religious Mobility data
(SafeGraph POI), (q,r) Schools Mobility data (SafeGraph POI), (s,t) Grocery Stores Mo-
bility data (SafeGraph POI). 180



(a) CI for Apple Mobility. (b) Baseline Correlation for Apple Mobility.

(c) CI for Descartes Mobility.
(d) Baseline Correlation for Descartes Mobility
data.

(e) CI for Google Mobility. (f) Baseline Correlation for Google Mobility data.

(g) CI for SafeGraph Inflows Mobility.
(h) Baseline Correlation for SafeGraph Inflows
Mobility.

(i) CI for SafeGraph Outflows Mobility.
(j) Baseline Correlation for SafeGraph Outflows
Mobility.
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(k) CI for SafeGraph Intraflows Mobility.
(l) Baseline Correlation for SafeGraph Intraflows
Mobility.

(m) CI for Restaurants Mobility. (n) Baseline Correlation for Restaurants Mobility.

(o) CI for Religious Organization Mobility.
(p) Baseline Correlation for Religious Organiza-
tion Mobility.

(q) CI for Schools Mobility. (r) Baseline Correlation for Schools Mobility.

(s) CI for Grocery Stores Mobility.
(t) Baseline Correlation for Grocery Stores Mobil-
ity.

Figure A.4: Correlation improvements (ci) and baseline correlation distributions (non-
mobility) across lookaheads for elastic regression with STW approach using (a,b) Apple
Mobility data, (c,d) Descartes Mobility data, (e,f) Google Mobility data, (g,h) SafeGraph
Inflow Mobility data, (i,j) SafeGraph Outflow Mobility data, (k,l) SafeGraph Intraflow
Mobility data, (m,n) Restaurants Mobility data (SafeGraph POI), (o,p) Religious Mobility
data (SafeGraph POI), (q,r) Schools Mobility data (SafeGraph POI), (s,t) Grocery Stores
Mobility data (SafeGraph POI).
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ARIMAX (p,d,q) # Counties

(0, 0, 0) 13
(0, 1, 0) 1263
(0, 1, 1) 189
(0, 1, 2) 18
(0, 1, 3) 4
(0, 1, 4) 8
(0, 1, 5) 12
(0, 2, 0) 1
(0, 2, 1) 25
(0, 2, 2) 5
(0, 2, 3) 3
(1, 0, 0) 108
(1, 0, 1) 25
(1, 0, 2) 4
(1, 0, 3) 3
(1, 0, 4) 3
(1, 0, 5) 1
(1, 1, 0) 201
(1, 1, 1) 263
(1, 1, 2) 44
(1, 1, 3) 22
(1, 1, 4) 9
(1, 1, 5) 9
(1, 2, 1) 2
(1, 2, 2) 6
(1, 2, 3) 3
(1, 2, 4) 2
(2, 0, 0) 31
(2, 0, 1) 73
(2, 0, 2) 18
(2, 0, 3) 5
(2, 0, 4) 3
(2, 1, 0) 100
(2, 1, 1) 59
(2, 1, 2) 103
(2, 1, 3) 19
(2, 1, 4) 15
(2, 1, 5) 15
(2, 2, 1) 7
(2, 2, 3) 2
(2, 2, 4) 1
(2, 2, 5) 1
(3, 0, 0) 9
(3, 0, 1) 6
(3, 0, 2) 24
(3, 0, 3) 4
(3, 0, 4) 5
(3, 0, 5) 1
(3, 1, 0) 32
(3, 1, 1) 19
(3, 1, 2) 36
(3, 1, 3) 23
(3, 1, 4) 14
(3, 1, 5) 12
(3, 2, 0) 2
(3, 2, 1) 1
(3, 2, 2) 2
(3, 2, 5) 1
(4, 0, 0) 7
(4, 0, 1) 6
(4, 0, 2) 5
(4, 0, 3) 3

ARIMAX (p,d,q) # Counties

(4, 0, 4) 3
(4, 1, 0) 19
(4, 1, 1) 10
(4, 1, 2) 18
(4, 1, 3) 11
(4, 1, 4) 3
(4, 1, 5) 1
(4, 2, 0) 1
(4, 2, 1) 1
(4, 2, 2) 1
(4, 2, 3) 1
(4, 2, 4) 1
(5, 0, 0) 2
(5, 0, 1) 4
(5, 0, 2) 7
(5, 1, 0) 4
(5, 1, 1) 3
(5, 1, 2) 10
(5, 1, 3) 9
(5, 1, 4) 5
(5, 2, 2) 2
(5, 2, 3) 3
(5, 2, 5) 1
(6, 0, 3) 1
(6, 1, 3) 2
(6, 1, 4) 1
(6, 1, 5) 3
(7, 0, 2) 1
(7, 0, 3) 1
(7, 1, 0) 17
(7, 1, 1) 3
(7, 1, 2) 5
(7, 1, 3) 2
(7, 1, 4) 2
(7, 1, 5) 1
(7, 2, 1) 2
(7, 2, 3) 2
(8, 0, 0) 3
(8, 0, 2) 1
(8, 1, 0) 5
(8, 1, 1) 4
(8, 1, 2) 2
(8, 1, 3) 2
(8, 1, 4) 2
(9, 0, 0) 3
(9, 0, 1) 1
(9, 0, 3) 1
(9, 1, 1) 3
(9, 1, 2) 1
(9, 1, 4) 1
(10, 0, 0) 2
(10, 0, 4) 1
(10, 1, 1) 1
(10, 1, 2) 2
(10, 1, 3) 1
(11, 0, 0) 1
(11, 1, 0) 1
(12, 0, 3) 1
(12, 1, 0) 1
(12, 1, 1) 1
(14, 1, 0) 1
(15, 1, 0) 1

Table A.8: Summary of the combinations of p, d, q values identified for the ARIMAX
models using grid search and AIC. The table represents the number of counties whose
p, d, q, values are the ones listed on the left hand side column.
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Appendix B: Auditing the Fairness of COVID-19 Forecast Hub’s Case Prediction

Models

B.1 Supporting Information for Data

B.1.1 Exclusion of some counties and certain minority races

Our analysis excluded certain counties and racial/ethnic groups based on data availability and

statistical considerations. At the county level, we excluded three geographical regions:

• Florida counties were excluded due to insufficient data in the PLACES Dataset, which did not

meet the CDC’s minimum data requirements for inclusion1.

• Connecticut counties were excluded due to a structural mismatch in reporting systems. Con-

necticut’s switch from county FIPS reporting to planning region reporting created incompati-

bilities between COVID-19 ForecastHub predictions, PLACES dataset, and ACS demographic

data2.

• Puerto Rico counties (FIPS Code: 72XXX) were excluded as the COVID-19 ForecastHub does

not provide county-level forecasts for this territory.

Regarding racial and ethnic groups, we made methodological decisions based on population dis-

tributions across U.S. counties (see Table 1 in main manuscript). We excluded American Indian/Alaska

1https://www.cdc.gov/places/current-release-notes/index.html#:˜:text=2023%
20Release,were%20carried%20over%20for%20Florida

2https://developer.ap.org/ap-elections-api/docs/CT_FIPS_Codes_
forPlanningRegions.htm
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Native (AIAN) and Native Hawaiian/Pacific Islander (NHPI) populations from our regression analysis

due to limited variable distribution. Specifically, 97.69% of counties have NHPI populations under

1%, and 79.03% have AIAN populations under 1%, providing insufficient variation for meaningful

regression analysis.

In contrast, over one-third of Asian counties, two-thirds of Black counties and almost all His-

panic counties have more than 1% of population presence. Additionally, while Asian populations show

a relatively low median of 0.70% (compared to Black and Hispanic counties), their mean percentage

(1.53%) is more than twice the median, indicating a right-skewed but analytically useful distribution.

These statistics reveal an adequate statistical power for detecting potential effects in our regression

analysis. Furthermore, Asian populations represent a key demographic group in metropolitan and sub-

urban areas where COVID-19 impacts were particularly pronounced, making their inclusion crucial

for understanding prediction accuracy in these important contexts.

Figure B.1: Timeline Overview of COVID-19 Model Forecasts by County. This Gantt
chart captures the forecast submission frequency from the 36 research teams’ models ana-
lyzed in this paper, delineating the evolution of modeling efforts throughout the pandemic.
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Model Name Model Type Mobility Used?

CU-nochange Compartmental Yes (Census)
CMU-TimeSeries Statistical No

COVIDhub CDC-ensemble Ensemble Mixed
COVIDhub-trained ensemble Ensemble Mixed

COVIDhub-ensemble Ensemble Mixed
IEM MED-CovidProject Compartmental No

LNQ-ens1 Ensemble No
JHU IDD-CovidSP Compartmental No

CUBoulder-COVIDLSTM Deep Learning Yes (Facebook)
Google Harvard-CPF Deep Learning Yes (Descartes Labs)

FRBSF Wilson-Econometric Compartmental Yes (Google and Safegraph)
UMass-MechBayes Statistical No
LANL-GrowthRate Compartmental No

UCLA-SuEIR Compartmental No
COVIDhub-4 week ensemble Ensemble Mixed

CEID-Walk Statistical No
RobertWalraven-ESG Statistical No
OneQuietNight-ML Statistical Yes(Apple, Google)
CU-scenario high Compartmental Yes (Census)

IUPUI-HkPrMobiDyR Statistical Yes (Google)
CDDEP-SEIR MCMC Compartmental No

UpstateSU-GRU Deep Learning Yes (Google)
CU-scenario mid Compartmental Yes (Census)
CU-scenario low Compartmental Yes (Census)

UChicagoCHATTOPADHYAY-UnIT Statistical No
PandemicCentral-USCounty Statistical Yes (Facebook)

JHUAPL-Bucky Compartmental Yes (Safegraph)
COVIDhub-baseline Baseline Models Not Applicable

PandemicCentral-COVIDForest Statistical Yes (Facebook)
LUcompUncertLab-VAR 3streams Statistical No

FAIR-NRAR Deep Learning Yes (Facebook, Google)
JHU UNC GAS-StatMechPool Ensemble Yes

CU-select Compartmental Yes (Census)
IowaStateLW-STEM Compartmental Yes (Descartes Labs, US DOT)
MITCovAlliance-SIR Compartmental Yes (Safegraph)

UVA-Ensemble Ensemble Yes

Table B.1: List of the 36 COVID-19 forecast models analyzed in this paper, together with
their model type and whether they used mobility data or not, including the source of that
mobility data. Information about model type and the use of mobility data was manually
extracted from the paper(s) for each model by the authors of this paper.
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B.1.2 Description of the model type classification

The authors of this paper created a model taxonomy (see below) after reading the papers for each

of the 36 models under study. Using this taxonomy, each COVID-19 forecast model was labeled by

two authors of this paper. Whenever there was a labeling disagreement, the model was discussed until

a final agreement was reached. For transparency purposes, we provide the complete classification of

all models along with their descriptions in Table B.1 in this Appendix.

We propose the following refined model taxonomy based on the primary modeling approach

used by each team:

• Compartmental Models: Models that primarily use variations of epidemiological compartmen-

tal frameworks (e.g., SIR, SEIR) as their core predictive mechanism. While these models may

incorporate additional computational techniques for parameter estimation, they are classified

based on their fundamental epidemiological structure. For example, UCLA-SuEIR uses BFGS

optimization with an SEIR model, but its primary predictive mechanism remains compartmental.

Similarly, while the IEM MED-CovidProject model uses AI techniques for parameter fitting, we

classify it as compartmental because its core predictive mechanism relies on a SEIR framework,

with AI serving an auxiliary role in parameter optimization. This classification prioritizes the

fundamental epidemiological structure over supplementary computational techniques used for

implementation.

• Statistical Models: Models that rely predominantly on statistical methods including time series

analysis, regression, and classical statistical approaches. For instance, CMU-TimeSeries uses

quantile regression, while CEID-Walk employs random walk methods.
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• Deep Learning Models: Models that primarily leverage neural network architectures for pre-

diction. For example, CUBoulder-COVIDLSTM uses LSTM networks as its core prediction

mechanism, while Google Harvard-CPF employs deep learning with mobility data.

• Ensemble Models: Models that systematically combine predictions from multiple forecasting

approaches. We identify two types of ensembles in the Forecast Hub: (1) Hub-level ensembles

(e.g., COVIDhub CDC ensemble, COVIDhub-ensemble, etc) that aggregate predictions across

different participating teams’ models, and (2) team-level ensembles (e.g., UVA-Ensemble, LNQ-

ens1) that combine multiple methodological approaches within a single submission. For exam-

ple UVA-Ensemble computes a bayesian model averaging of autoregressive models with mobil-

ity data, LSTM networks, and modified SEIR models. The common thread across both types is

their systematic integration of multiple predictive approaches to generate final forecasts.

• Baseline Models: Models that serve as fundamental comparison benchmarks. In the Forecast

Hub, the primary baseline model (COVIDhub-baseline) uses a specific procedure where the

median prediction equals the most recent observed incidence, with uncertainty derived from

historical week-to-week changes. This approach assumes future incidence will be similar to

current levels, with variations based on historically observed changes. This provides a simple but

statistically grounded reference point against which to compare more sophisticated approaches,

and is classified as a Baseline model in our approach.

This taxonomy acknowledges that modern epidemiological models often incorporate multiple

computational techniques, but classifies them based on their primary predictive mechanism rather than

auxiliary methods used for implementation or optimization. We recognize that some models may

exhibit hybrid characteristics, but we assign them to categories based on their dominant modeling
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paradigm to enable meaningful comparative analysis.

B.1.3 Description of Phases

We divided the pandemic timeline into distinct phases P using a data-driven approach based on

local minima (valleys) and local maxima (peaks) in COVID-19 case volumes. This segmentation was

motivated by several methodological and epidemiological considerations:

• P0 (June 3, 2020 - September 9, 2020): Captures the initial study period with relatively stable

low case numbers. The phase ends at a clear valley (around 40,000 cases) before the first major

wave, providing a baseline period for model performance analysis.

• P1 (September 9, 2020 - March 7, 2021): Encompasses the first major wave reaching approxi-

mately 250,000 weekly cases. The start and end points are defined by distinct valleys, capturing

a complete epidemic cycle from rise through peak to decline, allowing for the analysis of model

behavior during sustained transmission increase.

• P2 (March 7, 2021 - June 23, 2021): Represents an inter-wave period with moderate case levels.

Both boundaries are marked by clear valleys, isolating a period of relative stability between

major waves, which enables assessment of model performance during more stable epidemic

conditions.

• P3 (June 23, 2021 - November 3, 2021): Contains a distinct wave reaching around 170,000

cases. The phase boundaries capture the full progression from valley through peak to subsequent

valley, encompassing the Delta variant wave period.

• P4 (November 3, 2021 - March 30, 2022): Defined to contain the most dramatic surge in the
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dataset, reaching approximately 800,000 cases. This phase captures the Omicron wave from its

onset through peak to initial decline, allowing analysis of model performance during extreme

case volumes.

• P5 (March 30, 2022 - June 22, 2022): Represents the sharp post-Omicron decline phase. The

boundaries isolate this distinct period of rapid case reduction, enabling analysis of model behav-

ior during sustained decrease.

• P6 (June 22, 2022 - October 20, 2022): Final phase containing a smaller but distinct wave

(Around 130,000 cases). The boundaries capture this complete wave cycle, allowing assessment

of model performance during later pandemic dynamics.

This valley-based segmentation offers several analytical advantages. Each phase represents a

complete epidemiological pattern (rise-peak-fall or relative stability), with phase transitions occurring

at natural breakpoints in case dynamics. The segmentation captures varying intensities of transmission,

from baseline to extreme peaks, and phases align with known variant waves while remaining data-

driven rather than variant-defined. Additionally, the approach provides sufficient samples within each

phase for robust statistical analysis. This systematic segmentation enables us to evaluate how model

fairness metrics vary not only across different case volumes but also across distinct epidemic patterns

and trajectories throughout the pandemic period.
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B.2 Supporting Information for Preprocessing & Model selection

B.2.1 Data Preprocessing

Initial exploratory analysis of the Pinball Loss norm (PBL) distribution revealed several char-

acteristics that influenced our modeling choices. The original distribution exhibited extreme right-

skewness with a heavy tail, as evidenced by the substantial difference between the bulk of the distri-

bution and its maximum value (see Figure B.2, top left) and Table B.2. This pattern is typical of error

metrics but poses challenges for standard linear regression assumptions.

To address these distributional characteristics, we explored two key preprocessing steps:

1. Data Trimming: We observed that the top 1% (14,672 out of 1,541,541 observations) of PBL

values were substantially higher than the rest of the distribution (difference between the 99th

percentile (1.47 × 10-3) and the maximum value (5.18 × 10-1)), potentially exerting excessive

leverage in regression models. Trimming these extreme values while preserving 99% of obser-

vations (Figure B.2, bottom left) improved the stability of the distribution without sacrificing the

majority of the data points.

2. Square Root Transformation: To further address the remaining right-skewness, we applied

a square root transformation to the PBL values. This transformation significantly improved

the distribution’s properties, producing a more symmetric shape that better satisfies regression

assumptions (Figure B.2, bottom right).

Given these distributional characteristics and the strictly positive nature of our dependent vari-

able, we tested both Gamma and Gaussian GLM families with log-link and identity-link functions.
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Figure B.2: Distribution of the PBL metric used to evaluate COVID-19 case prediction
errors. Top row shows the original (left) and square root transformed (right) distributions
of the raw PBL data. Bottom row shows the same distributions after trimming the highest
1% of values, demonstrating improved visualization of the data’s shape and reduction of
extreme outliers.

Alternative model specifications, including Gaussian GLMs with identity link and Gamma GLMs

with log and inverse link, were evaluated but provided inferior fit based on diagnostic plots, residual

patterns, and model performance metrics. The final choice of Gaussian GLM with log link function

applied to square root transformed data (with 1% trimming) best addressed both the distributional char-

acteristics of our dependent variable and the heteroscedasticity observed in initial diagnostics. Specific

model diagnostics are discussed in Section 2.3.

After evaluating diagnostic plots, residual patterns, and model performance metrics (pseudo-R2

values), the Gaussian GLM with log-link function applied to the square root transformed data (with 1%
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Quantile Pinball Loss Norm
50th (Median) 1.96 × 10-4

75th 3.41 × 10-4

90th 5.53 × 10-4

95th 7.46 × 10-4

97th 9.22 × 10-4

98th 1.09 × 10-3

99th 1.47 × 10-3

Maximum 5.18 × 10-1

Table B.2: Distribution of Pinball Loss Norm Values

trimming) provided the best fit. This combination effectively addressed both the heavy-tailed nature

of the original distribution and the heteroscedasticity observed in initial model diagnostics.

Iteration 1 Iteration 2 Iteration 3 Iteration 4 Iteration 5 Iteration 6 Iteration 7

Variable Raw GVIF A GVIF Raw GVIF A GVIF Raw GVIF A GVIF Raw GVIF A GVIF Raw GVIF A GVIF Raw GVIF A GVIF Raw GVIF A GVIF

black perc 11.36818 3.371673 9.767423 3.125288 9.296005 3.048935 6.806963 2.609016 4.407688 2.099449 2.592352 1.610078 1.321822 1.149705
hispanic perc 8.925986 2.987639 7.617554 2.759992 6.75456 2.598954 6.385277 2.526911 6.37993 2.525852 2.474057 1.572914 1.159437 1.076772
asian perc 2.06554 1.437199 2.065375 1.437141 1.918433 1.385075 1.918099 1.384955 1.917993 1.384916 1.457816 1.2074 1.456597 1.206896
factor(lookahead) 1.002012 1.000335 1.002011 1.000335 1.002011 1.000335 1.00201 1.000335 1.00201 1.000335 1.00201 1.000335 1.002006 1.000334
factor(phase) 1.113057 1.008966 1.113048 1.008965 1.113046 1.008965 1.113028 1.008964 1.113026 1.008963 1.113015 1.008963 1.112995 1.008961
factor(model type) 3.461884 1.167923 3.461752 1.167917 3.461675 1.167914 3.461639 1.167912 3.461401 1.167902 3.461395 1.167902 3.461362 1.167901
factor(mobility used) 3.529834 1.370688 3.529651 1.37067 3.529602 1.370665 3.529574 1.370663 3.529503 1.370656 3.529393 1.370645 3.529174 1.370624
BPHIGH 12.871 3.587617 12.65528 3.557427 10.84353 3.292951 9.612044 3.10033 NA NA NA NA NA NA
CANCER 9.636473 3.104267 9.61278 3.100448 9.537255 3.088245 9.537094 3.088219 9.53316 3.087582 NA NA NA NA
CASTHMA 2.572772 1.603986 2.522557 1.588256 2.515252 1.585955 2.430928 1.559143 2.369442 1.539299 2.202915 1.484222 2.050653 1.43201
CHD 29.43185 5.425113 26.35377 5.133592 25.92193 5.091359 NA NA NA NA NA NA NA NA
DIABETES 33.15382 5.757935 33.09767 5.753058 NA NA NA NA NA NA NA NA NA NA
OBESITY 3.093372 1.758798 3.070124 1.752177 2.772913 1.665207 2.727348 1.651468 2.361238 1.536632 2.357235 1.535329 2.255838 1.501945
STROKE 52.04237 7.21404 NA NA NA NA NA NA NA NA NA NA NA NA
COPD 13.47433 3.670739 13.12894 3.623388 12.73936 3.569224 7.084034 2.661585 4.404079 2.09859 4.403759 2.098514 2.958887 1.720141
KIDNEY 47.58153 6.897936 20.7619 4.556523 14.69184 3.832994 7.195956 2.682528 7.126606 2.66957 6.302263 2.510431 NA NA
TOT POP perc 65 1.307825 1.143602 1.305161 1.142437 1.296058 1.138446 1.292535 1.136897 1.279676 1.131228 1.23525 1.111418 1.233578 1.110666

Table B.3: Iterative removal of Health Outcome (HO) variables based on adjusted GVIF
< 2

B.2.2 Multicollinearity Analysis and Variable Selection

B.2.2.1 GLM-1

To address multicollinearity concerns in our health outcome variables, we employed an iterative

variable selection process using the Generalized Variance Inflation Factor (GVIF). Table B.3 shows the

progression of this iterative process, where variables of interest were systematically removed based

on an adjusted GVIF threshold of 2. The adjusted GVIF (A GVIF) is calculated as GV IF 1/(2Df),
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Variable Raw GVIF Adjusted GVIF

factor(urbanicity) 2.017 1.192
lookahead 1.002 1.000
phase 1.113 1.009
model type 3.471 1.168
mobility used 3.534 1.371
CASTHMA 20.030 4.475
STROKE 56.230 7.499
DIABETES 73.127 8.551
CHD 73.595 8.579
BPHIGH 27.348 5.230
CANCER 10.058 3.171
OBESITY 5.198 2.280
KIDNEY 78.350 8.852
COPD 56.263 7.501
TOT POP perc 65 1.572 1.254

Table B.4: GVIF Assessment for GLM-2 (Urbanization Main Effects): Initial Assessment
satisfies multicollinearity assumption

providing a scale-invariant measure that accounts for the degrees of freedom of each variable.

At the end of this iterative process, our demographic variables of interest (black perc, his-

panic perc, asian perc) and data-model characteristic variables (lookahead, phase, model type, mobil-

ity used) maintained acceptable GVIF values (< 2) throughout the process, supporting their retention

in the final model specification. On the other hand, although not strictly necessary 3, the adjusted

GVIF values for the control variables (e.g., CASTHMA or COPD) were also below 2. This systematic

approach to variable selection helped ensure our model’s stability while retaining the most important

health outcome controls that showed minimal collinearity with our variables of interest.
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B.2.2.2 GLM-2

Table B.4 presents the GVIF assessment for our urbanization model (GLM-2). Most critically,

our key variable of interest, urbanization level (factor(urbanicity)), shows a well-contained adjusted

GVIF of 1.192, indicating that multicollinearity does not compromise our ability to assess urban-rural

disparities. Similarly, all model characteristic variables maintain low adjusted GVIF values during the

first iteration: lookahead (1.000), phase (1.009), model type (1.168), and mobility used (1.371).

While the health outcome variables exhibit substantial multicollinearity - with Chronic Kidney

Disease showing the highest adjusted GVIF (8.852), followed by CHD (8.579) and DIABETES (8.551)

- we retain these variables in the model since the coefficients of the variables of interest (urbanization

and data-model characteristics) are not affected (their GVIF values are low), and the performance of

the control variables as controls is not impaired.

B.2.3 Model Diagnostics

B.2.3.1 GLM-1

The diagnostic plots for our main effects model (GLM-1) indicate generally satisfactory model

performance while highlighting some limitations that warrant discussion (Figure B.3):

Model Fit and Prediction Accuracy: Observed vs. predicted values (Panel A of Figure B.3)

shows the distribution of observed values at each prediction level through vertical density strips. The

dashed line represents perfect prediction (y=x). Expected: Short, symmetric vertical distributions

centered on the diagonal line with consistent length. Observed: Reasonable symmetric clustering

around the diagonal at lower values with increasing dispersion at higher predictions, suggesting the
3https://statisticalhorizons.com/multicollinearity/
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Figure B.3: Diagnostic Plots for GLM-1 (Race and Ethnicity Main Effects Model)

model performs better for smaller values of the transformed PBL.

Residual Analysis: Residuals vs. predicted values (Panel B of Figure B.3) with zero reference

line (dashed red). Expected: Random scatter around zero with constant spread. Observed: Symmetric

pattern around zero with mild heteroscedasticity, showing some variation in spread across predicted

values.

Normality Assessment: Q-Q plot of deviance residuals (Panel C of Figure B.3) comparing em-

pirical quantiles against theoretical normal distribution. Expected: Points following the diagonal line

closely if residuals are normally distributed. Observed: Good alignment in central region with some
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deviation in tails, indicating approximate normality with slightly heavier tails. Even for the distribu-

tion of deviance residuals (Panel D of Figure B.3) we see similar patterns of mild heteroscedasticity in

the tails. Expected: Symmetric, bell-shaped curve centered at zero for normal distribution. Observed:

Approximately symmetric distribution with slight departure from normality in the tails.

Influence Analysis: Cook’s distance plot (Panel E of Figure B.3) identifies 87,047 potentially

influential points (approximately 5.7% of observations) above the standard threshold of 4/n. While

this number might seem high, it is not unexpected given our large sample size (N = 1,526,869) and

the complex nature of COVID-19 forecast errors. Further investigation revealed that removing these

points did not substantially alter our main findings regarding racial and ethnic disparities.

These diagnostic results collectively suggest that while our model exhibits some departures from

ideal GLM assumptions - particularly in terms of residual heteroscedasticity and influential obser-

vations - these limitations are reasonably well-managed through our modeling choices (square root

transformation and log-link function) and do not compromise the validity of our main conclusions.

The symmetric distribution of residuals, reasonable prediction accuracy, and robustness of findings to

influential points support the use of this model specification for investigating racial and ethnic dis-

parities in COVID-19 forecasts. Moreover, the observed patterns in the diagnostics are consistent

with what we might expect given the inherent challenges in modeling forecast errors across diverse

geographic and demographic contexts during a dynamic pandemic. Importantly, sensitivity analyses

confirmed that our key findings regarding demographic disparities in forecast accuracy remain stable

even when accounting for these model limitations.

These diagnostic results indicate that our model provides a suitable framework for investigat-

ing disparities in COVID-19 forecasts, despite some expected limitations. The combination of square

root transformation and log-link function helped improve the distributional properties of our depen-
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dent variable by reducing right-skewness and stabilizing variance, although some heteroscedasticity

remains visible in the residual plots. The approximate symmetry in residual distribution and gener-

ally good alignment in the Q-Q plot’s central region suggest that our modeling choices effectively

addressed the most severe violations of standard GLM assumptions. While we observe a relatively

high number of influential points (5.7% of observations), sensitivity analyses confirmed that our key

findings regarding demographic disparities in forecast accuracy remain stable even when these points

are excluded.

B.2.3.2 GLM-2

The diagnostic results for our urbanization model (GLM-2) show patterns highly consistent with

those observed in GLM-1, indicating stable model performance across our different specifications

(Figure B.4):

Model Fit and Prediction Accuracy: Observed vs. predicted values (Panel A) shows the

distribution of observed values through vertical density strips, with the dashed line representing perfect

prediction. The pattern reveals good prediction accuracy at lower values with increasing dispersion at

higher predictions, closely matching what we observed in our race and ethnicity model.

Residual Analysis: The residuals vs. predicted values plot (Panel B) demonstrates symmetric

dispersion around zero, with a similar mild heteroscedastic pattern to GLM-1, where the spread of

residuals varies somewhat across predicted values.

Normality Assessment: The Q-Q plot (Panel C) and distribution of deviance residuals (Panel

D) reveal patterns nearly identical to GLM-1, with good alignment in the central region and slight de-

viations in the tails. The residual distribution maintains approximate symmetry with minor departures
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Figure B.4: Diagnostic Plots for GLM-2 (Urbanicity Main Effects Model)

from normality in the extremes.

Influence Analysis: Cook’s distance plot (Panel E) identifies 87,539 influential points (5.7%

of observations) above the threshold of 4/n, almost identical to GLM-1’s 87,047 points. This consis-

tency across models suggests these influential points reflect inherent characteristics of our COVID-19

forecast data rather than model-specific issues.

These diagnostic results reinforce the appropriateness of our modeling approach. The combina-

tion of square root transformation and log-link function effectively addressed the main distributional

challenges in our data, as evidenced by the similar patterns across both GLM-1 and GLM-2. While
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some heteroscedasticity remains visible in the residual plots, the consistent symmetric distribution

of residuals and robustness to influential points provides confidence in our analyses. The striking

similarity between GLM-1 and GLM-2 diagnostics suggests that our model specification is handling

both race/ethnicity and urbanization predictors in a stable and reliable manner. This consistency across

models strengthens our ability to draw meaningful conclusions about disparities in COVID-19 forecast

accuracy across different demographic and geographic contexts.
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.301 (0.004) 1.351 [1.342, 1.361] 84.05***

AL 0.091 (0.003) 1.095 [1.088, 1.101] 28.98***

AR 0.074 (0.003) 1.077 [1.070, 1.084] 22.45***

AZ 0.105 (0.004) 1.111 [1.101, 1.120] 24.81***

CA 0.053 (0.003) 1.054 [1.047, 1.061] 15.53***

CO 0.229 (0.003) 1.257 [1.250, 1.265] 73.51***

DE 0.054 (0.009) 1.055 [1.036, 1.074] 5.87***

GA 0.089 (0.003) 1.094 [1.088, 1.100] 31.55***

HI 0.025 (0.011) 1.025 [1.004, 1.047] 2.32*

IA 0.134 (0.003) 1.144 [1.137, 1.151] 44.51***

ID 0.123 (0.003) 1.131 [1.124, 1.138] 39.78***

IL 0.167 (0.003) 1.182 [1.175, 1.188] 60.01***

IN 0.066 (0.003) 1.068 [1.062, 1.074] 23.28***

KS 0.227 (0.003) 1.255 [1.248, 1.262] 83.67***

KY 0.115 (0.003) 1.122 [1.116, 1.128] 42.27***

LA 0.084 (0.003) 1.088 [1.080, 1.095] 24.90***

MA -0.019 (0.005) 0.981 [0.970, 0.991] -3.59***

MD -0.054 (0.004) 0.947 [0.939, 0.955] -12.61***

ME -0.059 (0.005) 0.943 [0.934, 0.952] -11.88***

MI 0.092 (0.003) 1.096 [1.090, 1.102] 34.04***

MN 0.185 (0.003) 1.203 [1.196, 1.209] 64.50***

MO 0.062 (0.003) 1.064 [1.057, 1.070] 19.54***

MS 0.116 (0.003) 1.123 [1.116, 1.130] 35.47***

MT 0.221 (0.003) 1.247 [1.240, 1.254] 77.02***

NC 0.060 (0.003) 1.062 [1.056, 1.068] 20.19***

ND 0.230 (0.003) 1.258 [1.250, 1.266] 68.57***

NE 0.123 (0.003) 1.131 [1.123, 1.138] 36.15***

NH 0.044 (0.006) 1.045 [1.034, 1.057] 7.79***

NJ 0.035 (0.004) 1.036 [1.027, 1.044] 8.14***

NM 0.041 (0.004) 1.042 [1.035, 1.050] 11.62***

NV 0.037 (0.004) 1.037 [1.028, 1.046] 8.33***

OH -0.031 (0.003) 0.969 [0.963, 0.975] -10.21***

OK 0.145 (0.003) 1.156 [1.150, 1.162] 53.63***

OR -0.007 (0.004) 0.993 [0.986, 1.000] -1.97*

PA 0.007 (0.003) 1.007 [1.001, 1.013] 2.32*

RI 0.236 (0.007) 1.267 [1.250, 1.284] 34.20***

SC 0.076 (0.004) 1.079 [1.072, 1.087] 21.10***

SD 0.177 (0.003) 1.194 [1.187, 1.201] 56.13***

TN 0.146 (0.003) 1.157 [1.151, 1.164] 50.35***

TX 0.113 (0.003) 1.119 [1.113, 1.125] 39.15***

UT -0.256 (0.005) 0.774 [0.766, 0.782] -51.03***

VA 0.075 (0.003) 1.078 [1.072, 1.083] 28.32***

VT 0.022 (0.005) 1.022 [1.012, 1.033] 4.31***

WA 0.046 (0.003) 1.047 [1.040, 1.054] 13.45***

WI 0.179 (0.003) 1.196 [1.189, 1.202] 64.20***

WV 0.055 (0.003) 1.056 [1.050, 1.062] 18.12***

WY 0.184 (0.004) 1.202 [1.194, 1.211] 49.17***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL (trimmed).

Table B.5: State Fixed Effects for GLM-1 (Reference State: NY)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.181 (0.005) 1.199 [1.188, 1.209] 39.74***

AL 0.076 (0.004) 1.079 [1.071, 1.086] 21.16***

AR 0.030 (0.004) 1.030 [1.022, 1.038] 7.50***

AZ 0.095 (0.005) 1.099 [1.089, 1.110] 18.86***

CA 0.027 (0.004) 1.027 [1.019, 1.034] 7.20***

CO 0.222 (0.004) 1.249 [1.241, 1.258] 62.84***

DE 0.039 (0.009) 1.040 [1.021, 1.059] 4.24***

GA 0.065 (0.004) 1.067 [1.059, 1.074] 18.11***

HI -0.203 (0.011) 0.816 [0.799, 0.833] -19.02***

IA 0.106 (0.004) 1.112 [1.104, 1.120] 29.47***

ID 0.091 (0.003) 1.095 [1.088, 1.102] 26.39***

IL 0.149 (0.003) 1.160 [1.153, 1.167] 47.61***

IN 0.085 (0.003) 1.089 [1.082, 1.095] 28.47***

KS 0.183 (0.003) 1.200 [1.193, 1.207] 60.22***

KY 0.148 (0.003) 1.160 [1.153, 1.167] 50.60***

LA 0.081 (0.004) 1.084 [1.076, 1.092] 20.73***

MA -0.032 (0.005) 0.969 [0.958, 0.979] -5.80***

MD -0.069 (0.005) 0.933 [0.925, 0.941] -15.19***

ME -0.080 (0.005) 0.924 [0.914, 0.933] -15.69***

MI 0.070 (0.003) 1.072 [1.066, 1.079] 23.41***

MN 0.115 (0.003) 1.122 [1.114, 1.129] 33.32***

MO 0.062 (0.003) 1.064 [1.057, 1.071] 18.01***

MS 0.077 (0.004) 1.080 [1.072, 1.089] 18.94***

MT 0.172 (0.003) 1.187 [1.179, 1.195] 50.67***

NC 0.031 (0.003) 1.031 [1.024, 1.038] 8.88***

ND 0.142 (0.004) 1.153 [1.143, 1.162] 33.67***

NE 0.071 (0.004) 1.074 [1.065, 1.082] 17.77***

NH 0.035 (0.006) 1.035 [1.024, 1.047] 6.03***

NJ 0.008 (0.005) 1.008 [0.999, 1.017] 1.84
NM 0.041 (0.004) 1.042 [1.034, 1.050] 10.60***

NV 0.020 (0.005) 1.020 [1.011, 1.029] 4.23***

OH -0.043 (0.003) 0.958 [0.952, 0.964] -13.39***

OK 0.117 (0.003) 1.124 [1.117, 1.131] 37.54***

OR -0.032 (0.004) 0.969 [0.962, 0.976] -8.50***

PA -0.023 (0.003) 0.977 [0.971, 0.984] -7.17***

RI 0.246 (0.007) 1.279 [1.261, 1.297] 34.90***

SC 0.059 (0.004) 1.061 [1.053, 1.070] 14.42***

SD 0.083 (0.004) 1.086 [1.077, 1.095] 19.85***

TN 0.167 (0.003) 1.182 [1.175, 1.189] 53.57***

TX 0.127 (0.003) 1.135 [1.128, 1.142] 38.50***

UT -0.295 (0.005) 0.744 [0.737, 0.752] -56.03***

VA 0.091 (0.003) 1.096 [1.089, 1.102] 30.99***

VT -0.020 (0.005) 0.980 [0.970, 0.990] -3.80***

WA 0.033 (0.004) 1.033 [1.026, 1.041] 9.01***

WI 0.117 (0.003) 1.125 [1.117, 1.132] 35.19***

WV 0.060 (0.004) 1.062 [1.055, 1.069] 17.08***

WY 0.156 (0.004) 1.169 [1.160, 1.178] 38.44***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL (trimmed).

Table B.6: State Fixed Effects for GLM-2 (Reference State: NY)
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(a) Race and Forecast Lookahead (b) Race and Pandemic Phase

(c) Race and Model Type (d) Race and Mobility Usage

Figure B.5: Regression diagnostics for the Generalized Linear Models (GLM) analyz-
ing interactions between race/ethnicity and model characteristics: (a) Forecast lookahead
interactions (GLM-1a) showing diagnostic plots for models analyzing how prediction hori-
zons (7-28 days) affect racial disparities; (b) Pandemic phase interactions (GLM-1b) pre-
senting diagnostic assessments for models examining how racial disparities vary across
different COVID-19 phases; (c) Model type interactions (GLM-1c) showing residual pat-
terns for analyzing racial disparities across different model architectures (compartmental,
deep learning, statistical, etc.); and (d) Mobility data usage interactions (GLM-1d) dis-
playing diagnostics for models examining how the incorporation of mobility data impacts
prediction fairness across racial groups. Each subplot contains standard regression diag-
nostic plots: observed vs. fitted values (top left) residuals vs. fitted values (top right), nor-
mal Q-Q plot (middle left), scale-location plot (bottom left), and distribution of deviance
residuals (bottom right) to validate model assumptions of normality, homoscedasticity, and
identify potential influential observations.
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(a) Urbanicity and Lookahead (b) Urbanicity and Pandemic Phase

(c) Urbanicity and Model Type (d) Urbanicity and Mobility Usage

Figure B.6: Regression diagnostics for the Generalized Linear Models (GLM) analyzing
interactions between urbanicity and model characteristics: (a) Forecast lookahead interac-
tions (GLM-1a) showing diagnostic plots for models analyzing how prediction horizons
(7-28 days) affect racial disparities; (b) Pandemic phase interactions (GLM-1b) presenting
diagnostic assessments for models examining how racial disparities vary across differ-
ent COVID-19 phases; (c) Model type interactions (GLM-1c) showing residual patterns
for analyzing racial disparities across different model architectures (compartmental, deep
learning, statistical, etc.); and (d) Mobility data usage interactions (GLM-1d) displaying
diagnostics for models examining how the incorporation of mobility data impacts predic-
tion fairness across racial groups. Each subplot contains standard regression diagnostic
plots: observed vs. fitted values (top left) residuals vs. fitted values (top right), normal Q-
Q plot (middle left), scale-location plot (bottom left), and distribution of deviance residuals
(bottom right) to validate model assumptions of normality, homoscedasticity, and identify
potential influential observations.
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.108 (0.001) 1.114 [1.111, 1.116] 93.23***

21-day ahead 0.183 (0.001) 1.201 [1.199, 1.204] 162.93***

28-day ahead 0.251 (0.001) 1.285 [1.283, 1.288] 230.21***

Model Type (ref: Compartmental)
Baseline Models 0.114 (0.002) 1.121 [1.118, 1.124] 73.02***

Deep Learning 0.037 (0.001) 1.037 [1.035, 1.039] 40.15***

Ensemble 0.007 (0.001) 1.007 [1.005, 1.009] 7.97***

Statistical 0.073 (0.001) 1.076 [1.074, 1.078] 89.84***

Mobility Used (ref: No)
Mixed -0.146 (0.001) 0.864 [0.862, 0.866] -124.31***

Yes -0.004 (0.001) 0.996 [0.994, 0.997] -5.55***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.445 [1.442, 1.448] 377.45***

Phase 2 -0.116 (0.001) 0.891 [0.888, 0.893] -99.57***

Phase 3 0.251 (0.001) 1.285 [1.283, 1.288] 236.62***

Phase 4 0.440 (0.001) 1.553 [1.550, 1.556] 417.08***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.76***

Phase 6 0.141 (0.001) 1.152 [1.149, 1.154] 112.44***

Health Outcomes
Asthma -0.041 (0.001) 0.959 [0.958, 0.961] -43.32***

Obesity 0.003 (0.0001) 1.003 [1.003, 1.004] 25.28***

COPD 0.045 (0.0005) 1.046 [1.045, 1.047] 92.63***

Age 65+ 0.190 (0.007) 1.209 [1.193, 1.225] 28.05***

Intercept -4.686 (0.009) 0.009 [0.009, 0.009] -508.57***

Notes: Race × Lookahead interactions shown in main manuscript table. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model
uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.7: Main Effects for GLM-1a (Race × Lookahead Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.299 (0.004) 1.349 [1.339, 1.358] 83.52***

AL 0.091 (0.003) 1.095 [1.088, 1.102] 29.04***

AR 0.075 (0.003) 1.077 [1.070, 1.084] 22.65***

AZ 0.104 (0.004) 1.110 [1.101, 1.119] 24.70***

CA 0.054 (0.003) 1.056 [1.049, 1.063] 16.03***

CO 0.228 (0.003) 1.256 [1.248, 1.263] 73.17***

DE 0.054 (0.009) 1.056 [1.037, 1.075] 5.96***

GA 0.090 (0.003) 1.094 [1.088, 1.100] 31.60***

HI 0.020 (0.011) 1.020 [0.999, 1.042] 1.84
IA 0.135 (0.003) 1.144 [1.138, 1.151] 44.69***

ID 0.123 (0.003) 1.131 [1.124, 1.138] 39.64***

IL 0.167 (0.003) 1.182 [1.175, 1.188] 60.12***

IN 0.066 (0.003) 1.068 [1.062, 1.074] 23.35***

KS 0.227 (0.003) 1.255 [1.249, 1.262] 83.85***

KY 0.116 (0.003) 1.123 [1.117, 1.129] 42.39***

LA 0.084 (0.003) 1.088 [1.081, 1.095] 25.02***

MA -0.019 (0.005) 0.981 [0.971, 0.991] -3.57***

MD -0.054 (0.004) 0.948 [0.940, 0.956] -12.48***

ME -0.059 (0.005) 0.942 [0.933, 0.951] -12.05***

MI 0.092 (0.003) 1.096 [1.090, 1.102] 34.01***

MN 0.185 (0.003) 1.203 [1.196, 1.210] 64.60***

MO 0.062 (0.003) 1.064 [1.058, 1.071] 19.79***

MS 0.116 (0.003) 1.123 [1.116, 1.130] 35.51***

MT 0.220 (0.003) 1.246 [1.239, 1.253] 76.92***

NC 0.061 (0.003) 1.062 [1.056, 1.069] 20.31***

ND 0.230 (0.003) 1.259 [1.250, 1.267] 68.76***

NE 0.123 (0.003) 1.131 [1.124, 1.139] 36.40***

NH 0.044 (0.006) 1.045 [1.033, 1.056] 7.73***

NJ 0.036 (0.004) 1.037 [1.028, 1.046] 8.45***

NM 0.041 (0.004) 1.042 [1.034, 1.049] 11.49***

NV 0.037 (0.004) 1.038 [1.029, 1.047] 8.50***

OH -0.031 (0.003) 0.970 [0.964, 0.976] -10.03***

OK 0.145 (0.003) 1.156 [1.150, 1.162] 53.68***

OR -0.007 (0.004) 0.993 [0.986, 1.000] -2.05*

PA 0.007 (0.003) 1.007 [1.001, 1.013] 2.34*

RI 0.236 (0.007) 1.266 [1.249, 1.283] 34.10***

SC 0.077 (0.004) 1.080 [1.072, 1.087] 21.21***

SD 0.178 (0.003) 1.194 [1.187, 1.202] 56.27***

TN 0.146 (0.003) 1.158 [1.151, 1.164] 50.44***

TX 0.113 (0.003) 1.120 [1.113, 1.126] 39.37***

UT -0.257 (0.005) 0.774 [0.766, 0.781] -51.19***

VA 0.075 (0.003) 1.078 [1.072, 1.083] 28.39***

VT 0.021 (0.005) 1.021 [1.011, 1.031] 4.11***

WA 0.045 (0.003) 1.047 [1.040, 1.054] 13.35***

WI 0.178 (0.003) 1.195 [1.189, 1.202] 64.17***

WV 0.055 (0.003) 1.057 [1.050, 1.063] 18.24***

WY 0.184 (0.004) 1.202 [1.193, 1.211] 49.10***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.8: State Fixed Effects for GLM-1a (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.112 (0.001) 1.119 [1.117, 1.121] 146.51***

21-day ahead 0.191 (0.001) 1.210 [1.208, 1.212] 254.30***

28-day ahead 0.261 (0.001) 1.299 [1.297, 1.301] 359.63***

Model Type (ref: Compartmental)
Baseline Models 0.113 (0.002) 1.120 [1.117, 1.123] 74.07***

Deep Learning 0.036 (0.001) 1.037 [1.035, 1.039] 40.93***

Ensemble 0.007 (0.001) 1.007 [1.005, 1.008] 7.71***

Statistical 0.072 (0.001) 1.074 [1.073, 1.076] 89.95***

Mobility Used (ref: No)
Not Applicable -0.146 (0.001) 0.864 [0.862, 0.866] -126.55***

Yes -0.005 (0.001) 0.995 [0.994, 0.997] -6.17***

Phase (ref: Phase 0)
Phase 1 0.481 (0.001) 1.618 [1.613, 1.623] 328.46***

Phase 2 0.009 (0.002) 1.009 [1.006, 1.013] 5.29***

Phase 3 0.373 (0.002) 1.453 [1.448, 1.457] 235.62***

Phase 4 0.618 (0.002) 1.856 [1.850, 1.862] 401.03***

Phase 5 0.090 (0.002) 1.094 [1.090, 1.098] 45.57***

Phase 6 0.252 (0.002) 1.286 [1.282, 1.291] 136.28***

Health Outcomes
Asthma -0.041 (0.001) 0.960 [0.958, 0.962] -43.72***

Obesity 0.003 (0.0001) 1.003 [1.003, 1.003] 22.83***

COPD 0.044 (0.0005) 1.045 [1.044, 1.046] 93.22***

Age 65+ 0.156 (0.007) 1.169 [1.154, 1.184] 23.51***

Intercept -4.779 (0.009) 0.008 [0.008, 0.009] -528.25***

Notes: Race × Phase interactions shown in main manuscript table. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses
Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.9: Main Effects for GLM-1b (Race × Phase Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.290 (0.004) 1.337 [1.328, 1.346] 82.71***

AL 0.084 (0.003) 1.088 [1.082, 1.095] 27.64***

AR 0.071 (0.003) 1.073 [1.066, 1.080] 21.95***

AZ 0.099 (0.004) 1.104 [1.095, 1.112] 23.86***

CA 0.044 (0.003) 1.045 [1.039, 1.052] 13.38***

CO 0.217 (0.003) 1.242 [1.235, 1.250] 71.21***

DE 0.052 (0.009) 1.054 [1.035, 1.072] 5.82***

GA 0.089 (0.003) 1.093 [1.087, 1.099] 32.08***

HI 0.002 (0.010) 1.002 [0.982, 1.023] 0.21
IA 0.125 (0.003) 1.133 [1.127, 1.140] 42.33***

ID 0.112 (0.003) 1.119 [1.112, 1.125] 37.06***

IL 0.160 (0.003) 1.173 [1.167, 1.180] 58.96***

IN 0.058 (0.003) 1.060 [1.054, 1.066] 21.23***

KS 0.221 (0.003) 1.248 [1.241, 1.254] 83.66***

KY 0.109 (0.003) 1.116 [1.110, 1.122] 41.13***

LA 0.088 (0.003) 1.092 [1.085, 1.099] 26.87***

MA -0.017 (0.005) 0.983 [0.973, 0.993] -3.28**

MD -0.059 (0.004) 0.943 [0.935, 0.951] -13.91***

ME -0.061 (0.005) 0.941 [0.932, 0.950] -12.76***

MI 0.088 (0.003) 1.092 [1.086, 1.097] 33.35***

MN 0.179 (0.003) 1.196 [1.189, 1.203] 64.10***

MO 0.055 (0.003) 1.057 [1.051, 1.063] 17.94***

MS 0.112 (0.003) 1.118 [1.111, 1.125] 35.08***

MT 0.209 (0.003) 1.232 [1.225, 1.239] 74.63***

NC 0.056 (0.003) 1.057 [1.051, 1.063] 19.11***

ND 0.219 (0.003) 1.245 [1.237, 1.253] 66.95***

NE 0.116 (0.003) 1.123 [1.116, 1.131] 35.04***

NH 0.047 (0.005) 1.048 [1.037, 1.060] 8.64***

NJ 0.041 (0.004) 1.042 [1.033, 1.051] 9.80***

NM 0.023 (0.003) 1.023 [1.016, 1.030] 6.53***

NV 0.033 (0.004) 1.033 [1.025, 1.042] 7.67***

OH -0.035 (0.003) 0.965 [0.960, 0.971] -11.88***

OK 0.138 (0.003) 1.148 [1.142, 1.154] 52.25***

OR -0.013 (0.003) 0.987 [0.980, 0.994] -3.82***

PA 0.004 (0.003) 1.004 [0.998, 1.009] 1.27
RI 0.233 (0.007) 1.262 [1.246, 1.279] 34.62***

SC 0.077 (0.004) 1.081 [1.073, 1.088] 21.92***

SD 0.167 (0.003) 1.181 [1.174, 1.189] 54.02***

TN 0.138 (0.003) 1.148 [1.142, 1.155] 48.83***

TX 0.110 (0.003) 1.116 [1.110, 1.122] 39.11***

UT -0.268 (0.005) 0.765 [0.757, 0.772] -54.66***

VA 0.071 (0.003) 1.073 [1.068, 1.079] 27.49***

VT 0.020 (0.005) 1.020 [1.010, 1.030] 4.02***

WA 0.040 (0.003) 1.040 [1.034, 1.047] 11.89***

WI 0.170 (0.003) 1.185 [1.178, 1.191] 62.46***

WV 0.051 (0.003) 1.052 [1.046, 1.058] 17.29***

WY 0.173 (0.004) 1.189 [1.181, 1.198] 47.32***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.10: State Fixed Effects for GLM-1b (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.113 (0.001) 1.119 [1.117, 1.121] 143.58***

21-day ahead 0.191 (0.001) 1.211 [1.209, 1.213] 249.41***

28-day ahead 0.262 (0.001) 1.300 [1.298, 1.302] 352.74***

Model Type (ref: Compartmental)
Baseline Models 0.103 (0.002) 1.109 [1.104, 1.113] 51.37***

Deep Learning 0.044 (0.001) 1.045 [1.042, 1.048] 33.29***

Ensemble 0.014 (0.001) 1.014 [1.012, 1.016] 12.54***

Statistical 0.080 (0.001) 1.084 [1.081, 1.086] 70.34***

Mobility Used (ref: No)
Not Applicable -0.147 (0.001) 0.864 [0.862, 0.866] -124.45***

Yes -0.005 (0.001) 0.996 [0.994, 0.997] -5.90***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.445 [1.442, 1.447] 376.90***

Phase 2 -0.116 (0.001) 0.890 [0.888, 0.892] -99.91***

Phase 3 0.251 (0.001) 1.285 [1.282, 1.288] 236.23***

Phase 4 0.440 (0.001) 1.552 [1.549, 1.556] 416.68***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.96***

Phase 6 0.141 (0.001) 1.151 [1.148, 1.154] 112.17***

Health Outcomes
Asthma -0.042 (0.001) 0.959 [0.957, 0.961] -43.77***

Obesity 0.003 (0.0001) 1.003 [1.003, 1.004] 25.92***

COPD 0.045 (0.0005) 1.046 [1.045, 1.047] 93.07***

Age 65+ 0.194 (0.007) 1.214 [1.199, 1.231] 28.74***

Intercept -4.697 (0.009) 0.009 [0.009, 0.009] -510.25***

Notes: Race × Model Type interactions shown in main manuscript table. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model
uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.11: Main Effects for GLM-1c (Race × Model Type Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.301 (0.004) 1.351 [1.342, 1.361] 84.05***

AL 0.090 (0.003) 1.095 [1.088, 1.101] 28.98***

AR 0.074 (0.003) 1.077 [1.070, 1.084] 22.44***

AZ 0.105 (0.004) 1.110 [1.101, 1.120] 24.80***

CA 0.053 (0.003) 1.054 [1.047, 1.062] 15.62***

CO 0.229 (0.003) 1.258 [1.250, 1.265] 73.56***

DE 0.054 (0.009) 1.055 [1.036, 1.074] 5.85***

GA 0.089 (0.003) 1.093 [1.087, 1.100] 31.52***

HI 0.025 (0.011) 1.025 [1.004, 1.047] 2.31*

IA 0.134 (0.003) 1.144 [1.137, 1.150] 44.46***

ID 0.123 (0.003) 1.131 [1.124, 1.138] 39.72***

IL 0.167 (0.003) 1.181 [1.175, 1.188] 59.98***

IN 0.065 (0.003) 1.068 [1.062, 1.074] 23.24***

KS 0.227 (0.003) 1.255 [1.248, 1.261] 83.65***

KY 0.115 (0.003) 1.122 [1.116, 1.128] 42.23***

LA 0.084 (0.003) 1.087 [1.080, 1.095] 24.83***

MA -0.019 (0.005) 0.981 [0.970, 0.991] -3.58***

MD -0.055 (0.004) 0.947 [0.939, 0.955] -12.68***

ME -0.059 (0.005) 0.943 [0.934, 0.952] -11.92***

MI 0.092 (0.003) 1.096 [1.090, 1.102] 33.99***

MN 0.184 (0.003) 1.202 [1.196, 1.209] 64.44***

MO 0.062 (0.003) 1.064 [1.057, 1.070] 19.50***

MS 0.116 (0.003) 1.123 [1.116, 1.130] 35.46***

MT 0.220 (0.003) 1.247 [1.240, 1.254] 76.96***

NC 0.060 (0.003) 1.062 [1.056, 1.068] 20.16***

ND 0.229 (0.003) 1.258 [1.249, 1.266] 68.51***

NE 0.123 (0.003) 1.130 [1.123, 1.138] 36.15***

NH 0.044 (0.006) 1.045 [1.033, 1.057] 7.77***

NJ 0.035 (0.004) 1.036 [1.027, 1.044] 8.14***

NM 0.041 (0.004) 1.042 [1.035, 1.049] 11.56***

NV 0.036 (0.004) 1.037 [1.028, 1.046] 8.29***

OH -0.031 (0.003) 0.969 [0.963, 0.975] -10.25***

OK 0.145 (0.003) 1.156 [1.150, 1.162] 53.60***

OR -0.007 (0.004) 0.993 [0.986, 1.000] -2.03*

PA 0.007 (0.003) 1.007 [1.001, 1.013] 2.27*

RI 0.236 (0.007) 1.267 [1.249, 1.284] 34.18***

SC 0.076 (0.004) 1.079 [1.072, 1.087] 21.08***

SD 0.177 (0.003) 1.194 [1.186, 1.201] 56.09***

TN 0.146 (0.003) 1.157 [1.151, 1.164] 50.32***

TX 0.113 (0.003) 1.119 [1.113, 1.125] 39.16***

UT -0.256 (0.005) 0.774 [0.766, 0.782] -51.05***

VA 0.075 (0.003) 1.077 [1.072, 1.083] 28.24***

VT 0.022 (0.005) 1.022 [1.012, 1.032] 4.30***

WA 0.046 (0.003) 1.047 [1.040, 1.054] 13.36***

WI 0.178 (0.003) 1.195 [1.189, 1.202] 64.15***

WV 0.055 (0.003) 1.056 [1.050, 1.062] 18.08***

WY 0.184 (0.004) 1.202 [1.193, 1.211] 49.13***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.12: State Fixed Effects for GLM-1c (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.113 (0.001) 1.119 [1.118, 1.121] 143.64***

21-day ahead 0.191 (0.001) 1.211 [1.209, 1.213] 249.53***

28-day ahead 0.262 (0.001) 1.300 [1.298, 1.302] 352.84***

Model Type (ref: Compartmental)
Baseline Models 0.114 (0.002) 1.121 [1.118, 1.125] 73.05***

Deep Learning 0.037 (0.001) 1.037 [1.036, 1.039] 40.30***

Ensemble 0.007 (0.001) 1.007 [1.005, 1.009] 8.11***

Statistical 0.073 (0.001) 1.076 [1.074, 1.077] 89.57***

Mobility Used (ref: No)
Not Applicable -0.137 (0.001) 0.872 [0.870, 0.875] -92.95***

Yes 0.010 (0.001) 1.010 [1.008, 1.012] 9.76***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.444 [1.442, 1.447] 376.83***

Phase 2 -0.117 (0.001) 0.890 [0.888, 0.892] -100.06***

Phase 3 0.250 (0.001) 1.285 [1.282, 1.287] 236.15***

Phase 4 0.440 (0.001) 1.552 [1.549, 1.555] 416.73***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.94***

Phase 6 0.141 (0.001) 1.151 [1.148, 1.154] 111.97***

Health Outcomes
Asthma -0.042 (0.001) 0.959 [0.957, 0.961] -43.86***

Obesity 0.003 (0.0001) 1.003 [1.003, 1.004] 25.84***

COPD 0.045 (0.0005) 1.046 [1.045, 1.047] 93.25***

Age 65+ 0.194 (0.007) 1.214 [1.198, 1.230] 28.63***

Intercept -4.704 (0.009) 0.009 [0.009, 0.009] -510.35***

Notes: Race × Mobility interactions shown in main manuscript table. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses
Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.13: Main Effects for GLM-1d (Race × Mobility Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.301 (0.004) 1.351 [1.342, 1.361] 84.17***

AL 0.090 (0.003) 1.094 [1.088, 1.101] 28.83***

AR 0.074 (0.003) 1.076 [1.069, 1.083] 22.34***

AZ 0.104 (0.004) 1.110 [1.101, 1.119] 24.68***

CA 0.052 (0.003) 1.053 [1.046, 1.060] 15.22***

CO 0.229 (0.003) 1.257 [1.249, 1.265] 73.44***

DE 0.053 (0.009) 1.055 [1.036, 1.074] 5.83***

GA 0.089 (0.003) 1.093 [1.087, 1.099] 31.48***

HI 0.027 (0.011) 1.028 [1.006, 1.049] 2.55*

IA 0.134 (0.003) 1.143 [1.136, 1.150] 44.32***

ID 0.123 (0.003) 1.131 [1.124, 1.138] 39.69***

IL 0.166 (0.003) 1.181 [1.175, 1.188] 59.90***

IN 0.065 (0.003) 1.067 [1.061, 1.073] 23.14***

KS 0.227 (0.003) 1.254 [1.248, 1.261] 83.62***

KY 0.115 (0.003) 1.122 [1.116, 1.128] 42.13***

LA 0.084 (0.003) 1.087 [1.080, 1.094] 24.82***

MA -0.019 (0.005) 0.981 [0.971, 0.992] -3.48***

MD -0.055 (0.004) 0.947 [0.939, 0.955] -12.70***

ME -0.058 (0.005) 0.943 [0.934, 0.952] -11.86***

MI 0.091 (0.003) 1.096 [1.090, 1.102] 33.96***

MN 0.184 (0.003) 1.202 [1.196, 1.209] 64.44***

MO 0.061 (0.003) 1.063 [1.057, 1.070] 19.37***

MS 0.116 (0.003) 1.123 [1.116, 1.130] 35.42***

MT 0.220 (0.003) 1.246 [1.239, 1.253] 76.88***

NC 0.060 (0.003) 1.062 [1.056, 1.068] 20.10***

ND 0.229 (0.003) 1.257 [1.249, 1.266] 68.42***

NE 0.122 (0.003) 1.130 [1.122, 1.138] 36.02***

NH 0.044 (0.006) 1.045 [1.034, 1.057] 7.85***

NJ 0.035 (0.004) 1.036 [1.027, 1.045] 8.20***

NM 0.041 (0.004) 1.041 [1.034, 1.049] 11.41***

NV 0.036 (0.004) 1.037 [1.028, 1.046] 8.27***

OH -0.032 (0.003) 0.969 [0.963, 0.975] -10.33***

OK 0.145 (0.003) 1.156 [1.150, 1.162] 53.51***

OR -0.007 (0.004) 0.993 [0.986, 1.000] -2.00*

PA 0.007 (0.003) 1.007 [1.001, 1.013] 2.28*

RI 0.236 (0.007) 1.267 [1.250, 1.284] 34.19***

SC 0.076 (0.004) 1.079 [1.072, 1.087] 21.11***

SD 0.177 (0.003) 1.193 [1.186, 1.201] 55.94***

TN 0.146 (0.003) 1.157 [1.150, 1.163] 50.20***

TX 0.112 (0.003) 1.119 [1.113, 1.125] 39.08***

UT -0.257 (0.005) 0.773 [0.766, 0.781] -51.24***

VA 0.075 (0.003) 1.077 [1.072, 1.083] 28.23***

VT 0.022 (0.005) 1.022 [1.012, 1.033] 4.32***

WA 0.046 (0.003) 1.047 [1.040, 1.054] 13.48***

WI 0.178 (0.003) 1.195 [1.189, 1.202] 64.13***

WV 0.054 (0.003) 1.056 [1.050, 1.062] 18.03***

WY 0.184 (0.004) 1.202 [1.193, 1.211] 49.07***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.14: State Fixed Effects for GLM-1d (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.142 (0.002) 1.152 [1.147, 1.157] 58.71***

21-day ahead 0.249 (0.002) 1.283 [1.277, 1.288] 106.78***

28-day ahead 0.340 (0.002) 1.404 [1.398, 1.411] 151.23***

Model Type (ref: Compartmental)
Baseline Models 0.114 (0.002) 1.121 [1.118, 1.125] 73.19***

Deep Learning 0.037 (0.001) 1.037 [1.035, 1.039] 40.18***

Ensemble 0.007 (0.001) 1.007 [1.005, 1.009] 8.03***

Statistical 0.073 (0.001) 1.076 [1.074, 1.078] 90.13***

Mobility Used (ref: No)
Not Applicable -0.147 (0.001) 0.864 [0.862, 0.866] -124.59***

Yes -0.004 (0.001) 0.996 [0.994, 0.997] -5.40***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.445 [1.442, 1.448] 377.92***

Phase 2 -0.116 (0.001) 0.890 [0.888, 0.892] -100.11***

Phase 3 0.250 (0.001) 1.285 [1.282, 1.287] 236.51***

Phase 4 0.440 (0.001) 1.552 [1.549, 1.555] 417.30***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.76***

Phase 6 0.141 (0.001) 1.151 [1.148, 1.154] 112.47***

Health Outcomes
Asthma -0.045 (0.001) 0.956 [0.954, 0.958] -34.87***

Obesity 0.004 (0.0001) 1.004 [1.004, 1.005] 31.91***

High Blood Pressure -0.002 (0.0003) 0.998 [0.997, 0.998] -7.73***

COPD -0.000 (0.001) 1.000 [0.998, 1.002] -0.01
Stroke -0.019 (0.003) 0.981 [0.974, 0.987] -5.65***

Cancer -0.016 (0.003) 0.984 [0.978, 0.989] -5.74***

Coronary Heart Disease 0.085 (0.003) 1.089 [1.084, 1.094] 33.35***

Diabetes -0.005 (0.001) 0.995 [0.993, 0.997] -5.34***

Kidney Disease 0.042 (0.006) 1.043 [1.030, 1.056] 6.56***

Age 65+ 0.106 (0.007) 1.112 [1.097, 1.127] 15.48***

Intercept -4.755 (0.018) 0.009 [0.008, 0.009] -264.84***

Notes: Urbanicity × Lookahead interactions shown in main manuscript table. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05.
Model uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.15: Main Effects for GLM-2a (Urbanicity × Lookahead Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.181 (0.005) 1.199 [1.188, 1.210] 39.86***

AL 0.076 (0.004) 1.079 [1.071, 1.086] 21.19***

AR 0.030 (0.004) 1.030 [1.022, 1.038] 7.53***

AZ 0.095 (0.005) 1.099 [1.089, 1.110] 18.88***

CA 0.027 (0.004) 1.027 [1.020, 1.035] 7.34***

CO 0.222 (0.004) 1.249 [1.240, 1.257] 62.85***

DE 0.039 (0.009) 1.040 [1.021, 1.059] 4.27***

GA 0.064 (0.004) 1.067 [1.059, 1.074] 18.10***

HI -0.204 (0.011) 0.816 [0.799, 0.833] -19.09***

IA 0.106 (0.004) 1.112 [1.104, 1.120] 29.51***

ID 0.091 (0.003) 1.095 [1.088, 1.102] 26.42***

IL 0.148 (0.003) 1.160 [1.153, 1.167] 47.64***

IN 0.085 (0.003) 1.088 [1.082, 1.095] 28.46***

KS 0.183 (0.003) 1.200 [1.193, 1.208] 60.35***

KY 0.148 (0.003) 1.160 [1.153, 1.166] 50.66***

LA 0.081 (0.004) 1.084 [1.076, 1.092] 20.76***

MA -0.031 (0.005) 0.969 [0.959, 0.980] -5.73***

MD -0.069 (0.005) 0.933 [0.925, 0.942] -15.16***

ME -0.080 (0.005) 0.924 [0.914, 0.933] -15.71***

MI 0.070 (0.003) 1.072 [1.066, 1.079] 23.46***

MN 0.115 (0.003) 1.122 [1.114, 1.129] 33.39***

MO 0.062 (0.003) 1.064 [1.057, 1.071] 18.06***

MS 0.077 (0.004) 1.080 [1.072, 1.089] 18.97***

MT 0.172 (0.003) 1.187 [1.179, 1.195] 50.77***

NC 0.031 (0.003) 1.031 [1.024, 1.038] 8.87***

ND 0.142 (0.004) 1.153 [1.143, 1.163] 33.80***

NE 0.071 (0.004) 1.074 [1.066, 1.082] 17.89***

NH 0.034 (0.006) 1.035 [1.023, 1.047] 6.00***

NJ 0.008 (0.005) 1.008 [1.000, 1.017] 1.87
NM 0.041 (0.004) 1.041 [1.034, 1.049] 10.57***

NV 0.020 (0.005) 1.020 [1.011, 1.029] 4.24***

OH -0.043 (0.003) 0.958 [0.952, 0.964] -13.38***

OK 0.117 (0.003) 1.124 [1.117, 1.131] 37.61***

OR -0.031 (0.004) 0.969 [0.962, 0.976] -8.51***

PA -0.023 (0.003) 0.978 [0.971, 0.984] -7.13***

RI 0.246 (0.007) 1.278 [1.261, 1.296] 34.90***

SC 0.059 (0.004) 1.061 [1.053, 1.070] 14.41***

SD 0.083 (0.004) 1.086 [1.078, 1.095] 19.94***

TN 0.167 (0.003) 1.182 [1.175, 1.189] 53.58***

TX 0.126 (0.003) 1.135 [1.128, 1.142] 38.50***

UT -0.295 (0.005) 0.745 [0.737, 0.752] -56.06***

VA 0.091 (0.003) 1.096 [1.089, 1.102] 30.94***

VT -0.020 (0.005) 0.980 [0.970, 0.990] -3.83***

WA 0.033 (0.004) 1.033 [1.026, 1.041] 8.97***

WI 0.117 (0.003) 1.125 [1.117, 1.132] 35.25***

WV 0.060 (0.004) 1.062 [1.055, 1.069] 17.10***

WY 0.156 (0.004) 1.169 [1.159, 1.178] 38.47***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.16: State Fixed Effects for GLM-2a (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.113 (0.001) 1.119 [1.118, 1.121] 144.19***

21-day ahead 0.191 (0.001) 1.211 [1.209, 1.213] 250.41***

28-day ahead 0.262 (0.001) 1.300 [1.298, 1.302] 354.09***

Model Type (ref: Compartmental)
Baseline Models 0.114 (0.002) 1.121 [1.118, 1.125] 73.38***

Deep Learning 0.037 (0.001) 1.037 [1.036, 1.039] 40.48***

Ensemble 0.007 (0.001) 1.007 [1.006, 1.009] 8.39***

Statistical 0.073 (0.001) 1.076 [1.074, 1.078] 90.26***

Mobility Used (ref: No)
Not Applicable -0.147 (0.001) 0.863 [0.861, 0.865] -125.11***

Yes -0.004 (0.001) 0.996 [0.994, 0.997] -5.51***

Phase (ref: Phase 0)
Phase 1 0.379 (0.003) 1.461 [1.453, 1.470] 130.08***

Phase 2 0.014 (0.003) 1.014 [1.008, 1.021] 4.25***

Phase 3 0.245 (0.003) 1.278 [1.270, 1.286] 76.61***

Phase 4 0.522 (0.003) 1.686 [1.676, 1.696] 170.89***

Phase 5 0.133 (0.004) 1.143 [1.134, 1.151] 35.21***

Phase 6 0.144 (0.004) 1.154 [1.146, 1.163] 37.40***

Health Outcomes
Asthma -0.045 (0.001) 0.956 [0.953, 0.958] -35.31***

Obesity 0.004 (0.0001) 1.004 [1.004, 1.004] 31.23***

High Blood Pressure -0.002 (0.0003) 0.998 [0.997, 0.998] -7.78***

COPD 0.0002 (0.001) 1.000 [0.998, 1.002] 0.18
Stroke -0.019 (0.003) 0.982 [0.975, 0.988] -5.43***

Cancer -0.016 (0.003) 0.984 [0.979, 0.990] -5.60***

Coronary Heart Disease 0.084 (0.003) 1.088 [1.083, 1.093] 33.06***

Diabetes -0.005 (0.001) 0.995 [0.993, 0.997] -5.10***

Kidney Disease 0.043 (0.006) 1.044 [1.031, 1.057] 6.66***

Age 65+ 0.102 (0.007) 1.107 [1.093, 1.122] 14.92***

Intercept -4.746 (0.018) 0.009 [0.008, 0.009] -263.71***

Notes: Urbanicity main effects and Urbanicity × Phase interactions shown in main manuscript table. Significance levels: *** p < 0.001, **
p < 0.01, * p < 0.05. Model uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.17: Main Effects for GLM-2b (Urbanicity × Phase Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.176 (0.005) 1.193 [1.182, 1.204] 38.81***

AL 0.073 (0.004) 1.075 [1.068, 1.083] 20.37***

AR 0.028 (0.004) 1.028 [1.020, 1.036] 7.05***

AZ 0.091 (0.005) 1.096 [1.085, 1.107] 18.27***

CA 0.021 (0.004) 1.022 [1.014, 1.029] 5.86***

CO 0.219 (0.004) 1.245 [1.236, 1.254] 62.14***

DE 0.040 (0.009) 1.041 [1.023, 1.060] 4.41***

GA 0.061 (0.004) 1.063 [1.055, 1.070] 17.12***

HI -0.207 (0.011) 0.813 [0.796, 0.830] -19.45***

IA 0.104 (0.004) 1.109 [1.101, 1.117] 28.83***

ID 0.088 (0.003) 1.092 [1.085, 1.099] 25.75***

IL 0.146 (0.003) 1.157 [1.150, 1.164] 47.03***

IN 0.082 (0.003) 1.085 [1.079, 1.092] 27.59***

KS 0.181 (0.003) 1.198 [1.191, 1.205] 59.89***

KY 0.146 (0.003) 1.157 [1.150, 1.164] 49.95***

LA 0.078 (0.004) 1.081 [1.072, 1.089] 19.99***

MA -0.030 (0.005) 0.970 [0.960, 0.981] -5.55***

MD -0.069 (0.005) 0.933 [0.925, 0.942] -15.25***

ME -0.083 (0.005) 0.920 [0.911, 0.930] -16.40***

MI 0.068 (0.003) 1.070 [1.064, 1.076] 22.85***

MN 0.113 (0.003) 1.119 [1.112, 1.127] 32.80***

MO 0.059 (0.003) 1.061 [1.054, 1.068] 17.34***

MS 0.074 (0.004) 1.077 [1.069, 1.086] 18.31***

MT 0.169 (0.003) 1.185 [1.177, 1.192] 50.20***

NC 0.028 (0.003) 1.028 [1.021, 1.035] 8.04***

ND 0.140 (0.004) 1.150 [1.141, 1.160] 33.30***

NE 0.068 (0.004) 1.070 [1.062, 1.079] 17.03***

NH 0.033 (0.006) 1.033 [1.022, 1.045] 5.76***

NJ 0.013 (0.004) 1.013 [1.004, 1.022] 2.92**

NM 0.037 (0.004) 1.038 [1.030, 1.046] 9.65***

NV 0.017 (0.005) 1.017 [1.007, 1.026] 3.55***

OH -0.045 (0.003) 0.956 [0.950, 0.962] -14.15***

OK 0.115 (0.003) 1.122 [1.115, 1.129] 37.16***

OR -0.034 (0.004) 0.967 [0.960, 0.974] -9.08***

PA -0.024 (0.003) 0.976 [0.970, 0.982] -7.68***

RI 0.252 (0.007) 1.287 [1.270, 1.305] 36.23***

SC 0.056 (0.004) 1.058 [1.049, 1.066] 13.66***

SD 0.080 (0.004) 1.084 [1.075, 1.093] 19.37***

TN 0.164 (0.003) 1.178 [1.171, 1.185] 52.72***

TX 0.123 (0.003) 1.131 [1.123, 1.138] 37.46***

UT -0.299 (0.005) 0.742 [0.734, 0.749] -56.89***

VA 0.089 (0.003) 1.093 [1.087, 1.100] 30.33***

VT -0.025 (0.005) 0.975 [0.965, 0.985] -4.75***

WA 0.031 (0.004) 1.031 [1.024, 1.039] 8.45***

WI 0.115 (0.003) 1.122 [1.115, 1.129] 34.65***

WV 0.058 (0.003) 1.060 [1.053, 1.067] 16.67***

WY 0.153 (0.004) 1.166 [1.156, 1.175] 37.90***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.18: State Fixed Effects for GLM-2b (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.113 (0.001) 1.119 [1.117, 1.121] 143.69***

21-day ahead 0.191 (0.001) 1.211 [1.209, 1.213] 249.56***

28-day ahead 0.262 (0.001) 1.299 [1.298, 1.301] 352.89***

Model Type (ref: Compartmental)
Baseline Models 0.125 (0.004) 1.133 [1.125, 1.141] 34.04***

Deep Learning 0.055 (0.003) 1.056 [1.051, 1.062] 20.41***

Ensemble 0.017 (0.002) 1.017 [1.013, 1.021] 8.45***

Statistical 0.050 (0.002) 1.051 [1.046, 1.056] 22.23***

Mobility Used (ref: No)
Not Applicable -0.147 (0.001) 0.863 [0.861, 0.865] -124.79***

Yes -0.005 (0.001) 0.995 [0.994, 0.997] -6.21***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.445 [1.442, 1.448] 377.50***

Phase 2 -0.117 (0.001) 0.890 [0.888, 0.892] -100.13***

Phase 3 0.250 (0.001) 1.284 [1.282, 1.287] 236.13***

Phase 4 0.439 (0.001) 1.552 [1.549, 1.555] 416.75***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.75***

Phase 6 0.141 (0.001) 1.151 [1.148, 1.154] 112.27***

Health Outcomes
Asthma -0.045 (0.001) 0.956 [0.954, 0.958] -34.84***

Obesity 0.004 (0.0001) 1.004 [1.004, 1.005] 31.87***

High Blood Pressure -0.002 (0.0003) 0.998 [0.997, 0.998] -7.68***

COPD -0.0001 (0.001) 1.000 [0.998, 1.002] -0.06
Stroke -0.019 (0.003) 0.981 [0.974, 0.988] -5.60***

Cancer -0.016 (0.003) 0.984 [0.978, 0.989] -5.69***

Coronary Heart Disease 0.085 (0.003) 1.089 [1.084, 1.095] 33.34***

Diabetes -0.005 (0.001) 0.995 [0.993, 0.997] -5.41***

Kidney Disease 0.042 (0.006) 1.043 [1.030, 1.056] 6.59***

Age 65+ 0.105 (0.007) 1.110 [1.096, 1.125] 15.29***

Intercept -4.710 (0.018) 0.009 [0.009, 0.009] -262.75***

Notes: Urbanicity main effects and Urbanicity × Model Type interactions shown in main manuscript table. Significance levels: *** p < 0.001,
** p < 0.01, * p < 0.05. Model uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.19: Main Effects for GLM-2c (Urbanicity × Model Type Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.181 (0.005) 1.198 [1.188, 1.209] 39.68***

AL 0.076 (0.004) 1.079 [1.071, 1.086] 21.12***

AR 0.030 (0.004) 1.030 [1.022, 1.038] 7.50***

AZ 0.095 (0.005) 1.099 [1.088, 1.110] 18.85***

CA 0.026 (0.004) 1.026 [1.019, 1.034] 7.08***

CO 0.222 (0.004) 1.249 [1.240, 1.257] 62.76***

DE 0.039 (0.009) 1.040 [1.021, 1.059] 4.26***

GA 0.064 (0.004) 1.066 [1.059, 1.074] 18.04***

HI -0.204 (0.011) 0.816 [0.799, 0.833] -19.08***

IA 0.106 (0.004) 1.112 [1.104, 1.120] 29.46***

ID 0.090 (0.003) 1.095 [1.087, 1.102] 26.34***

IL 0.148 (0.003) 1.160 [1.153, 1.167] 47.60***

IN 0.085 (0.003) 1.088 [1.082, 1.095] 28.43***

KS 0.183 (0.003) 1.200 [1.193, 1.207] 60.22***

KY 0.148 (0.003) 1.160 [1.153, 1.166] 50.58***

LA 0.081 (0.004) 1.084 [1.076, 1.092] 20.70***

MA -0.032 (0.005) 0.969 [0.959, 0.979] -5.78***

MD -0.069 (0.005) 0.933 [0.925, 0.941] -15.21***

ME -0.080 (0.005) 0.923 [0.914, 0.933] -15.73***

MI 0.070 (0.003) 1.072 [1.066, 1.079] 23.39***

MN 0.115 (0.003) 1.122 [1.114, 1.129] 33.30***

MO 0.062 (0.003) 1.064 [1.057, 1.071] 18.01***

MS 0.077 (0.004) 1.080 [1.072, 1.089] 18.90***

MT 0.171 (0.003) 1.187 [1.179, 1.195] 50.62***

NC 0.031 (0.003) 1.031 [1.024, 1.038] 8.84***

ND 0.142 (0.004) 1.153 [1.143, 1.162] 33.67***

NE 0.071 (0.004) 1.074 [1.065, 1.082] 17.79***

NH 0.034 (0.006) 1.035 [1.023, 1.047] 5.99***

NJ 0.009 (0.005) 1.009 [1.000, 1.018] 1.91
NM 0.040 (0.004) 1.041 [1.033, 1.049] 10.50***

NV 0.020 (0.005) 1.020 [1.010, 1.029] 4.19***

OH -0.043 (0.003) 0.958 [0.952, 0.964] -13.38***

OK 0.117 (0.003) 1.124 [1.117, 1.131] 37.54***

OR -0.032 (0.004) 0.969 [0.962, 0.976] -8.55***

PA -0.023 (0.003) 0.977 [0.971, 0.984] -7.16***

RI 0.246 (0.007) 1.279 [1.261, 1.296] 34.90***

SC 0.059 (0.004) 1.061 [1.053, 1.070] 14.38***

SD 0.083 (0.004) 1.086 [1.077, 1.095] 19.86***

TN 0.167 (0.003) 1.182 [1.175, 1.189] 53.55***

TX 0.126 (0.003) 1.135 [1.127, 1.142] 38.44***

UT -0.295 (0.005) 0.745 [0.737, 0.752] -56.01***

VA 0.091 (0.003) 1.096 [1.089, 1.102] 30.91***

VT -0.020 (0.005) 0.980 [0.970, 0.990] -3.86***

WA 0.033 (0.004) 1.033 [1.026, 1.041] 8.97***

WI 0.117 (0.003) 1.124 [1.117, 1.132] 35.16***

WV 0.060 (0.004) 1.062 [1.055, 1.069] 17.09***

WY 0.156 (0.004) 1.169 [1.159, 1.178] 38.38***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.20: State Fixed Effects for GLM-2c (Reference State: NY)
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Variable Coef. (Std. Error) exp(Coef.) 95% CI z-value
Lookahead (ref: 7-day)
14-day ahead 0.113 (0.001) 1.119 [1.117, 1.121] 143.72***

21-day ahead 0.191 (0.001) 1.211 [1.209, 1.213] 249.59***

28-day ahead 0.262 (0.001) 1.300 [1.298, 1.301] 352.91***

Model Type (ref: Compartmental)
Baseline Models 0.114 (0.002) 1.121 [1.118, 1.124] 73.05***

Deep Learning 0.037 (0.001) 1.037 [1.035, 1.039] 40.28***

Ensemble 0.007 (0.001) 1.007 [1.005, 1.009] 7.94***

Statistical 0.073 (0.001) 1.076 [1.075, 1.078] 90.18***

Mobility Used (ref: No)
Not Applicable -0.127 (0.003) 0.881 [0.876, 0.885] -49.05***

Yes 0.023 (0.002) 1.023 [1.019, 1.027] 11.60***

Phase (ref: Phase 0)
Phase 1 0.368 (0.001) 1.445 [1.442, 1.448] 377.52***

Phase 2 -0.117 (0.001) 0.890 [0.888, 0.892] -100.12***

Phase 3 0.250 (0.001) 1.284 [1.282, 1.287] 236.12***

Phase 4 0.440 (0.001) 1.552 [1.549, 1.555] 416.76***

Phase 5 -0.031 (0.001) 0.969 [0.967, 0.972] -22.80***

Phase 6 0.141 (0.001) 1.151 [1.148, 1.154] 112.26***

Health Outcomes
Asthma -0.045 (0.001) 0.956 [0.954, 0.958] -34.87***

Obesity 0.004 (0.0001) 1.004 [1.004, 1.005] 31.88***

High Blood Pressure -0.002 (0.0003) 0.998 [0.997, 0.998] -7.66***

COPD -0.0001 (0.001) 1.000 [0.998, 1.002] -0.06
Stroke -0.019 (0.003) 0.981 [0.975, 0.988] -5.56***

Cancer -0.016 (0.003) 0.984 [0.978, 0.989] -5.72***

Coronary Heart Disease 0.085 (0.003) 1.089 [1.084, 1.095] 33.37***

Diabetes -0.005 (0.001) 0.995 [0.993, 0.997] -5.45***

Kidney Disease 0.042 (0.006) 1.043 [1.030, 1.056] 6.58***

Age 65+ 0.105 (0.007) 1.111 [1.096, 1.126] 15.31***

Intercept -4.729 (0.018) 0.009 [0.009, 0.009] -263.34***

Notes: Urbanicity main effects and Urbanicity × Mobility interactions shown in main manuscript table. Significance levels: *** p < 0.001, **
p < 0.01, * p < 0.05. Model uses Gaussian GLM with log link function. Dependent variable is square root of PBL.

Table B.21: Main Effects for GLM-2d (Urbanicity × Mobility Interactions)
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State Coef. (Std. Error) exp(Coef.) 95% CI z-value
AK 0.181 (0.005) 1.198 [1.187, 1.209] 39.65***

AL 0.076 (0.004) 1.078 [1.071, 1.086] 21.11***

AR 0.029 (0.004) 1.030 [1.022, 1.038] 7.46***

AZ 0.094 (0.005) 1.099 [1.088, 1.110] 18.82***

CA 0.026 (0.004) 1.026 [1.019, 1.034] 7.06***

CO 0.222 (0.004) 1.249 [1.240, 1.257] 62.72***

DE 0.039 (0.009) 1.040 [1.021, 1.059] 4.23***

GA 0.064 (0.004) 1.066 [1.059, 1.074] 18.03***

HI -0.204 (0.011) 0.815 [0.798, 0.833] -19.10***

IA 0.106 (0.004) 1.112 [1.104, 1.120] 29.44***

ID 0.091 (0.003) 1.095 [1.087, 1.102] 26.35***

IL 0.148 (0.003) 1.160 [1.153, 1.167] 47.58***

IN 0.085 (0.003) 1.088 [1.082, 1.095] 28.42***

KS 0.183 (0.003) 1.200 [1.193, 1.207] 60.21***

KY 0.148 (0.003) 1.160 [1.153, 1.166] 50.58***

LA 0.081 (0.004) 1.084 [1.076, 1.092] 20.69***

MA -0.032 (0.005) 0.969 [0.959, 0.979] -5.77***

MD -0.069 (0.005) 0.933 [0.925, 0.941] -15.16***

ME -0.080 (0.005) 0.923 [0.914, 0.932] -15.74***

MI 0.070 (0.003) 1.072 [1.066, 1.078] 23.37***

MN 0.115 (0.003) 1.122 [1.114, 1.129] 33.29***

MO 0.062 (0.003) 1.064 [1.057, 1.071] 18.00***

MS 0.077 (0.004) 1.080 [1.071, 1.089] 18.88***

MT 0.171 (0.003) 1.187 [1.179, 1.195] 50.62***

NC 0.031 (0.003) 1.031 [1.024, 1.038] 8.81***

ND 0.142 (0.004) 1.153 [1.143, 1.162] 33.66***

NE 0.071 (0.004) 1.074 [1.065, 1.082] 17.75***

NH 0.034 (0.006) 1.035 [1.023, 1.047] 6.01***

NJ 0.009 (0.005) 1.009 [1.000, 1.018] 1.92
NM 0.040 (0.004) 1.041 [1.033, 1.049] 10.50***

NV 0.020 (0.005) 1.020 [1.010, 1.029] 4.17***

OH -0.043 (0.003) 0.958 [0.952, 0.964] -13.40***

OK 0.117 (0.003) 1.124 [1.117, 1.131] 37.53***

OR -0.032 (0.004) 0.969 [0.962, 0.976] -8.55***

PA -0.023 (0.003) 0.977 [0.971, 0.983] -7.20***

RI 0.246 (0.007) 1.278 [1.261, 1.296] 34.87***

SC 0.059 (0.004) 1.061 [1.052, 1.070] 14.36***

SD 0.083 (0.004) 1.086 [1.077, 1.095] 19.83***

TN 0.167 (0.003) 1.182 [1.175, 1.189] 53.52***

TX 0.126 (0.003) 1.135 [1.127, 1.142] 38.42***

UT -0.295 (0.005) 0.744 [0.737, 0.752] -56.02***

VA 0.091 (0.003) 1.096 [1.089, 1.102] 30.92***

VT -0.020 (0.005) 0.980 [0.970, 0.990] -3.87***

WA 0.033 (0.004) 1.033 [1.026, 1.041] 8.97***

WI 0.117 (0.003) 1.124 [1.117, 1.132] 35.15***

WV 0.060 (0.004) 1.062 [1.055, 1.069] 17.09***

WY 0.156 (0.004) 1.169 [1.159, 1.178] 38.38***

Notes: New York (NY) is the reference state. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. Model uses Gaussian GLM with
log link function. Dependent variable is square root of PBL.

Table B.22: State Fixed Effects for GLM-2d (Reference State: NY)
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Figure B.7: Forecast Hub Fairness Dashboard showing AER distribution for urbanization
levels. Models are organized by type, with teams sorted within each type by median AER
values. The AER values compare prediction errors between Micropolitan areas and Large
Metropolitan areas (reference group), where values above 1.0 indicate higher prediction

errors for Micropolitan regions.
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Figure B.8: Forecast Hub Fairness Dashboard displaying the interaction between race and
forecast horizon (lookahead). The visualization shows how Hispanic-White AER values

vary across different forecast periods (7, 14, 21, and 28 days), allowing assessment of
how prediction fairness changes with forecast horizon length(lookaheads).
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Figure B.9: Forecast Hub Fairness Dashboard illustrating the relationship between race
and pandemic phases. The visualization reveals how Hispanic-White AER values evolved

across different pandemic phases (0-6), enabling analysis of how prediction fairness
varied during different stages of the pandemic.

223



Figure B.10: Forecast Hub Fairness Dashboard showing the interaction between
urbanization levels and forecast horizon. The visualization demonstrates how

Micropolitan-Large Metropolitan AER values change across different forecast periods (7,
14, 21, and 28 days), highlighting the relationship between prediction fairness and

forecast horizon lengths (lookaheads).
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Figure B.11: Forecast Hub Fairness Dashboard depicting the relationship between
urbanization levels and pandemic phases. The visualization shows how

Micropolitan-Large Metropolitan AER values varied across different pandemic phases
(0-6), revealing temporal patterns in prediction fairness across the urban-rural spectrum.
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Appendix C: Do Footfalls Reliably Mirror Economic Activity?

C.1 Visit Attribution using Cuebiq and Safegraph Places

Our visit attribution methodology in Algorithm 1 transforms raw mobile device location data

from Cuebiq into POI-level visit counts. The process integrates two key datasets: Cuebiq mobility

data, providing geocoded device stops (sj) with associated dwell times, and SafeGraph Places data,

which supplies precise POI polygons (P), centroids (c), and business category classifications for es-

tablishments across our six target metropolitan areas (G). The attribution process operates in two main

stages:

1. Data Preprocessing and Spatial Join: First, we filter both datasets. As a foundational step

to protect user privacy in line with Cuebiq’s SPOI policy1, our POI database is pre-filtered to

exclude privacy-sensitive places. These include health-related places, places where vulnerable

populations are located, military-related facilities, religious facilities, places related to sexual-

orientation, and adult-oriented places. We retain only POIs that match our target business cat-

egories and fall within the target MSA boundaries (Pfiltered). We then filter the device stops

(Sfiltered) to include only those within the MSAs and meeting a minimum dwell time between

5 minutes to 4 hours (τmin, τmax), a threshold set to capture legitimate visits while excluding

transient traffic. For each filtered stop, we perform a spatial join to identify the set of all POI

polygons that spatially contain the stop’s location (Cj).

2. Attribution and Tie-Breaking: Attribution is determined based on the resulting candidate set
1https://spectus.ai/spoi-policy/
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(Cj). If a stop falls within only one POI polygon (|Cj| = 1), attribution is straightforward.

However, when multiple POIs contain the same stop (|Cj| > 1) — a common scenario in multi-

tenant buildings or malls — we employ a distance-based tie-breaking rule. We calculate the

Euclidean distance from the stop’s coordinates to the centroid (ci) of each candidate POI. The

visit is then attributed to the single POI with the closest centroid (p∗j ).

Finally, these successfully attributed visits are used to create individual visit records (V) before

being aggregated into a POI-week panel. We aggregate by placekey (for POI pi) and a custom week

(wt), counting the unique devices (visitsi,t) for each POI-week.

This aggregation uses a non-standard weekly boundary running from Wednesday through Tues-

day. This custom period is specifically chosen to address documented reporting delays in SafeGraph

Spend data, ensuring temporal alignment between our visit and spending measures. The resulting

dataset, comprising 12.5 million POI-week observations from 52,051 unique establishments, is used

in the models for analysis.

C.2 Representation check of SafeGraph Spend

SafeGraph Spend is constructed from a permissioned cardholder panel rather than a census of all

transactions. To assess geographic representativeness, we compare each state’s share of panel unique

customers to its share of U.S. population using yearly Census population estimates and define monthly

state bias as the percentage-point difference between observed and expected shares. We report two

national diagnostics:

(i) the monthly state-level Pearson correlation between population and panel customers shown in

Figure C.1, and
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Algorithm 1: Visit Attribution Algorithm at POI-Level establishments
Input: POI polygons P = {p1, p2, . . . , pN} with centroids {c1, c2, . . . , cN}
Input: Mobile device stops S = {s1, s2, . . . , sM} with coordinates (latj, lngj)
Input: Minimum dwell time threshold τmin (minutes)
Input: Geographic boundaries for target MSAs G
Output: Visit attribution dataset V for analysis

## Data Preprocessing:;
Pfiltered ← Filter POIs by business categories and MSA boundaries G;
Sfiltered ← Filter stops where τmin ≤ dwell time ≤ τmax and location ∈ G;

## Spatial Containment:;
foreach stop sj ∈ Sfiltered do
Cj ← ∅ // Container POIs for stop sj
foreach POI pi ∈ Pfiltered do

if sj is spatially contained within polygon pi then
Cj ← Cj ∪ {pi};

## Distance-Based Tie-Breaking:;
foreach stop sj with |Cj| > 1 do

distancesj ← {};
foreach pi ∈ Cj do

dij ← Euclidean distance from sj to centroid ci;
distancesj[pi]← dij;

p∗j ← argminpi∈Cj distancesj[pi] // Closest POI

## Visit Record Creation:;
foreach attributed stop sj to POI p∗j do

Create visit record vj:;
vj.device id← sj.device id;
vj.placekey ← p∗j .placekey;
vj.visit date← sj.timestamp;
vj.business category ← p∗j .category;
vj.cbg id← sj.cbg id;
vj.distance to centroid← dij;
vj.is shared polygon← |Cj| > 1;

V ← V ∪ {vj};

## Temporal Aggregation:;
Aggregate V by (placekey, week) to create POI-week panel:;
foreach (pi, wt) combination do

visitsi,t ← Count unique devices visiting POI pi in week wt;

return Panel dataset ready for elasticity estimation:
{(i, t, visitsi,t, spendi,t, demographicsi)}
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Figure C.1: State-level alignment between population and SafeGraph Spend panel
customers (monthly). This figure plots the monthly Pearson correlation coefficient
computed across U.S. states between (i) each state’s Census Bureau annual popula-
tion estimate (assigned to all months within that year) and (ii) SafeGraph Spend’s TO-
TAL CUSTOMERS (the number of unique panel customers assigned to each state in
that month). Higher values indicate that the geographic density of the Spend panel more
closely mirrors population density at the state level. Correlations remain consistently high
throughout the study period (minimum r ≥ 0.82), suggesting that the panel’s customer
distribution tracks population density closely overall.

(ii) Figure C.2 shows the distribution of absolute state bias over time, (median, interquartile range,

and 95th percentile).

These diagnostics indicate that the Spend customer panel tracks population density closely over-

all, while still exhibiting slight representation biases (i.e., modest over-/under-indexing) in some states

and months. This is consistent with SafeGraph’s own documentation, which reports that panel den-

sity closely mirrors population density with an overall average percentage-point difference below 1

pp and a maximum of approximately ±4 pp per state in their analysis, and provides a detailed dis-

cussion in their “Quantifying Sampling Bias in SafeGraph Spend” resource.2 In addition, SafeGraph

reports external validity checks comparing aggregated Spend metrics (rolled up to parent brands) to
2https://colab.research.google.com/drive/16eBT1dqnUK76GnBMgPMY5rJO4vBD2gdQ?usp=

sharing
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Figure C.2: Distribution of geographic sampling bias in the SafeGraph Spend panel
over time. This plot summarizes the monthly distribution of absolute state bias in Safe-
Graph Spend panel coverage, where state bias is defined as the percentage-point difference
between a state’s share of SafeGraph Spend panel unique customers (observed share) and
its share of the U.S. population from ACS annual population estimates (expected share),
and we plot |bias|. For each month, the solid line shows the median |bias| across states,
the shaded band shows the interquartile range (25th-75th percentiles), and the dashed line
shows the 95th percentile, capturing tail deviations. The median and IQR remain low and
stable over time, indicating modest typical state-level deviations, while the 95th percentile
highlights periods when a small number of states exhibit larger deviations from propor-
tionality.

publicly reported quarterly revenues for major brands (e.g., McDonald’s, Chipotle, Target), finding

strong positive correlations (reported in the ∼0.7–0.9 range) 3.

3https://www.safegraph.com/blog/validating-spend-data-for-brands-against-company-reporting
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POI Category MSA n pois n obs n cbgs Income
(mean, sd)

Education
(mean, sd)

% White
(mean, sd)

% Black
(mean, sd)

% Hispanic
(mean, sd)

% Asian
(mean, sd)
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Grocery/Convenience

CHI 1164 318053 980 49.98 (28.41) 25.65 (13.33) 57.57 (24.99) 9.49 (17.45) 20.87 (20.96) 8.51 (10.26)
HOU 577 141141 527 45.6 (29.24) 20.54 (14.51) 35.68 (23.98) 14.84 (15.6) 37.47 (24) 8.33 (11.41)
ATL 513 139078 449 51.84 (29.91) 26.15 (14.97) 46.68 (25.37) 28.88 (24.48) 12.31 (11.67) 7.35 (9.95)
MIA 715 204445 607 49.06 (29.05) 21.19 (11.17) 32.82 (26.11) 16.02 (20.46) 44.33 (28.16) 2.87 (2.57)
WAS 911 258302 734 50.6 (28.79) 25.05 (11.03) 41.43 (24.52) 22.6 (22.68) 19.9 (16.34) 10.43 (10.09)
PHI 749 209062 658 47.79 (28.87) 23.05 (12.33) 64.23 (23.21) 14.25 (17.78) 9.77 (10.58) 7.13 (8.31)
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es Personal Care Services

CHI 1287 260247 871 55.12 (28.8) 28.03 (12.9) 62.39 (22.37) 9.29 (17.81) 15.59 (15) 9.07 (9.91)
HOU 884 169638 561 56.23 (28.33) 26.18 (14.3) 42.39 (20.92) 13.82 (12.65) 28.68 (17.11) 10.92 (12.53)
ATL 856 174581 522 54.41 (28.41) 28.25 (14.1) 45.97 (23.48) 28.17 (23.55) 12.21 (10.63) 8.69 (10.53)
MIA 743 147434 493 55.2 (27.87) 22.72 (10.61) 37.4 (24.9) 15.99 (19.86) 38.54 (24.9) 3.5 (2.59)
WAS 738 149253 425 53.64 (28.13) 27.61 (11.14) 47.48 (22.29) 18.34 (18.66) 16.48 (13.14) 11.81 (9.62)
PHI 763 153565 518 55.09 (27.41) 26.5 (11.3) 70.28 (17.91) 9.89 (12.16) 7.71 (7.2) 7.75 (8.26)

Drycleaning/Laundry

CHI 118 23896 116 52.17 (31.6) 30.66 (15.25) 55.58 (25.25) 12.52 (20.68) 18.22 (18.87) 9.88 (9.6)
HOU 85 15831 84 54.49 (29.16) 26.96 (14.1) 40.91 (21.79) 15.98 (14.02) 27.97 (17.1) 10.73 (10.27)
ATL 35 6847 34 59.7 (28.39) 35.68 (13.15) 53.63 (20.47) 19.82 (15.17) 12.09 (10.34) 9.11 (10.86)
MIA 56 11425 55 56.75 (26.55) 24.46 (11.84) 41.38 (26.6) 11.75 (16.93) 39.73 (28.08) 3.25 (2.3)
WAS 74 15116 70 58.9 (28.9) 30.31 (12.09) 48.08 (23.76) 15.58 (17.74) 16.84 (13.89) 14.04 (10.93)
PHI 28 4978 28 38.96 (29.4) 21.39 (13.08) 60.32 (29.64) 15.55 (21.97) 10 (15.15) 10.29 (14.09)

So
ci

al
&

E
xp

er
ie

nt
ia

l

Restaurants

CHI 7752 1940009 2602 48.7 (29.05) 26.02 (13.51) 55.65 (24.94) 11.07 (19.21) 20.74 (20.48) 9 (10.94)
HOU 5227 1328043 1573 48.94 (28.63) 23.24 (14.77) 37.61 (22.09) 15.71 (14.97) 33.41 (20.52) 9.31 (11.59)
ATL 4924 1266019 1314 48.75 (28.98) 26.45 (14.37) 43.13 (24.57) 30.89 (24.64) 13.3 (12.3) 7.87 (9.86)
MIA 4226 1054881 1362 49.49 (28.8) 21.96 (11.18) 34.26 (25.31) 15.64 (19.8) 42.94 (27.14) 3.04 (2.62)
WAS 4148 1012813 1148 50.21 (29.15) 26.74 (11.81) 43.88 (23.66) 21.45 (22.15) 17.24 (14.41) 11.78 (10.51)
PHI 3589 866413 1437 49.38 (29.05) 24.99 (12.44) 64.89 (22.37) 13.33 (17.07) 8.83 (8.6) 8.45 (10.13)

Drinking Places

CHI 282 58832 235 55.31 (28.96) 32.42 (16.28) 61.65 (20.67) 6.83 (11.57) 19.4 (18.16) 8.1 (8.98)
HOU 181 39381 130 55.07 (27.34) 29.16 (15.3) 47.98 (16.82) 12.8 (12.18) 26.44 (13.59) 8.18 (7.27)
ATL 118 28454 91 55.8 (29.66) 32.55 (14.21) 53.25 (24.6) 23.2 (19.95) 11.29 (9.32) 6.76 (8.65)
MIA 113 23869 87 51.66 (28.73) 24.74 (13.18) 44.36 (25.28) 9.96 (11.86) 38.2 (23.87) 2.86 (1.89)
WAS 117 24196 91 61.92 (30.14) 30.79 (12.01) 54.57 (22.26) 16.01 (18.84) 13.29 (13.09) 10.77 (9.86)
PHI 109 22752 98 50.15 (30.19) 28.94 (13.46) 67.1 (19.31) 10.61 (13.31) 9.97 (10.54) 7.66 (7.96)

Specialty Food Stores

CHI 124 26551 118 52.27 (28.62) 28.26 (14.26) 56.54 (24.72) 8.15 (15.91) 20.86 (20.86) 10.84 (12.81)
HOU 106 23082 101 40.32 (27.35) 18.91 (13.39) 34.3 (22.83) 15.15 (14.37) 38.69 (23.08) 8.47 (12.93)
ATL 97 20788 90 43.51 (30.36) 24.75 (14.68) 41.18 (24.08) 28.56 (22.38) 18.12 (19.3) 7.49 (9.53)
MIA 74 15609 68 45.63 (31.42) 22.6 (13.16) 34.42 (29.26) 17.15 (24.83) 42.3 (28.59) 2.31 (1.99)
WAS 63 13538 57 56.27 (31.13) 27.65 (11.6) 52.05 (23.75) 15.66 (17.45) 15.97 (13.93) 10.36 (11.63)
PHI 105 24049 95 50.17 (27.82) 24.02 (11.15) 67.64 (23.69) 13.42 (19.55) 8.48 (8.5) 5.97 (7.4)
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Clothing

CHI 766 180389 225 50.53 (28.24) 30.06 (12.83) 56.71 (21.53) 10.44 (16.64) 16.89 (15.97) 12.37 (12.2)
HOU 554 131990 148 54.23 (29.41) 26.88 (13.14) 45.42 (20.91) 12.66 (11.41) 25.57 (17.09) 12.11 (12.79)
ATL 480 116925 104 51.19 (26.66) 29.69 (14.24) 44.63 (21.71) 27.45 (21.91) 11.65 (8.32) 11.67 (13.63)
MIA 536 127787 165 50.26 (29.17) 23.27 (11.38) 33.71 (24.36) 17.36 (22.61) 40.75 (24.91) 3.42 (2.67)
WAS 467 109300 136 44.07 (26.28) 28.77 (12.19) 40.94 (21.64) 23.08 (21.68) 16.59 (10.89) 13.61 (9.37)
PHI 350 84060 138 48.19 (28.57) 26.36 (10.61) 60.94 (22.73) 13.4 (14.34) 7.42 (5.5) 13.66 (14.27)

Electronics/Appliance

CHI 80 19354 67 59.56 (24.74) 31.5 (12.85) 61.85 (18.21) 7.89 (11.36) 12.69 (9.91) 13.88 (13.49)
HOU 45 9910 36 56.6 (25.95) 29.25 (12.63) 41.11 (18.96) 14.45 (12.1) 28.6 (18.28) 12.01 (12.7)
ATL 56 12590 51 53.49 (28.52) 28.39 (15.51) 39.83 (19.92) 27.98 (20.18) 14.94 (11.77) 12.09 (10.3)
MIA 54 12255 49 48.57 (31.86) 21.61 (11.81) 35.26 (21.97) 14.23 (14.42) 42.29 (24.75) 3.69 (2.82)
WAS 60 13852 52 45.02 (26.73) 27.56 (11.34) 41.08 (17.19) 21.86 (17.38) 17.35 (10.61) 13.73 (8.68)
PHI 44 10140 34 56.23 (27.51) 27.58 (11.32) 64.63 (20.21) 8.57 (8.41) 6.46 (6.66) 16.12 (15.07)

Department Stores

CHI 195 56096 142 49.91 (27.13) 26.84 (12.71) 56.61 (23.01) 11.61 (19.13) 17.9 (17.65) 10.42 (11.02)
HOU 138 39369 90 52.62 (29.35) 26.97 (14.58) 40.39 (19.15) 15.21 (14.28) 28.05 (16.58) 12.18 (12)
ATL 146 40237 97 49.47 (26.41) 27.3 (14.81) 41.7 (22.48) 32.43 (23.42) 12.68 (10.17) 8.5 (10.95)
MIA 165 45545 113 51.36 (28.48) 22.36 (10.99) 33.59 (25.04) 15.57 (19.09) 43.18 (26.85) 3.58 (3.56)
WAS 102 28660 76 42.97 (25.72) 25.03 (11.64) 37.54 (22.3) 27.47 (24.89) 17.08 (12.16) 11.94 (10.2)
PHI 100 28488 78 53.96 (27.75) 24.47 (11.55) 64.18 (21.32) 12.3 (16.24) 8.19 (8.32) 11.05 (11.49)

Home Furnishings

CHI 80 20115 63 59.24 (26.71) 32.76 (12.23) 66.77 (17.58) 6.11 (8.39) 10.9 (8.88) 12.72 (11.45)
HOU 51 13170 41 56.73 (30.97) 29 (13.43) 40.76 (19.95) 16.57 (15.27) 22.83 (12.58) 15.06 (14.31)
ATL 56 14825 41 56.01 (24.92) 34.9 (13.77) 47.34 (21.19) 26.23 (20.83) 12.14 (9.17) 9.23 (7.24)
MIA 52 13126 44 42.77 (31.38) 22.4 (11.88) 43.57 (26.36) 17.3 (23.54) 31.37 (20.66) 3.06 (2.58)
WAS 63 16090 52 46.99 (27.45) 30.85 (11.67) 47.53 (19.11) 15.77 (12.64) 16.58 (10.81) 14.39 (10.16)
PHI 39 8578 37 61.77 (22.47) 26.59 (10.9) 68.59 (16.47) 8.51 (8.53) 6.84 (4.81) 11.78 (11.52)

Shoes

CHI 180 43900 100 47.86 (26.51) 29.13 (12.83) 56.92 (19.01) 8.5 (12.23) 19.83 (15.84) 11.33 (11.47)
HOU 150 37796 78 52.87 (29.98) 23.83 (12.49) 42.17 (21.64) 14.17 (12.9) 30.58 (19.28) 8.83 (10.32)
ATL 135 33730 71 50.27 (28.5) 28.49 (13.92) 45.58 (22.65) 28.16 (22.49) 11.31 (7.2) 10.28 (12.15)
MIA 147 35124 63 49.9 (28.41) 22.05 (11.23) 28.59 (21.57) 20.64 (23.39) 42.55 (25.31) 3.62 (2.87)
WAS 101 23569 48 46.17 (25.51) 27.31 (12.72) 35.92 (19.18) 25.47 (20.63) 17.57 (10.74) 15.2 (9.71)
PHI 68 16740 41 44.84 (32.24) 24.73 (11.36) 60.86 (21.75) 13.98 (14.21) 8.64 (5.43) 11.65 (12.65)

Sporting/Hobby/Musical

CHI 346 85085 232 54.69 (27.08) 29.43 (11.93) 62.29 (18.8) 7.43 (11.15) 15.44 (13.82) 11.14 (11.33)
HOU 211 52046 149 50.11 (28.58) 26.02 (14.02) 39.65 (19.95) 14.79 (13.3) 29.77 (17.71) 11.63 (13.98)
ATL 236 59474 153 53.32 (28.49) 29.47 (14.15) 44.85 (21.86) 28.1 (22.54) 12.49 (9.92) 9.73 (10.93)
MIA 185 43162 143 48.61 (28.33) 21.56 (9.99) 34.71 (23.97) 16.34 (19.17) 41.32 (26) 3.16 (2.56)
WAS 183 43086 124 41.55 (28.26) 26.5 (12.7) 44.07 (22.3) 20.2 (20.09) 17.67 (14.79) 12.16 (9.91)
PHI 157 37671 114 56.13 (27.02) 26.28 (11.41) 69.78 (16.81) 8.22 (8.52) 6.74 (5.34) 10.93 (11.18)

Table C.1: RQ2: POI and neighborhood socio-demographics by economic group,
category, and MSA. Sample sizes are smaller than in RQ1 because some CBGs lack

socio-demographic data (e.g., around airports). Cells shaded red denote strata with
insufficient variation for estimation (SD < 5); these are excluded from reported

regressions. Summary statistics are shown as mean (sd). Abbreviations: n cbgs = number
of CBGs represented; n pois = number of POIs; n obs = number of observations per

MSA × POI category.231
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ds ATL 0.033 0.175 0.1344*** [0.1062, 0.1626] 0.1265*** [0.0961, 0.1569] 0.1342*** [0.1068, 0.1615] 0.1061*** [0.0758, 0.1364] 0.0999*** [0.0699, 0.1300] 0.1123*** [0.0834, 0.1413]
CHI 0.153 0.194 0.1301*** [0.1066, 0.1536] 0.1402*** [0.1094, 0.1710] 0.0537*** [0.0260, 0.0813] 0.0659*** [0.0323, 0.0996] 0.0199 [-0.0079, 0.0476] -0.0126 [-0.0393, 0.0142]

Grocery/ HOU 0.031 0.217 0.1157*** [0.0872, 0.1442] 0.1228*** [0.0907, 0.1548] 0.0844*** [0.0534, 0.1153] 0.0849*** [0.0529, 0.1168] 0.0803*** [0.0432, 0.1174] 0.1138*** [0.0839, 0.1437]
Convenience MIA 0.057 0.082 0.0762*** [0.0470, 0.1054] 0.0842*** [0.0469, 0.1215] 0.0526** [0.0201, 0.0852] 0.0560*** [0.0272, 0.0847] 0.0309* [0.0073, 0.0545] 0.0529*** [0.0265, 0.0793]
Stores PHI 0.024 0.147 0.0866*** [0.0450, 0.1283] 0.0981*** [0.0462, 0.1499] 0.0704** [0.0266, 0.1142] 0.0746*** [0.0323, 0.1169] 0.0944*** [0.0490, 0.1398] 0.1109*** [0.0676, 0.1541]

WAS 0.041 0.229 0.1651*** [0.1474, 0.1829] 0.1583*** [0.1207, 0.1959] 0.0777*** [0.0614, 0.0940] 0.0301* [0.0063, 0.0539] -0.0198 [-0.0411, 0.0016] 0.0129 [-0.0056, 0.0314]
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ATL 0.028 -0.059 0.0030 [-0.0096, 0.0155] 0.0172* [0.0006, 0.0338] 0.0194** [0.0052, 0.0336] 0.0271*** [0.0126, 0.0416] 0.0279** [0.0090, 0.0469] 0.0258** [0.0097, 0.0418]
CHI 0.026 0.029 0.0482*** [0.0370, 0.0595] 0.0371*** [0.0197, 0.0546] 0.0158** [0.0045, 0.0271] 0.0308*** [0.0193, 0.0422] 0.0051 [-0.0102, 0.0205] -0.0016 [-0.0142, 0.0111]
HOU 0.018 0.060 0.0256*** [0.0129, 0.0383] 0.0245** [0.0098, 0.0391] 0.0370*** [0.0243, 0.0496] 0.0362*** [0.0237, 0.0487] 0.0261* [0.0053, 0.0469] 0.0428*** [0.0296, 0.0560]
MIA 0.034 -0.076 0.0150* [0.0029, 0.0272] 0.0253* [0.0021, 0.0485] 0.0118 [-0.0005, 0.0241] 0.0201** [0.0056, 0.0346] 0.0075 [-0.0066, 0.0216] 0.0105 [-0.0026, 0.0235]

Personal Care PHI 0.009 0.044 0.0255*** [0.0117, 0.0392] 0.0424*** [0.0233, 0.0616] 0.0446*** [0.0291, 0.0602] 0.0326*** [0.0167, 0.0486] 0.0254* [0.0032, 0.0475] 0.0398*** [0.0241, 0.0555]
WAS 0.045 -0.012 0.0527*** [0.0416, 0.0638] 0.0414** [0.0131, 0.0698] 0.0203*** [0.0083, 0.0323] 0.0142* [0.0015, 0.0270] 0.0066 [-0.0118, 0.0250] 0.0155* [0.0010, 0.0301]

ATL 0.096 -0.306 -0.0583* [-0.1053, -0.0112] 0.0562* [0.0008, 0.1117] 0.1258*** [0.0534, 0.1982] 0.2481*** [0.1611, 0.3351] 0.0756* [0.0158, 0.1353] 0.1514*** [0.0785, 0.2243]
CHI 0.119 -0.204 0.0009 [-0.0332, 0.0351] -0.0015 [-0.0503, 0.0473] 0.0173 [-0.0182, 0.0528] 0.0834*** [0.0391, 0.1276] 0.0568** [0.0178, 0.0958] 0.0611** [0.0156, 0.1066]

Drycleaning/ HOU 0.067 -0.134 0.0074 [-0.0213, 0.0362] 0.0642** [0.0169, 0.1116] 0.0458* [0.0077, 0.0838] -0.0021 [-0.0365, 0.0323] 0.0478** [0.0160, 0.0796] 0.0441* [0.0051, 0.0830]
Laundry MIA 0.119 -0.037 0.1166*** [0.0823, 0.1510] 0.0718*** [0.0366, 0.1069] 0.0333 [-0.0107, 0.0772] 0.0359 [-0.0186, 0.0904] 0.0592** [0.0158, 0.1026] 0.0756* [0.0122, 0.1390]

PHI 0.045 -0.018 0.0395 [-0.0212, 0.1002] 0.0112 [-0.0628, 0.0852] -0.0093 [-0.0637, 0.0451] -0.0715** [-0.1258, -0.0172] 0.0856* [0.0038, 0.1674] 0.1249*** [0.0705, 0.1794]
WAS 0.211 -0.311 -0.0182 [-0.0461, 0.0097] -0.0175 [-0.0534, 0.0184] 0.0087 [-0.0254, 0.0429] 0.0042 [-0.0295, 0.0378] -0.0064 [-0.0379, 0.0252] 0.0218 [-0.0115, 0.0551]
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ATL 0.055 0.096 0.0963*** [0.0603, 0.1323] 0.1177*** [0.0692, 0.1663] 0.0923*** [0.0580, 0.1266] 0.1038*** [0.0677, 0.1400] 0.1251*** [0.0867, 0.1635] 0.1425*** [0.1045, 0.1805]
CHI 0.082 0.149 0.1043*** [0.0681, 0.1405] 0.1276*** [0.0761, 0.1791] 0.1118*** [0.0739, 0.1498] 0.1046*** [0.0659, 0.1432] 0.1177*** [0.0758, 0.1596] 0.1357*** [0.0966, 0.1748]

Restaurants HOU 0.030 0.209 0.1130*** [0.0807, 0.1454] 0.1203*** [0.0773, 0.1632] 0.1069*** [0.0737, 0.1401] 0.0999*** [0.0662, 0.1337] 0.1069*** [0.0699, 0.1439] 0.1159*** [0.0810, 0.1508]
MIA 0.053 0.052 0.0867*** [0.0477, 0.1256] 0.0976*** [0.0401, 0.1552] 0.0801*** [0.0415, 0.1187] 0.0960*** [0.0572, 0.1347] 0.0966*** [0.0563, 0.1369] 0.1058*** [0.0657, 0.1460]
PHI 0.022 0.179 0.1205*** [0.0869, 0.1541] 0.1287*** [0.0845, 0.1730] 0.0962*** [0.0630, 0.1293] 0.0939*** [0.0592, 0.1285] 0.0948*** [0.0604, 0.1292] 0.1086*** [0.0745, 0.1427]
WAS 0.037 0.046 0.0755*** [0.0378, 0.1133] 0.1079*** [0.0568, 0.1591] 0.0923*** [0.0510, 0.1335] 0.0879*** [0.0467, 0.1291] 0.1021*** [0.0602, 0.1440] 0.1281*** [0.0880, 0.1683]

ATL 0.109 0.374 0.3445*** [0.3111, 0.3780] 0.2717*** [0.2050, 0.3384] 0.1466*** [0.1126, 0.1806] 0.1945*** [0.1622, 0.2268] 0.1392*** [0.0979, 0.1806] 0.1954*** [0.1600, 0.2308]
CHI 0.031 0.281 0.2204*** [0.1875, 0.2533] 0.1827*** [0.1355, 0.2300] 0.1048*** [0.0777, 0.1319] 0.0965*** [0.0691, 0.1239] 0.1300*** [0.0907, 0.1692] 0.1435*** [0.1110, 0.1761]

Bars/Pubs HOU 0.045 0.279 0.1934*** [0.1647, 0.2221] 0.1924*** [0.1498, 0.2351] 0.1551*** [0.1228, 0.1873] 0.0899*** [0.0567, 0.1232] 0.0950*** [0.0667, 0.1234] 0.1594*** [0.1229, 0.1959]
MIA 0.086 0.272 0.2623*** [0.2155, 0.3091] 0.2273*** [0.1489, 0.3058] 0.1792*** [0.1295, 0.2289] 0.1987*** [0.1513, 0.2461] 0.2159*** [0.1521, 0.2797] 0.1537*** [0.0953, 0.2120]
PHI 0.053 0.298 0.2270*** [0.1901, 0.2640] 0.2863*** [0.2278, 0.3448] 0.2528*** [0.2161, 0.2895] 0.2008*** [0.1678, 0.2339] 0.1105*** [0.0756, 0.1454] 0.0978*** [0.0559, 0.1397]
WAS 0.133 0.004 0.1086*** [0.0615, 0.1557] 0.2343*** [0.1623, 0.3063] 0.1093*** [0.0567, 0.1619] 0.1067*** [0.0630, 0.1504] 0.0952*** [0.0504, 0.1401] 0.0415 [-0.0100, 0.0929]

ATL 0.048 0.160 0.1265*** [0.0890, 0.1641] 0.1612*** [0.1171, 0.2053] 0.1003*** [0.0606, 0.1401] 0.1289*** [0.0914, 0.1664] 0.1339*** [0.0869, 0.1809] 0.1919*** [0.1446, 0.2393]
CHI 0.033 0.166 0.1208*** [0.0849, 0.1567] 0.1014*** [0.0565, 0.1463] 0.0891*** [0.0480, 0.1302] 0.0967*** [0.0566, 0.1369] 0.1138*** [0.0709, 0.1568] 0.0751*** [0.0372, 0.1131]

Specialty HOU 0.007 0.021 -0.0090 [-0.0502, 0.0323] 0.0199 [-0.0242, 0.0640] 0.0247 [-0.0136, 0.0630] 0.0410* [0.0004, 0.0816] 0.0440 [-0.0089, 0.0969] 0.1459*** [0.0721, 0.2197]
Food MIA 0.036 0.108 0.0987*** [0.0536, 0.1439] 0.1080*** [0.0589, 0.1572] 0.0263 [-0.0186, 0.0712] 0.0911*** [0.0391, 0.1430] 0.0856*** [0.0486, 0.1226] 0.0199 [-0.0346, 0.0744]
Stores PHI 0.019 0.248 0.1535*** [0.1222, 0.1848] 0.1542*** [0.1237, 0.1847] 0.1451*** [0.1099, 0.1804] 0.1755*** [0.1397, 0.2112] 0.0754*** [0.0314, 0.1194] 0.0996*** [0.0667, 0.1326]

WAS 0.024 0.231 0.1914*** [0.1474, 0.2354] 0.2233*** [0.1729, 0.2737] 0.2191*** [0.1825, 0.2557] 0.1602*** [0.1205, 0.2000] 0.0661** [0.0205, 0.1117] 0.0842* [0.0200, 0.1484]
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ATL 0.077 0.120 0.1311*** [0.0817, 0.1805] 0.1563*** [0.1024, 0.2103] 0.1527*** [0.1042, 0.2013] 0.1298*** [0.0815, 0.1781] 0.0962** [0.0353, 0.1571] 0.1330*** [0.0817, 0.1843]
CHI 0.053 0.185 0.1547*** [0.1023, 0.2072] 0.1887*** [0.1237, 0.2536] 0.1456*** [0.0884, 0.2028] 0.1316*** [0.0725, 0.1907] 0.1283*** [0.0559, 0.2008] 0.1733*** [0.1149, 0.2317]

Clothing HOU 0.035 0.256 0.1817*** [0.1341, 0.2294] 0.1899*** [0.1376, 0.2423] 0.1783*** [0.1231, 0.2335] 0.1385*** [0.0906, 0.1865] 0.1363*** [0.0667, 0.2059] 0.2099*** [0.1603, 0.2595]
Stores MIA 0.106 0.186 0.2003*** [0.1488, 0.2518] 0.2250*** [0.1639, 0.2861] 0.1610*** [0.1110, 0.2110] 0.1544*** [0.1079, 0.2009] 0.1344*** [0.0748, 0.1941] 0.1799*** [0.1261, 0.2336]

PHI 0.029 0.206 0.1579*** [0.1071, 0.2087] 0.1573*** [0.1021, 0.2125] 0.1452*** [0.0902, 0.2001] 0.1284*** [0.0757, 0.1810] 0.1051** [0.0393, 0.1708] 0.1669*** [0.1160, 0.2178]
WAS 0.079 0.136 0.1557*** [0.0959, 0.2155] 0.1913*** [0.1150, 0.2675] 0.1399*** [0.0724, 0.2074] 0.1246*** [0.0615, 0.1877] 0.0878* [0.0086, 0.1671] 0.1299*** [0.0681, 0.1918]

ATL 0.083 0.381 0.3249*** [0.2358, 0.4139] 0.3141*** [0.2003, 0.4278] 0.3199*** [0.2332, 0.4066] 0.2102*** [0.1139, 0.3065] 0.1054* [0.0195, 0.1914] 0.1276* [0.0164, 0.2388]
CHI 0.087 0.448 0.3596*** [0.2752, 0.4439] 0.4566*** [0.3436, 0.5696] 0.3309*** [0.2486, 0.4132] 0.2735*** [0.1898, 0.3571] 0.2191*** [0.1400, 0.2983] 0.3132*** [0.2267, 0.3997]

Electronics/ HOU 0.082 0.448 0.3500*** [0.2053, 0.4947] 0.5060*** [0.3659, 0.6462] 0.4492*** [0.3064, 0.5919] 0.4675*** [0.3215, 0.6134] 0.3448*** [0.1763, 0.5133] 0.4666*** [0.3190, 0.6143]
Appliance MIA 0.190 0.521 0.4839*** [0.4037, 0.5640] 0.4819*** [0.4134, 0.5503] 0.3471*** [0.2700, 0.4242] 0.2418*** [0.1607, 0.3229] 0.1598*** [0.0839, 0.2358] 0.1632*** [0.0770, 0.2494]
Stores PHI 0.073 0.411 0.3399*** [0.2145, 0.4653] 0.4118*** [0.2144, 0.6092] 0.2966*** [0.1622, 0.4310] 0.2703*** [0.1472, 0.3933] 0.1974** [0.0796, 0.3152] 0.2372*** [0.1019, 0.3725]

WAS 0.062 0.269 0.2545*** [0.1593, 0.3496] 0.2875*** [0.1542, 0.4208] 0.1859*** [0.0820, 0.2898] 0.1463** [0.0459, 0.2467] 0.1498** [0.0528, 0.2468] 0.1823*** [0.0756, 0.2890]

ATL 0.121 0.412 0.3180*** [0.1935, 0.4425] 0.3680*** [0.1947, 0.5412] 0.2892*** [0.1602, 0.4182] 0.3349*** [0.2058, 0.4639] 0.2091** [0.0724, 0.3459] 0.2438*** [0.1059, 0.3818]
CHI 0.193 0.471 0.3253*** [0.2086, 0.4420] 0.4367*** [0.2403, 0.6331] 0.2807*** [0.1538, 0.4076] 0.3339*** [0.1958, 0.4720] 0.2532*** [0.1170, 0.3893] 0.2234*** [0.0960, 0.3507]

Department HOU 0.150 0.652 0.4502*** [0.3411, 0.5593] 0.4584*** [0.2865, 0.6302] 0.4004*** [0.2688, 0.5321] 0.2988*** [0.1760, 0.4217] 0.1825* [0.0432, 0.3217] 0.2378*** [0.1257, 0.3499]
Stores MIA 0.165 0.437 0.3457*** [0.2178, 0.4735] 0.3669*** [0.1730, 0.5607] 0.3125*** [0.1742, 0.4508] 0.3278*** [0.1915, 0.4641] 0.2780*** [0.1263, 0.4298] 0.3547*** [0.2118, 0.4976]

PHI 0.146 0.516 0.3638*** [0.2224, 0.5051] 0.4431*** [0.2357, 0.6505] 0.3446*** [0.1883, 0.5008] 0.3836*** [0.2286, 0.5387] 0.2630** [0.0875, 0.4385] 0.3084*** [0.1438, 0.4729]
WAS 0.177 0.485 0.3989*** [0.2707, 0.5270] 0.5107*** [0.2938, 0.7275] 0.3734*** [0.2324, 0.5145] 0.3868*** [0.2491, 0.5245] 0.2523** [0.0978, 0.4068] 0.3348*** [0.1912, 0.4783]

ATL 0.190 0.197 0.1903** [0.0623, 0.3182] 0.3712*** [0.1954, 0.5471] 0.3277*** [0.2043, 0.4511] 0.3192*** [0.1960, 0.4425] 0.2746*** [0.1454, 0.4038] 0.2875*** [0.1579, 0.4172]
CHI 0.106 0.130 0.1490*** [0.0657, 0.2322] 0.2850*** [0.1586, 0.4114] 0.1984*** [0.1128, 0.2840] 0.2148*** [0.1226, 0.3069] 0.2474*** [0.1458, 0.3491] 0.3378*** [0.2378, 0.4378]

Home HOU 0.119 0.487 0.3750*** [0.2576, 0.4924] 0.4488*** [0.2861, 0.6114] 0.3656*** [0.2407, 0.4905] 0.3597*** [0.2403, 0.4791] 0.2171** [0.0865, 0.3478] 0.2671*** [0.1395, 0.3948]
Furnishings MIA 0.247 0.126 0.1949*** [0.0883, 0.3015] 0.3061*** [0.1531, 0.4592] 0.3060*** [0.2100, 0.4021] 0.2952*** [0.2002, 0.3901] 0.2665*** [0.1632, 0.3698] 0.2084*** [0.0968, 0.3200]
Stores PHI 0.056 0.332 0.2560*** [0.1818, 0.3302] 0.3712*** [0.2579, 0.4845] 0.2449*** [0.1703, 0.3195] 0.2444*** [0.1679, 0.3210] 0.1770*** [0.0820, 0.2720] 0.2528*** [0.1653, 0.3404]

WAS 0.178 0.101 0.1384** [0.0439, 0.2329] 0.2921*** [0.1347, 0.4495] 0.1820*** [0.0895, 0.2746] 0.1928*** [0.0984, 0.2872] 0.2086*** [0.1005, 0.3167] 0.2980*** [0.1935, 0.4025]

ATL 0.100 0.120 0.1358*** [0.0807, 0.1909] 0.1530*** [0.0886, 0.2173] 0.1270*** [0.0755, 0.1786] 0.1454*** [0.0945, 0.1962] 0.0961** [0.0325, 0.1597] 0.1469*** [0.0922, 0.2015]
CHI 0.060 0.173 0.1341*** [0.0924, 0.1757] 0.1653*** [0.1046, 0.2261] 0.1613*** [0.1100, 0.2127] 0.1145*** [0.0680, 0.1609] 0.0483 [-0.0172, 0.1137] 0.0917*** [0.0440, 0.1393]

Shoe HOU 0.056 0.430 0.2843*** [0.2171, 0.3515] 0.2763*** [0.1978, 0.3548] 0.2740*** [0.1839, 0.3641] 0.3019*** [0.2329, 0.3708] 0.2568*** [0.1674, 0.3462] 0.3053*** [0.2320, 0.3786]
Stores MIA 0.075 0.148 0.1628*** [0.1161, 0.2095] 0.1349*** [0.0812, 0.1887] 0.1179*** [0.0732, 0.1625] 0.1046*** [0.0606, 0.1486] 0.0976*** [0.0472, 0.1480] 0.0888*** [0.0408, 0.1369]

PHI 0.027 0.272 0.1933*** [0.1421, 0.2444] 0.1428*** [0.0916, 0.1940] 0.1454*** [0.0949, 0.1959] 0.1534*** [0.1057, 0.2011] 0.0873* [0.0125, 0.1622] 0.1635*** [0.1131, 0.2139]
WAS 0.052 0.179 0.1695*** [0.1210, 0.2180] 0.1482*** [0.0912, 0.2052] 0.1244*** [0.0690, 0.1798] 0.1284*** [0.0782, 0.1786] 0.0893* [0.0111, 0.1674] 0.1100*** [0.0561, 0.1639]

ATL 0.114 0.146 0.1505*** [0.0888, 0.2122] 0.2118*** [0.1456, 0.2779] 0.2045*** [0.1428, 0.2661] 0.1956*** [0.1337, 0.2575] 0.1876*** [0.1261, 0.2490] 0.2206*** [0.1565, 0.2847]
CHI 0.041 0.267 0.1963*** [0.1108, 0.2819] 0.2643*** [0.1486, 0.3801] 0.2235*** [0.1371, 0.3099] 0.2149*** [0.1255, 0.3042] 0.2264*** [0.1300, 0.3228] 0.2933*** [0.2006, 0.3860]

Sports HOU 0.062 0.314 0.2274*** [0.1771, 0.2777] 0.2491*** [0.1973, 0.3008] 0.2020*** [0.1483, 0.2557] 0.1921*** [0.1411, 0.2432] 0.1650*** [0.1068, 0.2232] 0.2077*** [0.1441, 0.2713]
Hobby/ MIA 0.076 0.174 0.1808*** [0.1164, 0.2452] 0.2144*** [0.1434, 0.2853] 0.1346*** [0.0692, 0.2000] 0.1102*** [0.0447, 0.1758] 0.0991** [0.0385, 0.1598] 0.1502*** [0.0853, 0.2151]
Music PHI 0.043 0.224 0.1582*** [0.0684, 0.2480] 0.2364*** [0.1141, 0.3587] 0.2378*** [0.1432, 0.3324] 0.2121*** [0.1173, 0.3069] 0.1910*** [0.0958, 0.2861] 0.2498*** [0.1598, 0.3398]

WAS 0.104 0.106 0.1301** [0.0523, 0.2079] 0.1725*** [0.0799, 0.2650] 0.1697*** [0.0904, 0.2491] 0.1471*** [0.0677, 0.2266] 0.1456*** [0.0613, 0.2299] 0.1944*** [0.1186, 0.2702]

Table C.2: Visit-Spend Elasticity Estimates by Economic Category, MSA, and Year
(2019-2024): Table shows visit-spend elasticity estimates by economic category, MSA,

and business category for 2019-2024. Confidence intervals shown in brackets below
elasticity estimates. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05.

Economic categories are color-coded: Essential Goods, Routine Services, Social &
Experiential and Discretionary Retail. R2(Within) and R2(Overall) from panel

regression models with POI and year fixed effects.
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POI Category MSA Mean Resp. Stability CV Reliability COVID Impact Geo Consist.
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Grocery Stores

ATL 0.119 0.114 1.000 0.000

0.803

CHI 0.098 0.391 0.667 -0.076
HOU 0.100 0.174 1.000 0.000
MIA 0.059 0.295 1.000 0.000
PHI 0.089 0.155 1.000 0.000
WAS 0.108 0.524 0.667 -0.087
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es DryCleaning/Laundry

ATL 0.100 0.940 1.000 0.149

0.736

CHI — — 0.500 —
HOU 0.051 0.160 0.667 —
MIA 0.081 0.267 0.667 0.000
PHI — — 0.500 —
WAS — — 0.000 —

Personal Care

ATL 0.024 0.185 0.833 —

0.868

CHI 0.033 0.356 0.667 -0.033
HOU 0.032 0.217 1.000 0.000
MIA — — 0.500 —
PHI 0.035 0.221 1.000 0.000
WAS 0.029 0.536 0.833 -0.032
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Bars/Pubs

ATL 0.215 0.335 1.000 -0.198

0.810

CHI 0.146 0.297 1.000 -0.116
HOU 0.148 0.282 1.000 0.000
MIA 0.206 0.168 1.000 0.000
PHI 0.196 0.357 1.000 0.000
WAS 0.131 0.397 0.833 0.126

Restaurants

ATL 0.113 0.155 1.000 0.000

0.925

CHI 0.117 0.099 1.000 0.000
HOU 0.111 0.061 1.000 0.000
MIA 0.094 0.088 1.000 0.000
PHI 0.107 0.126 1.000 0.000
WAS 0.099 0.168 1.000 0.000

Specialty Food Stores

ATL 0.141 0.207 1.000 0.000

0.809

CHI 0.100 0.152 1.000 0.000
HOU — — 0.333 —
MIA 0.096 0.088 0.667 0.000
PHI 0.134 0.260 1.000 0.000
WAS 0.157 0.393 1.000 0.000
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Clothing

ATL 0.133 0.147 1.000 0.000

0.893

CHI 0.154 0.141 1.000 0.000
HOU 0.173 0.155 1.000 0.000
MIA 0.176 0.171 1.000 0.000
PHI 0.143 0.147 1.000 0.000
WAS 0.138 0.227 1.000 0.000

Department Stores

ATL 0.294 0.184 1.000 0.000

0.919

CHI 0.309 0.223 1.000 0.000
HOU 0.338 0.312 1.000 0.000
MIA 0.331 0.089 1.000 0.000
PHI 0.351 0.162 1.000 0.000
WAS 0.376 0.205 1.000 0.000

Electronics/Appliance

ATL 0.234 0.392 1.000 0.000

0.756

CHI 0.326 0.226 1.000 0.000
HOU 0.431 0.142 1.000 0.000
MIA 0.313 0.432 1.000 0.000
PHI 0.292 0.238 1.000 0.000
WAS 0.201 0.261 1.000 0.000

Home Furnishings

ATL 0.295 0.190 1.000 0.000

0.854

CHI 0.239 0.255 1.000 0.000
HOU 0.339 0.224 1.000 0.000
MIA 0.263 0.173 1.000 0.000
PHI 0.258 0.223 1.000 0.000
WAS 0.219 0.266 1.000 0.000

Shoe Stores

ATL 0.134 0.141 1.000 0.000

0.638

CHI 0.133 0.209 0.833 0.000
HOU 0.283 0.059 1.000 0.000
MIA 0.118 0.212 1.000 0.000
PHI 0.148 0.215 1.000 0.000
WAS 0.128 0.200 1.000 0.000

Sporting/Hobby/Music

ATL 0.195 0.116 1.000 0.000

0.842

CHI 0.237 0.138 1.000 0.000
HOU 0.207 0.128 1.000 0.000
MIA 0.148 0.268 1.000 0.000
PHI 0.214 0.148 1.000 0.000
WAS 0.160 0.133 1.000 0.000

Table C.3: Category-Specific Elasticity Performance Metrics by Metropolitan Area.
Table presents elasticity performance metrics for visit–spend relationships across
business categories and metropolitan areas (2019–2024). Mean Resp. = average

responsiveness (elasticity) across years; Stability CV = coefficient of variation measuring
temporal consistency, Score = 1 - CV reported in main manuscript; Reliability =

statistical significance rate; COVID Impact = elasticity disruption during 2020–2021
(negative values shaded); Geo Consist. = geographic consistency across MSAs. “—”

indicates metrics could not be derived due to not meeting the reliability threshold.
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Category MSA Elasticity 2019 Elasticity 2020 Change % Increased Sig 2019 Sig 2020

E
ss

en
tia

lG
oo

ds

Grocery Stores

ATL 0.134 0.126 -5.9 false true true
CHI 0.130 0.140 7.8 true true true
HOU 0.116 0.123 6.2 true true true
MIA 0.076 0.084 10.6 true true true
PHI 0.087 0.098 13.2 true true true
WAS 0.165 0.158 -4.1 false true true

R
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es Personal Care Services

ATL 0.003 0.017 481.0 true false true
CHI 0.048 0.037 -23.0 false true true
HOU 0.026 0.024 -4.3 false true true
MIA 0.015 0.025 68.3 true true true
PHI 0.025 0.042 66.6 true true true
WAS 0.053 0.041 -21.4 false true true

Drycleaning/Laundry

ATL -0.058 0.056 196.5 true true true
CHI 0.001 -0.001 -260.1 false false false
HOU 0.007 0.064 764.5 true false true
MIA 0.117 0.072 -38.5 false true true
PHI 0.040 0.011 -71.6 false false false
WAS -0.018 -0.018 3.6 true false false
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Restaurants

ATL 0.096 0.118 22.3 true true true
CHI 0.104 0.128 22.3 true true true
HOU 0.113 0.120 6.4 true true true
MIA 0.087 0.098 12.7 true true true
PHI 0.121 0.129 6.8 true true true
WAS 0.076 0.108 42.9 true true true

Bars/Pubs

ATL 0.345 0.272 -21.1 false true true
CHI 0.220 0.183 -17.1 false true true
HOU 0.193 0.192 -0.5 false true true
MIA 0.262 0.227 -13.3 false true true
PHI 0.227 0.286 26.1 true true true
WAS 0.109 0.234 115.8 true true true

Specialty Food Stores

ATL 0.127 0.161 27.4 true true true
CHI 0.121 0.101 -16.1 false true true
HOU -0.009 0.020 322.0 true false false
MIA 0.099 0.108 9.5 true true true
PHI 0.154 0.154 0.4 true true true
WAS 0.191 0.223 16.7 true true true
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Clothing Stores

ATL 0.131 0.156 19.2 true true true
CHI 0.155 0.189 21.9 true true true
HOU 0.182 0.190 4.5 true true true
MIA 0.200 0.225 12.3 true true true
PHI 0.158 0.157 -0.3 false true true
WAS 0.156 0.191 22.8 true true true

Department Stores

ATL 0.318 0.368 15.7 true true true
CHI 0.325 0.437 34.2 true true true
HOU 0.450 0.458 1.8 true true true
MIA 0.346 0.367 6.1 true true true
PHI 0.364 0.443 21.8 true true true
WAS 0.399 0.511 28.0 true true true

Electronics/Appliance Stores

ATL 0.325 0.314 -3.3 false true true
CHI 0.360 0.457 27.0 true true true
HOU 0.350 0.506 44.6 true true true
MIA 0.484 0.482 -0.4 false true true
PHI 0.340 0.412 21.2 true true true
WAS 0.254 0.288 13.0 true true true

Home Furnishings

ATL 0.190 0.371 95.1 true true true
CHI 0.149 0.285 91.3 true true true
HOU 0.375 0.449 19.7 true true true
MIA 0.195 0.306 57.1 true true true
PHI 0.256 0.371 45.0 true true true
WAS 0.138 0.292 111.0 true true true

Shoe Stores

ATL 0.136 0.153 12.7 true true true
CHI 0.134 0.165 23.3 true true true
HOU 0.284 0.276 -2.8 false true true
MIA 0.163 0.135 -17.1 false true true
PHI 0.193 0.143 -26.1 false true true
WAS 0.169 0.148 -12.6 false true true

Sporting/Hobby/Musical Stores

ATL 0.150 0.212 40.7 true true true
CHI 0.196 0.264 34.6 true true true
HOU 0.227 0.249 9.5 true true true
MIA 0.181 0.214 18.5 true true true
PHI 0.158 0.236 49.5 true true true
WAS 0.130 0.172 32.5 true true true

Table C.4: % Changes in elasticity estimates in 2020 compared to 2019 across MSAs.
The true tag in increased column indicates whether the elasticity estimate increased in
2020 compared to 2019. The Sig 2019 and Sig 2020 indicates whether the estimates were
significant for 2019 and 2020 respectively.
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2019 2020 2021 2022 2023 2024

BRANDED
Restaurants ATL 933567 3497 0.057 0.121 0.1032*** [0.0636, 0.1429] 0.1261*** [0.0711, 0.1811] 0.0968*** [0.0591, 0.1344] 0.1194*** [0.0809, 0.1580] 0.1414*** [0.0983, 0.1844] 0.1565*** [0.1144, 0.1985]
Restaurants CHI 1266846 4779 0.157 0.193 0.1165*** [0.0782, 0.1547] 0.1579*** [0.1047, 0.2110] 0.1285*** [0.0905, 0.1664] 0.1243*** [0.0870, 0.1616] 0.1276*** [0.0808, 0.1745] 0.1468*** [0.1065, 0.1872]
Restaurants HOU 938587 3480 0.039 0.224 0.1152*** [0.0761, 0.1543] 0.1317*** [0.0794, 0.1841] 0.1161*** [0.0761, 0.1560] 0.1135*** [0.0744, 0.1525] 0.1160*** [0.0717, 0.1603] 0.1244*** [0.0824, 0.1664]
Restaurants MIA 687014 2542 0.039 0.119 0.1059*** [0.0658, 0.1459] 0.1193*** [0.0606, 0.1779] 0.0850*** [0.0467, 0.1233] 0.0982*** [0.0598, 0.1367] 0.0926*** [0.0495, 0.1356] 0.1105*** [0.0681, 0.1529]
Restaurants PHI 550203 2094 0.045 0.193 0.1179*** [0.0790, 0.1568] 0.1633*** [0.1091, 0.2175] 0.1114*** [0.0744, 0.1484] 0.1121*** [0.0752, 0.1490] 0.0928*** [0.0543, 0.1314] 0.1021*** [0.0639, 0.1402]
Restaurants WAS 689614 2675 0.026 0.066 0.0667** [0.0240, 0.1094] 0.1150*** [0.0576, 0.1724] 0.0929*** [0.0486, 0.1372] 0.1004*** [0.0574, 0.1434] 0.1095*** [0.0614, 0.1575] 0.1444*** [0.0998, 0.1889]

NON-BRANDED
Restaurants ATL 420781 1853 0.065 0.116 0.1356*** [0.1105, 0.1608] 0.1234*** [0.0808, 0.1661] 0.1018*** [0.0759, 0.1276] 0.1193*** [0.0937, 0.1450] 0.0804*** [0.0546, 0.1062] 0.0845*** [0.0574, 0.1117]
Restaurants CHI 697711 3213 0.042 0.181 0.1631*** [0.1384, 0.1878] 0.1434*** [0.0952, 0.1916] 0.1009*** [0.0730, 0.1289] 0.0979*** [0.0706, 0.1251] 0.0836*** [0.0583, 0.1090] 0.0769*** [0.0505, 0.1033]
Restaurants HOU 468031 2153 0.028 0.246 0.1532*** [0.1342, 0.1721] 0.1264*** [0.0896, 0.1632] 0.1127*** [0.0925, 0.1330] 0.0995*** [0.0790, 0.1200] 0.0787*** [0.0567, 0.1008] 0.0764*** [0.0551, 0.0978]
Restaurants MIA 440181 2067 0.094 0.076 0.1381*** [0.1090, 0.1671] 0.1360*** [0.0810, 0.1909] 0.0937*** [0.0633, 0.1242] 0.1038*** [0.0738, 0.1339] 0.0800*** [0.0516, 0.1084] 0.0605*** [0.0284, 0.0927]
Restaurants PHI 388255 1857 0.024 0.225 0.1756*** [0.1524, 0.1989] 0.1232*** [0.0757, 0.1707] 0.1030*** [0.0782, 0.1278] 0.1084*** [0.0854, 0.1314] 0.0707*** [0.0484, 0.0929] 0.0748*** [0.0507, 0.0988]
Restaurants WAS 383005 1798 0.085 0.123 0.1757*** [0.1530, 0.1984] 0.1547*** [0.1071, 0.2024] 0.1044*** [0.0782, 0.1305] 0.0796*** [0.0542, 0.1050] 0.0615*** [0.0363, 0.0866] 0.0502*** [0.0248, 0.0756]

Table C.5: Branded vs. non-branded restaurant elasticities by MSA, 2019–2024. An-
nual within-POI spend–visit elasticities estimated separately for branded and non-branded
segments using the panel specification in Equation (1) in main manuscript with POI and
year fixed effects. Columns report sample size (N Obs, N poi), within- and overall-R2,
and year-specific elasticities with 95% confidence intervals in brackets. Asterisks denote
conventional significance levels (* p < 0.05, ** p < 0.01, *** p < 0.001).
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POI Category MSA Income Education % Black % Hispanic % Asian

E
ss

en
tia

lG
oo

ds Grocery Stores ATL -0.0011*** -0.0007 -0.0013*** -0.0038*** -0.0024***
CHI 0.0007*** 0.0017*** -0.0004 -0.0005** 0.0052***
HOU -0.0013*** 0.0016** 0.0002 -0.0021*** 0.0023***
MIA -0.0006*** 0.0071*** -0.0020*** 0.0000
PHI 0.0004 0.0020*** -0.0003 -0.0018*** 0.0020***
WAS -0.0006*** 0.0029*** 0.0003 -0.0042*** -0.0019***

R
ou

tin
e

Se
rv

ic
es

Personal Care Services ATL -0.0006*** 0.0008* 0.0000 -0.0012** 0.0007*
CHI 0.0005*** 0.0019*** -0.0002 0.0004 0.0011**
HOU 0.0002 0.0023*** 0.0002 -0.0005 -0.0009***
MIA -0.0002 0.0025*** -0.0013*** -0.0005***
PHI 0.0001 0.0002 0.0001 0.0004 0.0014***
WAS 0.0008*** 0.0015*** 0.0010*** -0.0005 0.0016***

Drycleaning/Laundry Services ATL 0.0001 0.0009 0.0013 -0.0003 -0.0056***
CHI 0.0009* 0.0021* -0.0013* 0.0001 0.0027*
HOU -0.0014* 0.0039*** 0.0006 -0.0010 -0.0012
MIA 0.0012 0.0000 0.0001 -0.0011
PHI -0.0020 -0.0007 -0.0074*** -0.0055** 0.0044**
WAS -0.0026*** -0.0011 -0.0055*** -0.0033*** -0.0032*

So
ci

al
&

E
xp

er
ie

nt
ia

l

Restaurants ATL 0.0004*** 0.0015*** 0.0004*** -0.0009*** -0.0001
CHI 0.0003*** 0.0035*** -0.0013*** -0.0006*** 0.0018***
HOU 0.0002 0.0020*** -0.0003* -0.0021*** 0.0001
MIA -0.0002** 0.0021*** -0.0021*** -0.0006***
PHI -0.0004*** 0.0027*** -0.0015*** -0.0015*** 0.0003
WAS -0.0002** 0.0017*** -0.0010*** -0.0024*** -0.0010***

Drinking Places (Alcoholic Beverages) ATL -0.0018*** 0.0021* -0.0036*** -0.0038** 0.0010
CHI 0.0015*** 0.0045*** 0.0014* 0.0008 0.0042***
HOU 0.0022*** 0.0030*** 0.0033*** 0.0020*** -0.0011
MIA 0.0017** -0.0007 0.0019* -0.0014*
PHI -0.0002 0.0058*** 0.0006 0.0063*** -0.0014
WAS -0.0014*** 0.0027* -0.0010 -0.0000 -0.0042***

Specialty Food Stores ATL 0.0012** -0.0026* -0.0008 -0.0064*** -0.0017
CHI 0.0016** -0.0016 -0.0015* -0.0027*** 0.0038***
HOU -0.0014* 0.0144*** -0.0042** -0.0035*** -0.0096***
MIA 0.0017* -0.0012 -0.0007 -0.0014*
PHI 0.0016** 0.0049*** 0.0027*** -0.0005 0.0026
WAS 0.0013** -0.0030 -0.0003 -0.0066*** -0.0026

D
is

cr
et

io
na

ry
R

et
ai

l

Clothing Stores ATL -0.0006** 0.0004 -0.0007 0.0001 -0.0025***
CHI 0.0002 0.0009** -0.0025*** -0.0004 0.0015***
HOU 0.0014*** -0.0008 0.0015*** -0.0021*** -0.0016***
MIA 0.0006** 0.0025*** -0.0004 0.0006
PHI -0.0021*** 0.0012* -0.0035*** -0.0033** 0.0002
WAS 0.0001 0.0032*** 0.0012*** -0.0007 0.0037***

Shoe Stores ATL -0.0004 0.0003 -0.0005 -0.0044** -0.0041***
CHI -0.0003 -0.0012 -0.0027*** -0.0001 -0.0002
HOU 0.0006 0.0030*** 0.0040*** 0.0005 -0.0041***
MIA 0.0013*** -0.0000 -0.0009 -0.0006
PHI -0.0002 0.0043*** 0.0027* -0.0059 -0.0007
WAS 0.0013*** -0.0001 0.0022*** -0.0014 0.0069***

Department Stores ATL 0.0024*** -0.0008 0.0004 -0.0060*** -0.0040***
CHI 0.0024*** 0.0001 -0.0005 -0.0005 0.0007
HOU 0.0008 0.0023* 0.0032*** 0.0002 0.0049***
MIA -0.0008 0.0023 -0.0036*** -0.0024***
PHI -0.0001 0.0088*** -0.0016** 0.0030* -0.0030*
WAS 0.0017*** -0.0004 0.0001 -0.0029*** 0.0008

Electronics and Appliance Stores ATL 0.0052*** -0.0070*** -0.0002 0.0098*** 0.0063***
CHI 0.0034*** -0.0029** 0.0035*** 0.0056*** 0.0053***
HOU 0.0016 0.0003 -0.0019 0.0034 0.0027
MIA 0.0022*** 0.0056** -0.0010 0.0033***
PHI 0.0006 -0.0043 -0.0091** 0.0018 0.0021*
WAS -0.0018*** 0.0078*** 0.0066*** 0.0056** 0.0003

Home Furnishings Stores ATL 0.0015 -0.0036** 0.0043*** 0.0049 0.0042*
CHI -0.0006 -0.0005 -0.0046* -0.0062*** 0.0024**
HOU -0.0027** -0.0002 0.0010 -0.0097*** -0.0095***
MIA 0.0015 -0.0006 -0.0005 0.0039**
PHI -0.0031** -0.0024 0.0009 -0.0020
WAS 0.0003 0.0006 -0.0011 -0.0051*** -0.0017

Sports/Hobby/Music ATL -0.0009* -0.0011* -0.0013*** 0.0020 -0.0006
CHI 0.0021*** 0.0003 0.0013** 0.0014** 0.0043***
HOU 0.0008* 0.0005 0.0003 0.0005 0.0012*
MIA 0.0016*** -0.0067*** -0.0015 0.0003
PHI 0.0004 0.0010 -0.0018 -0.0078*** -0.0005
WAS 0.0001 -0.0002 0.0005 0.0026*** 0.0022**

Table C.6: Demographic Moderation of Visit-Spend Elasticities by Economic Cat-
egory. Table shows demographic moderation coefficients from category-specific panel
regressions. Each coefficient represents the interaction between log(visits) and the respec-
tive demographic variable. Income is measured as median household income percentile,
Education as percentage with bachelor’s degrees, and racial/ethnic variables as population
percentages. Significance levels: *** p < 0.001, ** p < 0.01, * p < 0.05. All regressions
include POI fixed effects and year fixed effects with Driscoll-Kraay standard errors. Sta-
tistically significant estimates are shaded green for amplification and red for attenuation.
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Appendix D: Evaluating LLM Priors About Neighborhood-Level Mobility

D.1 System Prompts

D.1.1 Appendix: Prompt Used for Zero-Shot Mobility Classification

For the zero-shot mobility outcome predictions from the LLMs, we used the following system

prompt.
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System Prompt for Mobility Outcome Classification

You are a careful classifier for mobility outcomes.

Output ONLY one XML document that starts with <response> and ends with

</response>, with EXACTLY three child elements in this order:

<reasoning>, <rank>, <answer>.

Do not output anything else.

Primary task: Predict the mobility outcome class in <answer> using ONLY

the information provided in the user prompt (outcome definition,

CBSA-specific cutpoints, and CBG feature buckets/percentiles).

Keep <reasoning> concise and focused on direction and justification:

explain how the most influential features (the ones you will rank

highest) push the mobility outcome up or down, and why they matter more

than other features. Avoid listing everything; summarize.

<rank> is an explanation-only section. List the 10 most relevant

predictors for THIS CBG’s prediction (most important first).

<rank> MUST contain exactly 10 <item/> tags.

Each <item/> MUST have EXACTLY three attributes:

feature="..." val="very_low|low|neutral|high|very_high" push="+"|"-"|"0"

- val MUST be copied exactly from the bucket given in the prompt for

that feature.

- push is the direction this feature (given its val) pushes the mobility

outcome for THIS CBG: "+" pushes toward higher outcome, "-"

toward lower, "0" neutral or unclear.

<answer> MUST be exactly one of: A | B | C.

A = low outcome (lowest tertile),

B = middle tertile,

C = high outcome (highest tertile).

The tertile cutpoints for A/B/C are provided in the prompt.

When deciding <answer>, weigh items by rank: items earlier in <rank>

matter much more than later items. Treat ranks 1--3 as primary evidence,

ranks 4--6 as supporting evidence, and ranks 7--10 as weak evidence.
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D.1.2 Prompt Used for Directional Alignment Analysis

To elicit predictor-level directional reasoning from the LLM, we used the following system

prompt.
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System Prompt for Directional Alignment

You are a spatial data analyst. Your task is to provide reasoning for

characteristic mobility outcomes within a small geographic region

(Census Block Group).

Output ONLY one XML document that starts with <response> and ends with

</response>. This document must contain EXACTLY two child elements in

this order:

<reasoning>, <assessment>.

### Primary Task

Identify the directional push of every predictor on the mobility outcome

for this CBG.

### Analytical Framework (Two-Step Evaluation)

For each predictor, apply the following logic:

1. Classify the relationship: Is the feature a Facilitator

(positive association) or a Restrictor (inverse association) for the outcome?

2. Apply the instance value:

- If a feature is a Facilitator and its value is high or very_high, then push="+"

- If a feature is a Facilitator and its value is low or very_low, then push="-"

- If a feature is a Restrictor and its value is high or very_high, then push="-"

- If a feature is a Restrictor and its value is low or very_low, then push="+"

<reasoning>

Provide a concise explanation. Explicitly list which predictors you

classified as Facilitators and which you classified as Restrictors

based on the outcome definition.

</reasoning>

<assessment>

List EVERY predictor provided in the user prompt as an <item/>.

Each <item/> must have these attributes:

- feature: the exact name of the feature as provided

- val: the observed bucket (very_low|low|neutral|high|very_high)

- push: "+", "-", or "0"
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Model Parse success rate Used in analysis

claude sonnet 4.5 99.999% Yes
gemma3 27b 99.980% Yes
gemma3 12b 99.813% Yes
qwen3 30b a3b 99.315% Yes
qwen3 8b 99.180% Yes
gptoss 20b low 98.814% Yes
qwen3 4b 96.222% Yes
qwen3 5 35b a3b 88.769% No
qwen 3 5 9b 87.350% No
deepseek v3.2 72.187% No
llama 3 1 8b inst 56.273% No
gptoss 120b 20.744% No

Table D.1: Parse success rates across evaluated LLMs. Models with parse success rate
below 95% were excluded from downstream analysis.
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