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ABSTRACT 

Parameter estimation of respiratory infection surveillance dynamics commonly 

utilize data aggregated over space and time. However, estimates derived from aggregated 

data may fail to account for biologically meaningful spatiotemporal heterogeneity of 

effects or to identify where and when transmissions occur. This dissertation shows that 

high-resolution temporal and spatial data can improve our understanding of heterogeneity 

while producing more valid and precise estimates of transmission parameters (e.g., 

contagiousness), behavioral trends (e.g., face mask utilization), and intervention effects 

(e.g., at-home test distribution). In three projects, we evaluate spatiotemporal 

heterogeneity in the context of two major respiratory pathogens: Tuberculosis and SARS-

CoV-2. 

First, in project one, we identify disease transmission hotspots from a tuberculosis 

case surveillance system in Greater Vitória, Brazil. Utilizing a human mobility model and 

recently developed method to quantify disease transmission, we overcome multiple 

methodological constraints that often obscure spatially and temporally accurate 

transmission measurements. We estimate that two cities in Greater Vitória, Vila Velha 

(reproductive number = 1.05, 95%CI: 1.03–1.07) and Vitória (reproductive number = 
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1.04, 95%CI: 1.02–1.06), help sustain tuberculosis transmission in the entire region and 

may be effective targets for intervention, while Cariacica (reproductive number = 0.95, 

95%CI: 0.94–0.97) fell below the critical threshold of 1 required to sustain transmission 

alone. 

Next, in project two, we utilize interrupted time series methods to estimate the 

effect of mask mandates on mask adherence using a nationally representative digital 

health survey on masking and a comprehensive database of pandemic-related government 

policies. The analysis focuses on improving previous attempts at measuring the 

effectiveness of mask mandates at the state level, by utilizing county-level exposure and 

outcome data. We find that mask mandates were associated with a large heterogeneity of 

effects, ranging from increasing masking approximately 8% in counties with low levels 

of prior masking to 1% or lower change in masking in places like the Northeast U.S. 

where masking levels were already high.  

Last, in project three, we leverage the same nationally representative digital health 

survey to understand at-home testing patterns in the United States. We utilize two 

different economic measures of resource allocation and a regression model with 

autoregressive integrated moving average errors to examine if the Covidtests.gov 

government program reduced at-home testing inequities. We show that Covidtest.gov did 

increase at-home testing across all demographics; however, income-, geographic- and 

race-based disparities in at-home test utilization were heightened during periods when the 

program was active. Specifically, the regression results estimate that Theil’s T, an 

economic metric used here to measure at-home testing disparities, was 53% (95%CI: 
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6%–121%) higher for household income, 214% (95%CI: 86%–429%) higher for race, 

and 90% (95%CI: 23%–193%) higher for geography during Covidtest.gov dissemination 

periods. Disparities were not elevated for age.  

Together, these three projects demonstrate the substantial role that high-resolution 

data can play in improving our understanding of respiratory infection surveillance and 

informing effective public health interventions. 
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1. INTRODUCTION 

The precise measurement of where and when an infection occurs is of fundamental 

importance in epidemiology and requires additional considerations for the study of 

infectious disease transmission. For example, the transmission of a respiratory virus such 

as SARS-CoV-2 between an infected and susceptible individual relies on the two people 

coming into contact during a period where the disease can successfully spread1. 

Separation in space (e.g., social distancing) or time (e.g., avoidance of “high-risk” 

shopping hours) can result in the prevention of disease transmission. SARS-CoV-2 has 

high pandemic potential because infected individuals can be contagious for multiple days 

and often with no symptoms, allowing for numerous effective contacts across a vast 

space2,3. This can be contrasted to SARS-CoV-1, where asymptomatic cases could not 

spread the disease and, in infected individuals, severe symptoms developed just 2–3 days 

following the mild ones, making cases easy to recognize, isolate, and quarantine contacts 

of4. Quick identification of infectious individuals limited the space and time the virus 

could transmit and resulted in the epidemic quickly dying out.  

Study of infections and their disease dynamics therefore relies on precise 

quantification of both space and time relationships. Incorrect measurement of the place 

and time infection occurred also threatens the validity of effect measurements. For 

example, if a case was misclassified as occurring in a place with a face mask mandate 

intervention (when in fact it occurred elsewhere), it would bias the preventative effect of 

mandates towards the null and result in a misestimation of their beneficial effects. 

Research into the dynamics of human infectious diseases often relies on a multitude 
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of data sources. These data streams each cater to understanding a different aspect of the 

“agent-host-environment” model, a key framework to understanding disease spread. This 

model refers to what pathogen is being spread (the agent), by whom (the host), and in 

what location (the environment)1,5. However, studies monitoring the occurrence of 

diseases often only have detailed measurements for one aspect of this model. For 

example, they might have laboratory reports of confirmed cases, providing clear data on 

the nature of the pathogen, but lack information about the movements of the infected 

individuals, making it hard to understand the environment the disease is spreading in. To 

overcome this gap and comprehend the influence of unmeasured variables, researchers 

often turn to publicly published datasets6. For example, data from public transportation 

usage or mobility trends collected from smartphones could provide insights into the host 

movements7. 

 The repurposing of public data is highly efficient, but can lead to temporal and 

spatial resolution mismatches with the predictors and outcomes of interest (e.g., disease 

incidence is measured by county, but face mask data is only available by state)7,8. 

Drawing inferences from this data necessitates assumptions about where an infection 

occurred, such as in the scenario above where researchers would be forced to aggregate 

disease incidence at the state level to understand the effect of mask wearing. This choice 

assumes that all counties within the state have consistent incidence and can obscure local 

heterogeneity due to geographic spillover (i.e., changes in one location due to changes in 

nearby locations). It can also result in the incorrect ascription of population level effect 

estimates to subunits, a phenomenon generally called the ecological fallacy or cross-level 
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bias but specifically referred to as the modifiable areal unit problem in the context of 

spatial aggregation. The resulting bias can be amplified in aerosolized infections such as 

tuberculosis and SARS-CoV-2 where high prevalence and opaque transmission events 

(i.e., not knowing exactly whom transmitted a disease to whom) frequently necessitate 

study at the population level9–12 to understand localized risk. 

This dissertation focuses on methodological approaches to improving estimates of 

respiratory infection surveillance parameters and disease relevant behavioral trends 

across three aims through the incorporating of high-resolution spatial and temporal data 

streams. In aim 1, we produce improved estimates of the reproductive number, a measure 

of disease contagiousness, for tuberculosis infections in Brazil. We utilize local census 

data, a fine-resolution spatial model, monthly infection data from a case surveillance 

system, and a cutting-edge reproductive number estimator to produce high quality 

estimates of the location of tuberculosis transmission hotspots. In aim 2, we improve 

estimates of the effect of mask mandates on mask wearing. To do so, we incorporate a 

digital health survey that has collected millions of geocoded responses daily over the 

course of the pandemic. We combine this data with a database of U.S. County mandates 

to estimate the effectiveness of mandates at a county-level, an improvement on previous 

efforts that have been limited to studying state-level effects. In aim 3, we produce 

improved estimates of who used at-home COVID-19 tests and when. We leverage the 

same large-scale digital health survey employed in aim 2 to examine whether these 

estimates of at-home test utilization could inform us about equity in the U.S. 

government’s COVID response effort. 
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Across these three aims, this dissertation attempts to advance our knowledge of 

respiratory infection surveillance through improved measurement of disease patterns, 

human responses, and resource allocation. Ultimately, these findings can aid decision 

makers in their efforts to enhance public health response to respiratory viruses and guide 

future strategies that seek to control infectious diseases. 
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2. TUBERCULOSIS TRANSMISSION IN GREATER VITÓRIA, BRAZIL 

2.1 INTRODUCTION 

Tuberculosis (TB) is a leading cause of morbidity and mortality, with the WHO 

estimating that the bacillus Mycobacterium tuberculosis causes over 10 million incident 

TB cases per year1. Despite TB’s global prevalence, relative to other pathogenic 

infections there is limited information available on the epidemiologic parameters and 

properties of TB2. Disease transmission metrics such as the effective reproductive 

number (Rt), the parameter that describes the number of additional cases generated by 

each individual case, is an important measure of how a disease is spreading through a 

population and changes over time.  

Quantifying Rt, such as instances of supercritical transmission (Rt > 1) where an 

epidemic is growing because each case, on average, generates more than one new case, is 

critical to directing public health interventions3. However, accurate measurements of Rt 

are difficult to quantify in TB for a variety of reasons including 1) the extended serial 

interval of TB can lead to substantial amounts of missing case information and downward 

bias Rt estimates when using traditional estimators and 2) localized measures of Rt can be 

problematic to pinpoint due to the fact that individuals may present as a case in a location 

other than where they were infected. Here we estimate the Rt of TB in four Brazilian 

municipalities while overcoming these two constraints by repurposing a routine TB 

surveillance system and employing a newly developed Rt estimator that is both less 

sensitive to missing future cases and allows us to account for potential movement from 

location of infection to location of case capture.  
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Estimation of TB transmission dynamics can be complicated by the difficulty of 

accurately measuring the serial interval (i.e., a measure of generation time based on the 

time between symptom onset of an infector and infected)2,4,5. There is often an extended 

(up to many years) latency period between infection and subsequent disease activation 

which can obscure future transmission caused by each infectious case6. Additionally, 

unbiased Rt estimation can be difficult without data covering the entire span of TB’s 

extended serial interval distribution3. Traditional techniques of estimating Rt from right-

censored datasets can result in substantial statistical uncertainty and parameter 

underestimation2,3. For example, Wallinga-Teunis (W-T) estimations of Rt are forward-

looking and will attempt to evaluate the number of future infections to ascribe to current 

cases (i.e., the case reproductive number)7. In real-time estimation where future incidence 

is unknown, resulting W-T Rt estimates of current time periods are driven significantly 

downward due to the appearance of no subsequent infections. This bias is especially 

apparent in TB, when measuring Rt with W-T future case data is required over the multi-

year serial interval to accurately measure current transmission. Alternative backward-

looking approaches to estimating Rt such as the EpiEstim estimator (Cori, et al.8) can help 

prevent the underestimation of Rt due to right-censored case data. This approach uses 

data on past infections to measure the expected number of secondary infections occurring 

at the present (i.e., the instantaneous reproductive number) and therefore does not require 

future case data. 

TB transmission patterns can show substantial spatial heterogeneity, suggesting 

results from subnational research are needed to understand local transmission risk9. This 
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lack of generalizability between regions also means locally-tailored interventions are 

necessary for proper disease control. However, limited research has been done to 

characterize TB across heterogenous risk environments and to date, localized movement 

between these environments has not been accounted for when measuring TB transmission 

in Brazil10. Previous work has shown this movement plays an important role in the 

transmission of infectious diseases in Brazil11–13 and of TB in other settings10,14. Failure to 

account for host mobility can result in biased subnational Rt estimates and obscure 

regions of higher and lower transmission. Until recently, methods to estimate Rt while 

accounting for this spatial heterogeneity and potential spatial misclassification existed for 

W-T approaches15 but not EpiEstim approaches. However, the newly developed Rt 

estimator from Zhou, et al.16 is a spatial heterogeneity extension of the backward-looking 

EpiEstim approach and can be used to estimate local TB transmission metrics while 

overcoming the problems associated with right-censored datasets. 

Due to the many previously described complications with direct Rt estimation, 

mathematical models and literature-based parameters of TB are often used to estimate Rt 

indirectly instead of case data2. However, routine laboratory and medical data from 

tuberculosis surveillance systems can be repurposed to create large longitudinal datasets 

and address this gap. These types of case notification systems have been shown to 

successfully proxy incidence to allow for unbiased measurements of Rt as well as uncover 

local disease dynamics, including shifts in spatial incidence and changes in drug 

resistance17–19. As a result, leveraging these monitoring systems is an important goal of 

the WHO Global Task Force on TB Impact Measurement1. 
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Here, we utilize one of these regional TB case surveillance systems from Brazil’s 

Greater Vitória metropolitan area in conjunction with the Zhou, et al. approach to 

estimating Rt to understand the heterogeneity of transmission across the region’s four 

major municipalities from January 2003 to October 2018.  We explicitly model spatial 

heterogeneity in TB transmission estimates by adjusting for movement imputed from a 

spatial radiation model in our Rt estimator and illustrate how the use of this methodology 

can elucidate regional TB dynamics in real-time and across space. 

 

2.2 MATERIALS AND METHODS 

2.2.1 Tuberculosis Case Surveillance Data 

All microbiologically confirmed cases of tuberculosis within the four 

municipalities of the Greater Vitória metropolitan area (Vitória, Serra, Vila Velha and 

Cariacica) in the Brazilian state of Espírito Santo between January 2003 to October 2018 

were captured in the internet-based TB Notes surveillance system20,21. Cases were 

aggregated into monthly counts. Confirmation was determined by ≥1 sputum specimen 

with acid-fast bacilli smear grade ≥2+ with subsequent MTB growth in culture. This data 

is collected for routine surveillance of TB infection in Greater Vitória. Case counts by 

municipality were cleaned at the Núcleo de Doenças Infecciosas (NDI) in Vitória, ES. 

2.2.2 Estimates of Transmission 

For each of the four municipalities, the instantaneous Rt was calculated monthly 

from the TB Notes surveillance database based on case data from January 2003 to 

October 2018. We use the Zhou, et. al, heterogeneous Rt estimator16 that allows for the 
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reclassification of cases to their location of presumed transmission using information on 

human host mobility. We use a radiation movement model to estimate human mobility 

between municipalities and therefore how much spatial reclassification to model. To 

account for the extended serial interval of TB and variability of delay to diagnosis, we 

utilize a 36-month burn-in period and a 24-month smoothing window. Estimates are 

reported for the midpoint of each smoothing window3. The resulting Rt estimates are 

therefore available from January 2007 until October 2017. The serial interval (mean: 2.2 

years, standard deviation: 1.8 years, median: 1.7 years) was described by a gamma 

distribution derived from data from a household contact study of TB in Brazil using 

survival modeling techniques5.  

2.2.3 Rt Estimator 

The Zhou, et al.16 heterogeneous instantaneous reproductive number (Rt) estimates 

the expected incidence 𝑘 of infections at location 𝑗 occurring at time 𝑡 for each of the 

four municipalities: 

 

𝑚!(𝑡) 	= 	∑ 	!
"	$	% *𝑝"! ∑ 		

&	'	( 𝑅"(𝑡)𝑘"(𝑡 − 𝜏)𝜔(𝜏)0. 

 

The serial interval distribution is denoted as 𝜔(𝜏) where 𝜏 represents the generation time 

between the onset of symptoms between an infector and infectee. The estimator accounts 

for the fact individuals may have been infected in a location 𝑖 other than the location 𝑗 

where they presented as a case by reclassifying incidence to the location of the presumed 
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transmission event. The probability (𝑝"!) of incident case reallocation (i.e., probability a 

case in location 𝑖 was infected in location 𝑗) can be informed by a movement model 

(details below). 

 Summary statistics of Rt were computed and central tendency of multiple 

estimates was reported with the geometric mean. We chose the geometric mean instead of 

the arithmetic mean because Rt estimates can range from 0 (no new infections) to infinity 

(unbounded growth of infections), and a value of 1 indicates a stable epidemic. To 

illustrate this choice, take for example a population whose disease transmission rate 

alternated monthly between halving (Rt =0.5) and doubling (Rt =2). The arithmetic mean 

of Rt  for this population (1.25) would misleadingly suggest growth over time. In contrast, 

the geometric mean (1) more accurately reflects a stable epidemic. 

2.2.4 Spatial Reclassification of Cases 

Case notification may occur in a municipality other than where the infection 

occurred. The likelihood that a case was spatially misclassified can be represented by an 

𝐽	 × 	𝐽 dimensional matrix when considering 𝐽 locations, where each cell represents the 

probability that a case who presented in location j was infected in location 𝑖 where 𝑖, 𝑗 ∈

	{1, 2, . . . , 𝐽}. For example, an identity matrix (Table 2.1a) implies that each secondary 

case arose from an index case within that same region (only autochthonous transmission). 

Alternatively, a matrix with equal constants in each entry implies that a case could have 

arisen from any municipality, including the source municipality, with equal probability. 

In this study, we reallocate cases based on assumptions driven by three different 

reclassification schemes: autochthonous transmission (Table 2.1a), a matrix of flows 
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estimated from a human mobility model (Table 2.1b), and a matrix of flows estimated 

from a human mobility model that assumes individuals with TB are more likely to travel 

from home than the average individual22 (Table 2.1c). 

2.2.5 Human Movement Model 

We estimate spatial case misclassification (i.e., the probability an individual was 

incorrectly identified as infected in one municipality when they were actually infected in 

a different municipality) using a human movement model. The underlying premise of this 

assumption is that the probability of case misclassification between places 𝑖 and 𝑗 is 

equivalent to the human-to-human movement between 𝑖 and 𝑗. 

Human movement estimates were modeled utilizing a nonparametric radiation 

model of mobility that attempts to model human movement from a region's population 

structure23. Briefly, the radiation model estimates the number of people that move 

between two locations based on the assumption that flows between two places are a 

function of both the number of work opportunities (here, assumed proportional with 

population count) in each location and the number of competing work opportunities 

available to the residents of each location. The term "work opportunities" here 

encompasses a wide range of elements, including the volume of available jobs in a 

particular area, the diversity of these jobs across different sectors and industries, the level 

of compensation, prospects for career advancement, etc. The model assumes that work 

opportunities are proportionate to the population count of the region (i.e., regions with 

more people have more work opportunities), and that individuals will travel and commute 

for work opportunities. It then posits that work travel and commuting flows are a proxy 
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for broader mobility between two locations. This estimate based on work opportunities 

has been shown to generalize to the relative movement of diverse processes including 

trade, yearly migrations, and inter-urban disease spread23,24. 

For example, if São Paulo is 400 kilometers from Rio de Janeiro, a radiation 

model estimates movement from São Paulo to Rio de Janeiro based on the population of 

São Paulo (i.e., work opportunities in São Paulo), the population of Rio de Janeiro (i.e., 

work opportunities in Rio de Janeiro), and the population within a 400-kilometer radius 

of São Paulo. The population within this radius represents all the alternative opportunities 

someone from São Paulo would have if they chose to go 400 kilometers in a direction 

other than Rio de Janeiro.  

We implement the radiation model to estimate movement between each 

municipality pair 𝑝"!: 

𝑝"! =	𝑇"
)!*"

()!,	-!")()!,	*",	-!")
,	

so that flows are a function of the population counts within the boundaries of 

municipalities i and j (𝑚" 	𝑎𝑛𝑑	𝑛!). 𝑠"! represents the total population count contained 

within a geometric circle centered at i with a radius of the distance between i and j, 

excluding the population counts 𝑚" 	𝑎𝑛𝑑	𝑛!. 

𝑇" represents the percentage of the population that travels a non-zero distance for 

work, a number estimated to be the same for all urban municipalities. The percentage of 

all individuals in each urban municipality who travel for work was estimated to be 21% 

from the 2010 Brazilian Population census (Table 3.18.2.4)25. Here, 𝑇" was modeled as 

both 21% (general mobility) and 42% (TB-specific mobility) based on prior research that 
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individuals with TB are more likely to be commuters and/or commute significantly 

longer distances21 than individuals who do not have TB.  

These four municipalities were modeled as a closed system due to their 

geographic clustering and based on previous observations that movement between them 

was common, but substantial mobility outside the region was rare21. All population 

estimates were extracted from a 2015 gridded (1 km x 1 km) surface of the world’s 

population26 and municipal populations utilized admin level 2 (U.S. county equivalent) 

cartographic boundaries of Brazil27.  

 

2.3 RESULTS 

The TB Notes Surveillance System recorded 9,144 cases of microbiologically 

confirmed tuberculosis between January 2003 and October 2018 in the four major 

municipalities of Greater Vitória, Brazil (Figure 2.1). On average, Vitória had the highest 

yearly incidence, 45.9 [SD: 5.1] per 100,000 residents, while Cariacica reported 36.4 

[SD: 6.0] per 100,000, Vila Velha reported 34.7 [SD: 3.2] per 100,000, and Serra 

reported 30.7 [SD: 3.0] per 100,000. When aggregating all four regions, the most yearly 

cases (N=645) were reported during 2003 and the highest reported monthly total (N=75) 

was seen during March of that year. 

The estimated instantaneous reproductive number of TB in the all-autochthonous 

transmission model (Figure 2.2) differs across each municipality studied and over time. 

There is a general trend of oscillation between supercritical transmission (Rt > 1) and 

subcritical transmission (Rt < 1) across the four municipalities for one-to-three-year 
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periods during varying timeframes, however there is substantial uncertainty in the 

continuous measurements (Figure 2.3). Under the assumption of all autochthonous 

transmission, the geometric mean reproductive number of all four municipalities is 

similar. Vitória (Rt=1.04, 95%CI: 1.02–1.05) and Serra (Rt=1.04, 95%CI: 1.03–1.05) had 

the highest overall estimated mean Rt across study period followed by Vila Velha 

(Rt=1.03, 95%CI: 1.01–1.04), and Cariacica (Rt=1.01, 95%CI: 0.99–1.02). 

The radiation model estimated a mean of 4.6% (SD: 3.1%) inter-municipal flows 

(Table 2.1b) when modeling general population movement, meaning that of all the 

individuals living within one of these four municipalities, 4.6% regularly travel to one of 

the other three. Incorporating the assumption that individuals with TB are substantially 

more likely to travel, the radiation model estimated a mean of 9.1% (SD: 6.3%) inter-

municipal flows. Across both models, Vila Velha (133,600 daily incoming individuals 

estimated in TB-specific model) and Vitória (174,165 daily incoming individuals 

estimated in TB-specific model) had the higher estimated incoming flows than Serra 

(41,036 daily incoming individuals estimated in TB-specific model) and Cariacica 

(85,739 daily incoming individuals estimated in TB-specific model) (Figure 2.4). Vila 

Velha and Vitória were also estimated to be the municipality pair with the highest mean 

percentage interaction while Vila Vela and Serra shared the least (Table 2.1). 

Rt estimates incorporating these TB-specific mobility flows (Figure 2.2) had small 

effects on the relative trends and timing of TB transmission across the four 

municipalities. Shifts in the same direction were also observed when adjusted for general 

population movement, but larger differences were apparent when it was assumed that 
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individuals with TB commuted at a higher rate than others in their community. Under this 

TB-specific movement model, Vila Velha (Rt=1.05, 95%CI: 1.03–1.07) and Vitória 

(Rt=1.04, 95%CI: 1.02–1.06) both had slightly higher geometric mean transmission rates 

than under the all-autochthonous transmission model while Serra (Rt=1.03, 95%CI: 1.01–

1.04) had slightly lower and Cariacica (Rt=0.95, 95%CI: 0.94–0.97) dropped 

significantly. 

While the effects on the estimated Rt trends were minor, mobility incorporated 

estimates did dramatically change the number of months each municipality spent in a 

period of estimated supercritical transmission. When incorporating mobility, Vila Vela, 

Vitória, and Serra experienced both months that changed from the supercritical 

transmission to subcritical and vice versa (Figure 2.5). However, for Cariacica, the 

mobility adjusted estimates were all shifted downward and only resulted in months 

moving from supercritical transmission to subcritical. 

Vila Velha and Vitória displayed a pattern where the months of the highest 

estimated transmission under an assumption of all-autochthonous transmission were even 

higher when adjusting for mobility (points above the diagonal slope in Figure 2.5) and Rt 

during months with the previously estimated lowest transmission were even lower (points 

below the diagonal slope in Figure 2.5). This pattern was not apparent in Serra. 

Interestingly, the two highly spatially coupled regions of Vila Velha and Vitória showed 

inversely correlated transmission patterns (Figure 2.2) under an assumption of all-

autochthonous transmission. The incorporation of mobility adjusted Rt estimates led to 

more divergent estimates of transmission (Figure 2.6). 
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2.4 DISCUSSION 

We show that the incorporation of a mobility-based model of spatial interaction 

into estimates of the time-varying reproductive number can illuminate important local 

patterns within TB case surveillance data. When analyzing crude reproductive number 

estimates in Greater Vitória, Brazil, we find TB transmission in all four regions to 

average above the supercritical transmission threshold. However, when incorporating 

flows estimated by a census-informed radiation model, we see that Vila Velha (the largest 

city in Greater Vitória) and Vitória (the state capital) emerge as regions of slightly higher 

transmission and the mean transmission in Cariacica falls below the critical value needed 

to sustain transmission. Vila Velha and Vitória account for the highest number of daily 

flows and may serve as a reservoir of disease for Cariacica, a more distant municipality 

that, in isolation, would be unable to support continued transmission.  

While all four of the regions studied have similar population sizes, Vila Velha and 

Vitória have less land area and are much denser25,27. This pattern of higher TB 

transmission in densely populated urban locations is similar to what has been shown in 

Brazil nationally28 and may be the result of these regions supporting more effective 

contacts29 and sustaining longer chains of disease transmission30. TB control measures 

that focus on controlling urban transmission and rural importation may play a critical role 

in preventing the propagation of TB in the greater Vitória metropolitan region31. 

There are multiple limitations of the proposed Rt analysis, mobility estimates, and 

use of underlying case surveillance data. The requirement to use a long burn-in period 

and smoothing window highlights the difficulty of calculating Rt in a disease such as TB 
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with a long serial interval. Here we address the right censoring of the dataset by 

leveraging a newly developed method by Zhou et al. While the spatial heterogeneity is 

consistent between the spatially adjusted Zhou et al.16 and Wallinga-Teunis7 estimators, 

the former produces more stable contemporaneous estimates while the latter trends 

towards zero due to lack of future cases. Spatial interaction extensions of Parag’s 

recursive Bayesian smoother (EpiFilter) should be developed, as they may be less 

sensitive to these edge effects32.  

The incorporation of a radiation-based mobility model to estimate Rt also has 

limitations. The modeled flow approximations assume that the distribution of work 

opportunities is reflective of the population distribution and that the estimated inter-

municipality commutation flows are representative of their interaction more generally. If, 

for example, individuals from Serra are less likely to travel to Vitoria for daily activities 

(e.g., shopping) than work, our model may overestimate the incidence that was 

reclassified away from this location and lead us to incorrectly conclude it could not 

support TB transmission on its own. While radiation type models have been validated on 

subnational scales23,24 and for short-term movement33, empirical assessments of mobility 

(e.g., from mobile phone location data34) in Greater Vitória are necessary to support these 

assumptions locally. Further, it is difficult to confirm if measures of mobility directly 

translate to transmission risk.  

While the present analysis can resolve questions about which municipalities have 

experienced heightened transmission during the period of study, the spatial coarseness of 

the data used does not account for heterogeneity of incidence within these municipalities. 
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Previous research has shown this may be nonuniform and dependent on socioeconomic 

status35, and thus future studies are needed to understand this transmission stratified by 

more refined geography and socioeconomic status. Nevertheless, the integration of 

mobility data with the proposed spatial resolution is a notable improvement upon what is 

currently available to public health officials.  

The TB notes surveillance system is a rich dataset that systemically captured all 

microbiologically confirmed cases of TB within Greater Vitória, however there are likely 

cases of active TB in the communities that have yet to present for laboratory 

confirmation. Our Rt estimates are robust to this gap provided this proportion is 

consistent across municipalities and time36, but they may be biased if this gap is 

accompanied by differential care-seeking. Further, the TB notes surveillance system does 

not account for differential transmission that may manifest as varying burdens of latent 

TB. Additionally, the Rt heterogeneity estimator used here requires independence 

between infection probability due to spatial and temporal distance; an assumption that 

may be violated if there were different strains of TB with varying serial intervals that are 

circulating differentially in the four regions of Greater Vitória. 

2.4.1 Conclusion 

Understanding local dynamics of tuberculosis is essential for disease control. 

Here we show that incorporating modeled mobility flows and a backwards-looking Rt 

estimator can yield insights on the importation of TB between different municipalities 

within Greater Vitória, Brazil. We further highlight that routine TB case surveillance 

systems can be utilized in combination with these methods to identify and characterize 
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transmission parameters of hotspots that may be subsequently targeted for region-specific 

disease control interventions.  
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2.5 TABLES AND FIGURES 

Table 2.1 Three interaction matrices used to account for spatial heterogeneity in the estimation of 
Rt: A. no interaction (all autochthonous transmission), B. a matrix of movement estimated from 
the radiation model, and C. a matrix of movement estimated from the radiation model that 
assumes individuals with TB travel more frequently than the general population. All movement 
estimates rounded to 2 decimal places. Interaction is used to model the opportunity for a TB case 
to present in a municipality other than where they were potentially infected. Cells represent the 
probability of a case having been misallocated. 

A. All Autochthonous Transmission   

  Incoming Movement  

Outgoing Movement Cariacica Serra Vila Velha Vitória 
Cariacica 1 0 0 0 
Serra 0 1 0 0 
Vila Velha 0 0 1 0 
Vitória 0 0 0 1 
     
     
B.  Radiation Model Estimates (General 
Population Mobility)   
  Outgoing Movement*  
Incoming Movement Cariacica Serra Vila Velha Vitória 
Cariacica 0.89 0.05 0.03 0.02 
Serra 0.02 0.84 0.02 0.02 
Vila Velha 0.04 0.03 0.87 0.12 
Vitória 0.05 0.07 0.08 0.85 
     
     
C. Radiation Model Estimates (TB Specific 
Mobility)   
  Outgoing Movement*  
Incoming Movement Cariacica Serra Vila Velha Vitória 
Cariacica 0.79 0.10 0.06 0.04 
Serra 0.04 0.69 0.04 0.03 
Vila Velha 0.08 0.07 0.74 0.24 
Vitória 0.10 0.14 0.16 0.69 
*All columns add to 1 and are rounded for presentation purposes  
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Figure 2.1 Tuberculosis Incidence Measured in Four Municipalities of Greater Vitória, Brazil 

 
 
All cases of microbiologically confirmed tuberculosis in Greater Vitória between January 2003 
and October 2018 were captured by the TB Notes Surveillance system at the Núcleo de Doenças 
Infecciosas in Vitória, Brazil. Cases here are presented for the four municipalities of the greater 
Vitoria metropolitan area, population-adjusted per 100,000 residents of each municipality. Color 
shaded bands represent the year-to-year standard deviation of cases in each municipality.  
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Figure 2.2 Mobility and the Time-Varying Reproductive Number of Tuberculosis in Greater 
Vitória 

 
 
Estimates of the time-varying reproductive number of tuberculosis in four municipalities of 
Greater Vitória, Brazil between January 2007 and October 2017. The instantaneous reproductive 
number (Rt) was estimated utilizing three different assumptions of spatial interaction: only 
autochthonous transmission (blue), a matrix of flows estimated from a human mobility model 
(orange), and a matrix of flows estimated from a human mobility model that assumes individuals 
with TB have higher mobility than the average individual (red). 
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Figure 2.3 Variability and Uncertainty in the time-varying reproductive number (Rt) of 
tuberculosis in four municipalities of Greater Vitória, Brazil between January 2007 and October 
2017 

 
Estimates of the time-varying reproductive number of tuberculosis in four municipalities 
of Greater Vitória, Brazil between January 2007 and October 2017 assuming 
autochthonous transmission. Colored bands represent 95% simulation interval of time-
varying reproductive number across the municipalities. 
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Figure 2.4 Estimated Mobility Between Four Municipalities of Greater Vitória, Brazil 

 
 
Inter-municipality flows from a radiation model estimating TB-specific movement in four 
municipalities in Greater Vitória, Brazil. Colored lines represent movement from one 
municipality to the city with the same color point. Line thickness and point size represent the 
volume of estimated mobility flows.  
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Figure 2.5 Estimated Rt of TB in four municipalities of Greater Vitória, Brazil comparing 
assumptions of autochthonous transmission to estimates that incorporate inter-municipality 
interactions 

Estimated Rt in the four municipalities of greater Vitoria metropolitan area in Greater Vitória, 
Brazil. X-axis Rt values are estimated from a model that assumes each of the four regions are 
independent with respect to TB transmission. Y-axis Rt values are estimated from a model that 
incorporates estimates of human movement from a radiation mobility model, assumes cases who 
presented in each region may have been infected in another region, and assumes that individuals 
with TB may be more likely to travel than individuals who do not have TB. Supercritical values 
are discordant when Rt is estimated to be the value of supercritical transmission (Rt > 1) in one 
model, but not the other  
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Figure 2.6 Longitudinal ratio of estimated Rt accounting for inter-municipality interaction over Rt 
assuming autochthonous transmission in two highly connected municipalities of Greater Vitória, 
Brazil 

 
 
Estimated Rt in the two highly spatially connected municipalities of greater Vitoria metropolitan 
area in Greater Vitória, Brazil over time. Y-axis represents Rt estimated from a model accounting 
for spatial interaction divided by Rt estimated from the model that assumed all transmission was 
autochthonous. Fitted values from generalized additive models fit to Rt estimates from Vila Velha 
(green) and Vitoria (yellow) with 95% confidence interval (shaded area) are shown for 
visualization of trend. 
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3. MASK MANDATES AND MASKING DURING THE COVID-19 PANDEMIC 

3.1 INTRODUCTION 

Although the usage of face masks has become a common practice across the U.S. 

during the COVID-19 pandemic1, their effectiveness in reducing transmission events 

remains a topic of debate2,3. An important source of conflict over their usage stems from 

binding mask mandates often accompanying masking recommendations, perceived by 

many as an infringement on civil liberties3,4. While there is robust evidence that masks 

can reduce respiratory disease spread5–8, the impact of mask mandates on this reduction is 

less clear5,9–14. This disconnect may be attributed to a variety of factors, including 

variable adherence to mandates5,13, the occurrence of substantial disease spread in private 

settings — despite public mandate compliance15, aggregation bias obscuring that masking 

is protective in some settings and not in others, and the inherent difficulty of accurately 

measuring the effects of complex government policies16. These divergent findings can 

also be considered within the historical context of inconsistent compliance to public 

health mandates17, despite clear evidence of the effectiveness of the mandated behavior 

(e.g., seatbelt wearing)18. 

Accurately measuring the effect of mask mandates on disease outcomes presents 

several challenges, including confounding by indication. Mask mandates, typically 

introduced in response to a surge in COVID-19 incidence, often trigger other mitigation 

measures and behavioral changes that can confound the isolation of the mandates' effects. 

Consequently, studies employing pre-post designs might capture trends in alternative 

behavioral responses to disease dynamics (e.g., social isolation) rather than the effect of 
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the mandates on outcomes mediated through the desired masking behavior. This potential 

confounding may also explain why some studies have found no added benefit of mask 

mandates when accompanied by other non-pharmaceutical interventions10, while others 

found a reduction in COVID-19 mortality implausibly just one week following their 

issuance11. 

In addition to the complexities of establishing a causal link between mandates and 

disease outcomes, another possible reason for the inconsistent results between the 

impacts of masking and mandates might stem from the variability in mask adherence due 

to mandates. Policies spanning multiple jurisdictions and the potential for geographic 

spillover effects can substantially influence this variability. Mandates have been 

implemented at different levels of government and geography, with some local mandates 

being issued before broader statewide ones (e.g., Cuyahoga County, Ohio, the location of 

Cleveland, implemented a mandate approximately two weeks prior to Ohio State)19. 

Early county-level mandates may effectively increase adherence but obscure the impact 

of later statewide ones because they had already caused the population proportion 

masking to peak. Additionally, geographic spillover effects can occur when neighboring 

regions respond to mandates in adjacent localities (e.g., Akron, Ohio masking levels 

being influenced by Cleveland’s mask mandate20) before being formally required to do 

so. Previous studies measuring the effect of mask mandates on adherence to masking 

have primarily focused on statewide mandates and mask usage aggregated at the state 

level, which may be downwardly biased by these geographic spillover effects and 

obscure important heterogeneities in the intervention's impact. This hypothesis is 
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supported by a U.S. study that found increased mask-wearing reduced COVID-19 

transmission, but statewide mask mandates did not alter mask-wearing5. 

To better understand the disease mitigation benefits of masking and mask 

mandates, we sought to answer a fundamental question: do mask mandates modify 

masking behavior? Importantly, because mask usage forms a critical link in the causal 

chain from mandates to disease mitigation, if mandates do not alter mask-wearing 

behavior, they are unlikely to influence the control of disease transmission. To mitigate 

the issues arising from multi-jurisdictional mandates and geographic spillover effects, we 

conduct our analysis at the county level. Using data from the first year of the COVID-19 

pandemic, we estimate how much initial implementations of county-level government 

mask mandates changed masking behavior using an interrupted time series (ITS) analysis 

across the U.S. By examining the effect of mask mandates through a more local lens, we 

aim to understand the heterogeneity of the intervention's effectiveness across different 

communities which is crucial for informing future infectious disease mitigation 

strategies. 

 

3.2 METHODS AND MATERIALS 

First, we measured the effect of county-level mask mandates on self-reported 

masking behavior during the initial phase of the COVID-19 pandemic using an ITS 

stacked design. Next, we ran subgroup analyses stratified by geography, urbanicity, and 

population proportion masking prior to the issuance of mandates. Finally, we employ a 

pooled ITS design to ensure our results are robust to model specification. 
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3.2.1 County Mask Mandate (Exposure) 

We extracted dates of county mandates from “Tracking Mask Mandates During 

the Covid-19 Pandemic,” a database of county- and state-level mask interventions19 

previously used to understand adherence to mask mandates at the state level14. All U.S. 

counties (n=624 counties in 14 U.S. states) that issued a county-level mask mandate after 

June 17, 2020 (14 days after the start of mask adherence data, described below) 

preceding, concurrent with, or in the absence of respective state mandate are included for 

analysis.  

3.2.2 Self-Reported Mask Adherence (Outcome) 

Individual self-reports of mask-wearing in public and private settings were 

collected between June 2, 2020 and January 1, 2021 by the OutbreaksNearMe 

anonymous serial cross-sectional web survey (N > 3,000,000) in the United States.5,21 

Survey respondents were asked multiple demographic and behavioral questions, 

including their home location and how likely they were to wear a mask “while grocery 

shopping” (masking in public settings) or “while visiting with family or friends in their 

homes” (masking in private settings) on a four-point scale. Individuals are considered 

masked if they respond that they are very likely to wear a mask and not masked if they 

report they are somewhat likely, not so likely to mask or not likely at all. A sensitivity 

analysis was performed where individuals who responded that they were very likely and 

somewhat likely to wear a mask were considered masked. 

For each county in the dataset, masking was measured for each of the 14-days 

pre- and post- the issuance of mandates to assess the short-term effect of mask mandates. 
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Measuring masking for fourteen days post-mandate was chosen because this time period 

was within two-to-three generation intervals of early COVID-19 variants (i.e., within the 

window of time necessary to acutely modify a circulating wave’s dynamics)22. 

The OutbreaksNearMe survey is a collaboration between Boston Children’s 

Hospital and Momentive.ai. The survey employs a non-probability sampling method 

known as river sampling to gain a diverse representation of U.S. adult respondents. The 

potential participant pool, or the sampling frame, includes all adults in the U.S. who are 

using the SurveyMonkey platform for alternative activities. When these individuals have 

completed their other activities on the platform, they are then randomly invited to 

participate in the OutbreaksNearMe Survey (approximately 11% presented with the 

option to take the survey to complete it). As the SurveyMonkey user base is highly 

diverse, this method results in a varied sample for the OutbreaksNearMe survey. 

Additionally, inverse probability weights derived from the 2019 U.S. Census 

demographics (age, race, sex, education, and geography) are applied to generalize the 

survey to the broader U.S. This weighting scheme generates a pseudo-population, 

henceforth referred to as the sample population. Respondents were not incentivized to 

complete the survey and individuals younger than 13 years old or older than 100 years 

old were excluded. Previous validation efforts have shown the OutbreaksNearMe 

population to be of similar composition to the U.S. according to Census demographics 

and CDC disease estimates21. 

The OutbreaksNearMe survey was approved by the Boston Children's Hospital 

IRB and received a waiver of informed consent. 
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3.2.3 Analysis 

We used an ITS stacked design23 to estimate changes in masking in the 14-day 

period following a county-level mandate compared to the 14-days preceding the mandate. 

This design utilized individual-level masking observations, 𝑖, as rows (i.e., a panel 

design) within a single regression framework. When estimating the effects of mandates in 

the entire population, the dataset for analysis consisted of the entire study sample. The 

dataset for analysis was then filtered down to smaller samples (e.g., only individuals 

living in urban areas) when estimating the heterogeneity of the effect (more details in 

Analysis of heterogeneity below). The stacked ITS model was based on a modified 

Poisson regression model with a log link function and robust error variance24 and was fit 

to assess if there is a change in slope and intercept of masking in 𝑠 setting (public 

[measured by grocery shopping masking behavior] versus private [measured by masking 

behavior with family/friends]) following the introduction of a mandate:  

 

𝑙𝑛	[𝑝(𝑀𝑎𝑠𝑘𝑖𝑛𝑔)-,"] = 	𝛽0 +	𝛽%𝑇𝑖𝑚𝑒" +	𝛽1𝑀𝑎𝑛𝑑𝑎𝑡𝑒" + 𝛽2𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑀𝑎𝑛𝑑𝑎𝑡𝑒" + 𝜀" 	, 

 

where 𝑀𝑎𝑠𝑘𝑖𝑛𝑔 is a binary variable indicating if the individual self-reported masking, 

𝑇𝑖𝑚𝑒 is an ordinal variable measured in days from 0 (first day of observation) to 28 (last 

day of observation), 𝑀𝑎𝑛𝑑𝑎𝑡𝑒 is an indicator variable representing the presence of a 

mask mandate at the time of observation, and 𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑀𝑎𝑛𝑑𝑎𝑡𝑒 is an ordinal variable 

with a value of 0 for the pre-mandate period and the first day of a mandate after which it 

increases up to 14 for each day a mandate is in place. 
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The ITS analysis estimates if a change in the presence of a mandate is associated 

with an immediate shift in masking levels (𝛽1, known as a pulse effect or one-time 

change in masking) and/or change in slope (𝛽2, known as a ramp effect or a change in 

masking trends). The model assumes that each individual’s choice to mask is binary, 

makes no distinction in the type of masks individuals are wearing, and assumes that the 

14-day period prior to the mandate was sufficiently long to characterize it16. The 

counterfactual that the effect is compared against assumes that the pre-intervention trend 

continued and that there were no exogenous influences on the measured outcome. 

Robust standard errors were calculated with the sandwich (v3.0-2) and lmtest 

(v0.9-40) R packages. From the results of the ITS analysis, we computed the marginal 

effects24 of mask-wearing to estimate the average increase in mask-wearing in counties 

that implemented a mandate. 

3.2.4 Poisson Model to Estimate Relative Risk 

A modified Poisson regression with robust error variance was chosen as a primary 

model for our binary masking data. This decision was driven by our intent to report 

relative risk, which is more interpretable in the context of common outcomes such as 

mask-wearing25. Logistic regression models yield odds ratios, which can be inflated over 

risk ratios for common outcomes. This inflation may lead to an overestimated perception 

of risk, particularly when the actual effects are small. However, Poisson models do not 

constrain the data between 0 and 1, and estimates at the extremes should be interpreted 

with caution. Log-binomial models are an alternative method to report relative risk with 

estimates constrained between 0 and 1; however they often suffer from convergence 
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issues as was the case when attempted here. 

3.2.5 Analysis of Heterogeneity 

Analyses were conducted to assess the heterogeneous effect of mask mandates on 

mask-wearing. We focused on differences in the effect of mandates based on the counties 

they were implemented in. To do so, we stratified by county features: U.S. Census 

Region geography (Northeast, Midwest, South, West), urbanicity (metropolitan, 

micropolitan, and nonmetropolitan, defined by the National Center for Health Statistics 

Urban-Rural classification scheme), tertile of the previous degree of mask-wearing 

(measured by computing the tertile of each county based on the mean percentage of the 

population reporting masking in grocery stores and with family/friends pooled across the 

14-days prior to mandate implementation), and calendar time of mandate implementation 

(June vs. July 2020). These analyses were executed by filtering the dataset for analysis, 

𝑑, down to the relevant counties and then recalculating the combined parameter 

coefficients for each stratum (e.g., the effect of mandates in the Northeast U.S.).  

3.2.6 Sensitivity Analysis of Model Specification 

To ensure our results were robust to model specification and ITS 

parameterization, we conducted a sensitivity analysis utilizing a pooled design ITS 

model. The pooled design fits separate ITS models for each county (𝑗 = 	1, 2, . . , 𝑘) and 

pools parameter estimates to measure the effect of mandates. While the pooled design is 

well suited to capture the effect of mandates across many counties, it produces unstable 

parameter estimates in counties with just a few survey observations, a problem the 
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stacked design is less vulnerable to26. The pooled ITS design also utilized a Poisson 

regression model with a log link function and robust error variance: 

 

𝑙𝑛	[𝑝(𝑀𝑎𝑠𝑘𝑖𝑛𝑔)-,!] = 	𝛽0 +	𝛽%𝑇𝑖𝑚𝑒! +	𝛽1𝑀𝑎𝑛𝑑𝑎𝑡𝑒! + 𝛽2𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑀𝑎𝑛𝑑𝑎𝑡𝑒! +	𝜀! .	

 

To estimate the general effect of mask mandates across all counties, pooled 

parameter estimates were calculated by an inverse variance weighted average of each of 

the individual model parameter coefficients (𝑛 = 1,2,3)26: 

 

𝛽*,344567 =	
∑ 	8
!$% 𝑤*,!𝛽*,!
∑ 	8
!$% 𝑤*,!

,	

 

where 𝑤*,! =	
%

(9(:*7:;7	<;;4;=>#,"?)%
 and the pooled variance is: 𝑣𝑎𝑟(𝛽*,344567) =

%
∑ 	&
"'( A#,"

. Wald-based confidence intervals are then constructed for each parameter 

𝛽*,344567 ± 1.96R𝑣𝑎𝑟(𝛽*,344567). 

3.2.7 Model Selection Over Alternatives 

The ITS methods used here can be contrasted with a difference-in-differences 

(DiD) approach, a common technique for measuring the causal effect of a policy. The 

ITS method is preferred over DiD in the current study because DiD can be strongly 

affected by geographical spillover for masking. For a DiD approach to study the effect of 

mask mandates on masking, we would ideally compare a county that implemented mask 
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mandates with a similar county that did not. However, if people travel between these 

counties to grocery shop, have family/friends across county lines, consume media from 

adjacent counties, etc., the effects of the mandate on individuals' masking behavior are 

likely to spill over from the surrounding region, muddying the comparison. For example, 

Middlesex County, MA might be the best counterfactual for Suffolk County, MA, but 

someone in Middlesex County is also the most likely to change their behavior due to a 

mask mandate being implemented in Suffolk County, rendering it a poor counterfactual. 

The only suitable stand-ins are counties that are demographically and compositionally 

similar but are unlikely to have their resident’s behavior influenced by the other’s policy, 

a somewhat paradoxical relationship that heavily limits the availability of counterfactual 

locations.  

 

3.3 RESULTS 

3.3.1 Study Respondents 

From June 2, 2020, to January 1, 2021, 34,106 unique respondents submitted self-

reports of their masking behavior (Table 3.1). Respondents were 53.7% female, 45.1% 

male, and 1.2% transgender or non-binary, compared to the 2019 U.S. American 

Community Survey which estimates the U.S. to be 50.8% female and 49.2% male27. Self-

reported household income in the lowest (<$30,000) and highest (≥$150,000) yearly 

categories contained 23.8% and 10.2% of the respondents compared to 23.6% and 14.4% 

estimated by the U.S. Census, respectively. Self-reports of masking were not evenly 

distributed across demographics (Table 3.1). 
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3.3.2 Sample of U.S. Counties 

Of the 624 counties eligible for analysis, 555 had at least one self-reported 

observation on mask-wearing both before and after their issuance of a mandate. Most 

mandates were implemented in July 2020 (n=423 counties) compared to June 2020 

(n=132 counties). Of the 69 counties without sufficient reports, 20% were metropolitan 

compared to 47% of the included ones. The counties included were not evenly distributed 

geographically across the U.S. (Figure 3.1). Of the counties in the sample, the majority 

(n=471) issued mandates on the same day as statewide mandates. In the 84 counties that 

issued mandates prior to statewide ones, the county mandates were issued a mean of 11.0 

(SD: 6.5) days earlier. These counties were spread across 11 states, though the majority 

were in Ohio (n=21), Indiana (n=14), Alabama (n=12), and Minnesota (n=12).  

3.3.3 Masking in U.S. Counties 

The median number of completed surveys on masking per county was 18 [IQR: 

8–51] surveys or 4.1 [IQR: 3.0–5.5] surveys per 10,000 residents of each included 

county. The total number of completed surveys (N=16,569) prior to mandates was 

smaller than the number of completed surveys (N=17,537) following mandates. Over 

time, there was a general trend of increased self-reported masking in public and private 

settings. County-adjusted likelihood to report masking in grocery stores went from 73.7% 

in the two-weeks prior to mandates to 83.5% in the two-weeks following their issuance. 

Reports of masking with family/friends went from 32.8% to 37.5% from the two-weeks 

prior to mandates compared to the two-weeks after. 
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3.3.4 Effect on Mask Wearing in Private Settings 

Stacked ITS analysis (Figure 3.2) of mask-wearing with family/friends found a 

very small pulse effect (RR: 1.03 [95% CI: 0.95–1.12]), and no ramp effect (RR: 1.00 

[95% CI:0.99–1.01]). This indicates that there may have been a minor one-time increase 

in masking but no change in private-setting masking behavior trends. The marginal 

estimates from this model suggest that, across all counties during the study period, the 

mean observed mask-wearing with family/friends was 1.1 percentage points [95% CI:      

-1.7–3.9]) higher than what would have been expected if no mandates were in place. 

Similar findings for pulse (RR: 1.05 [95% CI: 0.96–1.15]) and ramp (RR: 1.01 [95% CI: 

0.99–1.02]) effects were observed on pooled ITS sensitivity analysis. 

3.3.5 Effect on Mask Wearing in Public Settings 

Stacked ITS analysis (Figure 3.2) found a small pulse effect (RR: 1.04 [95% CI: 

1.01–1.08]) and no ramp effect (RR: 1.00 [95% CI:1.00–1.00]) of mask-wearing in 

grocery stores following mandates. The marginal estimates from this model suggest that, 

across all counties during the study period, the mean observed mask-wearing in grocery 

stores was 3.4 percentage points [95% CI: 0.8–6.0]) higher than what would have been 

expected if no mandates were in place. A sensitivity analysis utilizing a pooled ITS 

design and incorporating the effect of counties found similar pulse (RR: 1.03 [95% CI: 

1.02–1.04]) and ramp (RR: 1.00 [95% CI:1.00–1.00]) effects. 
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3.3.6 County Heterogeneity in the Effect of Mask Mandates 

The effects of mandates on mask-wearing varied substantially across different 

counties (Table 3.2). In an analysis where counties were stratified by masking levels prior 

to mandate implementation (Figure 3.3), the absolute effect of mandates was greatest in 

counties with the lowest prior masking levels and lowest in counties with high prior 

masking. In an analysis of geography, the absolute effect of mandates was greatest in 

counties in the U.S. West census region and lowest in counties in the Northeast region. In 

an analysis of urbanicity, the absolute effect of mandates was greatest in micropolitan and 

non-metropolitan counties and lowest in metropolitan counties.  In an analysis of the 

calendar time of when the mandates were issued, minimal difference was observed 

between counties that issued mandates in June compared to those issued in July. 

3.3.7 Sensitivity of Outcome Definition 

In a sensitivity analysis that considered an individual masked if they were 

somewhat or very likely to mask, we find similar results to when the outcome was 

defined more narrowly as only those very likely to mask. When measuring the effect of 

mandates on masking with family/friends, stacked ITS analysis found a very small pulse 

(RR: 1.02 [95% CI:0.97–1.07]) effect and no ramp (RR: 1.00 [95% CI:1.00–1.00]) effect. 

When measuring the effect of mandates on masking at the grocery store, stacked ITS 

analysis found a small pulse (RR: 1.03 [95% CI:1.00–1.05]) effect and no ramp (RR: 

1.00 [95% CI:1.00–1.00]) effect. A similar heterogeneity of estimates was seen (Table 

3.3), however, mandates having a greater effect in counties with low prior masking levels 

compared to high prior masking levels was seen only in public setting masking. 
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Additionally, a calendar time effect was seen that suggested June mandates had a greater 

impact on masking increases than July ones. 

 

3.4 DISCUSSION 

In this interrupted time series estimating the effect of U.S county-level mask 

mandates on self-reported mask-wearing, we find that mandates led to a small 

(approximately 1%–3%) increase on masking in public and private settings. However, the 

effect of mandates on masking varied substantially (from approximately -4 to 8 

percentage points) by geography, urbanicity, and prior masking levels.  

The findings from our study help to clarify the effectiveness of mask mandates 

and to reconcile this with previous literature reporting mixed effectiveness. Our analysis 

suggests that mandates tended to have a slightly larger impact on masking in public 

compared to private settings and a substantially larger impact in areas with low levels of 

mask usage prior to masking implementation. When mandates were implemented in these 

areas, the post-mandate levels of mask usage in were elevated to levels that were 

comparable to those seen in counties with higher mask usage before the mandates were 

put into effect. Given the heterogeneity of mandates in the U.S., previous results 

suggesting mandates did not reduce transmission may be attributed to mandates being 

enacted in areas with already elevated masking behavior and a subsequently limited pool 

of unmasked individuals amenable to mandate-related behavioral changes. For example, 

we show here that in Northeast U.S. counties, where pre-mandate masking behavior were 

highest, masking may have only increased approximately 1–3 percentile points in the two 
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weeks following mandates and our model ascribes almost none of this gain to the 

mandates themselves. 

Prior estimates in the literature have found the effect of statewide mandates on 

masking behavior ranging from 23 percentage points to no change14. Our estimates fall 

within this range and may be short of the largest estimated effect due to the fact three 

(Iowa, North Dakota, and New Hampshire) of the four (three previously mentioned in 

addition to Hawaii) states in that analysis are largely rural and experienced a flat pre-

treatment masking trend, something not seen in this county-level data. Studies that found 

no evidence of masking increases following mandates have aggregated data from states 

with large effects and null effects. They may also be subject to geographic spillover due 

to the fact some county mandates preceded statewide ones. Importantly, the counties 

involved in this study — those that issued mandates either prior to, in tandem with, or 

independent of their respective state mandates after June 17, 2020, and for which mask 

usage data was available — represent only a small portion of the total counties in the 

United States. Given the substantial variability observed in the impact of mandates, these 

findings do not offer a definitive or comprehensive understanding of the effects of 

mandates broadly. However, the diversity of the counties included in this analysis does 

shed light on why previous studies may have yielded conflicting results. Specifically, we 

find the effect of mask mandates on masking is not uniformly consistent and supports the 

hypothesis that there is effect measure modification by important county-specific factors 

such as the theoretical population pool of those willing to mask. 

There are several additional limitations to the current analysis. Although the 



	

	

47 

survey data has shown a high correlation with other sources, it is still reliant on 

anonymous self-reports that may reflect social incentives related to masking and the 

systematic exclusion of those with limited internet access. It is possible we are 

overestimating the effect of mandates because individuals believe they should be wearing 

masks during mandated periods and therefore are more likely to report masking. Self-

reports can also induce selection bias (e.g., only those adhering to the law will want to 

report post-mandate) that would bias estimates of mandate effectiveness away from the 

null. Additionally, by utilizing counties, this analysis minimized urban/rural confounding 

found in statewide analyses but is still susceptible to bias created by other municipal 

mandates (e.g., citywide ones) and spillover from changes introduced in nearby 

jurisdictions. Lastly, our model assumes that there were no exogenous influences on 

masking behavior in the two weeks prior to the issuance of a mandate, which is unlikely 

to be true. Increases in masking may respond to the same disease pressures as mandates 

(e.g., increases in cases). This confounding would cause our effect estimates to overreport 

the effect mandates would have on masking in isolation. However, this study still 

improves upon prior attempts as it directly measures the effect of mandates on masking 

and not mandates on disease outcomes, the latter of which is causally circular with 

pressures exerted by the disease itself, and therefore more susceptible to this bias. 

Notably, irrespective of the broad population effects of mandates on adherence, 

mandates may be an important tool to enable individual-level risk reduction and for 

especially vulnerable workers to protect themselves from infection (e.g., citing mandates 

to enforce masking within a particular establishment). Mandates may also be an 



	

	

48 

important tool to prevent long-term decreases in masking. This analysis can only draw a 

link between mandates and self-reported adherence in the short term and provides no 

direct evidence of the link between mandates and disease transmission and outcomes, nor 

the sustainability of the behavioral change acutely affected by a mandate. However, we 

have demonstrated an effect modification by important demographic characteristics in the 

effect of mandates on masking behavior which may explain the conflicting effects of 

mandates on disease-related outcomes reported in the literature and provide helpful 

insight as to which regions may experience the greatest benefit of a mask mandate. 

3.4.1 Conclusion 

Masking is an important tool to reduce respiratory disease transmission. 

Throughout 2020, mask mandates were introduced across U.S. states and counties to 

increase mask-wearing and combat the coronavirus pandemic. In this analysis, we 

showed that the effects of these mandates were substantially varied, and they only altered 

masking behavior in select contexts, such as when implemented when the current 

proportion of the population masking was low. Future pandemic response will need to 

consider that broad mandates induce mixed effects and that crafting tailored and 

hyperlocal interventions may be a more efficient way to increase masking and reduce 

disease transmission.  
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3.5 TABLES AND FIGURES 

Table 3.1 Self-reported demographics and masking behavior from U.S. adults (n=34,106) who 
lived in U.S. counties (n=555) that issued mask mandates preceding, concurrent with, or in the 
absence of respective state mandates 

Characteristic 

Weighted 
survey 

respondents 
Total: 34,106 

 n (%) 

Survey respondents who 
were very likely to mask 

with family/friends 
Total: 12,586 (36.8%) 

n (%) 

Survey respondents who 
were very likely to mask 
while grocery shopping 
Total: 28,362 (83.2%) 

 n (%) 
Race    
   White 26066.5 (76.4) 7662.3 (64.3) 19800.8 (74.2) 
   Black  4346.0 (12.7) 2682.7 (22.5)  3819.2 (14.3) 
   Hispanic   981.3 ( 2.9)  465.7 ( 3.9)   866.0 ( 3.2) 
   Other  1869.2 ( 5.5)  790.8 ( 6.6)  1585.4 ( 5.9) 
   Missing   843.1 ( 2.5)  316.4 ( 2.7)   611.0 ( 2.3) 
Gender    
   Female 18312.8 (53.7) 6879.5 (57.7) 15033.7 (56.3) 
   Male 15383.2 (45.1) 4877.5 (40.9) 11353.3 (42.5) 
   Transgender or Nonbinary   410.1 ( 1.2)  160.9 ( 1.4)   295.4 ( 1.1) 
Education    
   High School or Less 13385.1 (39.2) 4732.3 (39.7) 9709.2 (36.4) 
   Some College 10493.3 (30.8) 3476.2 (29.2) 8152.6 (30.6) 
   College or More  6446.8 (18.9) 2145.3 (18.0) 5404.0 (20.3) 
   Post Graduate Degree  3780.9 (11.1) 1564.2 (13.1) 3416.6 (12.8) 
Age    
   18–29 years 6140.2 (18.0) 1849.9 (15.5) 4446.5 (16.7) 
   30–39 years 5732.1 (16.8) 1823.3 (15.3) 4138.8 (15.5) 
   40–49 years 5633.8 (16.5) 1714.5 (14.4) 4151.3 (15.6) 
   50–64 years 9190.4 (26.9) 3399.3 (28.5) 7409.2 (27.8) 
   65–74 years 5580.8 (16.4) 2348.6 (19.7) 4912.4 (18.4) 
   75+ years 1828.7 ( 5.4)  782.3 ( 6.6) 1624.2 ( 6.1) 
Household Income    
   Less than $30,000 8112.1 (23.8) 3410.6 (28.6) 6204.8 (23.3) 
   $30,000–49,999 5439.7 (15.9) 1974.0 (16.6) 4261.6 (16.0) 
   $50,000–$74,999 5745.2 (16.8) 1848.0 (15.5) 4399.9 (16.5) 
   75,000–$99,999 4403.0 (12.9) 1367.4 (11.5) 3437.5 (12.9) 
   $100,000–$149,999 4871.8 (14.3) 1397.4 (11.7) 3803.2 (14.3) 
   $150,000 and Over 3476.9 (10.2) 1064.1 ( 8.9) 2834.0 (10.6) 
   Did Not Respond 2057.3 ( 6.0)  856.5 ( 7.2) 1741.5 ( 6.5) 
U.S. Census Division   
   Northeast  7320.1 (21.5) 2611.9 (21.9) 6257.3 (23.5) 
   Midwest  9616.2 (28.2) 3111.3 (26.1) 7336.1 (27.5) 
   South 11993.1 (35.2) 4404.8 (37.0) 9012.5 (33.8) 
   West  5176.6 (15.2) 1789.9 (15.0) 4076.6 (15.3) 
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Table 3.2 Results from stacked interrupted time series fit to self-reported masking levels pre- and 
post-mask mandate in U.S. counties (n=555) across county characteristic and masking setting 
with masking defined as those very likely to mask 

Mask 
Wearing 
Setting 

County 
Characteristic Variable 

Mean Very 
Likely to 

Mask Pre-
Mandate (%)  

Mean Very 
Likely to 

Mask Post-
Mandate (%)  

Estimated Percentile 
Increase of 

Individuals Likely 
Masking Attributed 

to Mandate (95% CI) 
Grocery 

Store Prior Masking Lowest 50.2 67.0  8.0 ( -0.6–16.5) 

    Moderate 69.2 79.4  3.3 ( -1.6–8.2) 
    Highest 82.3 89.6  2.3 ( -0.6–5.1) 
            

  U.S. Census 
Region South 69.4 81.1  3.5 ( -1.1–8.0) 

    West 72.4 86.0  7.5 (  1.6–13.4) 
    Midwest 70.6 82.3  2.2 ( -2.6–7.0) 
    Northeast 84.7 87.8  1.3 ( -3.8–6.5) 
            
  Mandate Month July 74.7 84.1  3.1 (  0.1–6.1) 
    June 71.2 81.9  3.4 ( -1.5–8.4) 
            
  Urbanicity Metro 76.0 85.0  3.0 (  0.3–5.7) 
    Nonmetro 58.7 71.4  5.6 ( -9.0–20.3) 
    Micropolitan 60.5 75.9  7.0 ( -2.0–16.0) 

With 
Family and 

Friends 
Prior Masking Lowest 16.9 22.9  8.0 (  0.7–15.3) 

    Moderate 27.9 32.0  1.8 ( -3.0–6.6) 
    Highest 39.7 43.9 -1.0 ( -4.9–2.8) 
            

  U.S. Census 
Region South 34.1 39.7  4.4 ( -0.3– 9.1) 

    West 31.8 37.7  1.6 ( -5.0–8.2) 
    Midwest 29.4 35.5  0.3 ( -4.8–5.4) 
    Northeast 35.6 36.3 -4.0 (-10.8–2.7) 
            
  Mandate Month July 32.8 36.9  0.6 ( -2.8–3.9) 
    June 32.9 38.8  2.8 ( -2.3–7.9) 
            
  Urbanicity Metro 33.8 38.8  0.9 ( -2.1–4.0) 
    Nonmetro 28.5 29.0  4.2 ( -8.8–17.3) 
    Micropolitan 26.2 29.7  2.0 ( -6.4–10.3) 
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Table 3.3 Results from stacked interrupted time series sensitivity analysis fit to self-reported 
masking levels pre- and post-mask mandate in U.S. counties (n=555) across county characteristic 
and masking setting with masking defined as those very or somewhat likely to mask 

Mask 
Wearing 
Setting 

County 
Characteristic Variable 

Mean Very or 
Somewhat 
Likely to 

Mask Pre-
Mandate (%) 

Mean Very or 
Somewhat 

Likely to Mask 
Post-Mandate 

(%) 

Estimated Percentile 
Increase of 

Individuals Likely 
Masking Attributed 

to Mandate (95% 
CI) 

Grocery 
Store Prior Masking Lowest 69.2 82.1 4.2 ( -3.3–11.7) 

  Moderate 84.1 92 1.6 ( -1.7–4.9) 
  Highest 91.4 95.3 1.4 ( -0.7–3.6) 
      

 U.S. Census 
Region South 84.1 90.9 0.9 ( -2.5–4.3) 

  West 84.3 93.1 6.0 (  1.4–10.6) 
  Midwest 81.7 91.9 2.4 ( -1.6–6.3) 
  Northeast 92 95 1.8 ( -2.0–5.5) 
      
 Mandate Month June 84.3 91.3 4.6 (  0.8–8.5) 
  July 85.8 92.8 1.3 ( -1.0–3.6) 
      
 Urbanicity Metro 86.8 93.1 2.4 (  0.4–0.5) 
  Nonmetro 78.5 87.4 2.6 ( -9.4–14.6) 
  Micropolitan 76 87.9 2.1 ( -5.4– .6) 

With 
Family 

and 
Friends 

Prior Masking Lowest 35.9 39.4 -0.8 ( -8.6–7.0) 

  Moderate 49.5 55.7 1.7 ( -3.2–6.6) 
  Highest 63.8 67.4 -0.4 ( -4.4–3.5) 
      

 U.S. Census 
Region South 56.1 61.1 3.1 ( -1.7–8.0) 

  West 52.5 61 5.9 ( -1.1–13.0) 
  Midwest 52.2 57.8 -2.2 ( -7.6–3.2) 
  Northeast 55.7 57.9 -2.0 ( -9.0–4.9) 
      
 Mandate Month June 54.6 61 4.7 ( -0.6–10.1) 
  July 54.4 58.8 -0.4 ( -3.9–3.1) 
      
 Urbanicity Metro 55.7 61.1 1.1 ( -2.0–4.2) 
  Nonmetro 47.4 49.8 2.5 (-13.4–18.3) 
  Micropolitan 46.4 49.7 -0.5 ( -9.8–8.8) 
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Figure 3.1 Map of masking reports from U.S. counties that issued mask mandates preceding, 
concurrent with, or in the absence of respective state mandate 

 
 
U.S. respondents completed a web survey on their masking behavior between June 2, 2020 and 
January 1, 2021. Self-reports from the U.S. adults (n=34,106) who lived in U.S. counties (n=555) 
that issued mask mandates preceding, concurrent with, or in the absence of respective state 
mandates were included for analysis. Sixty-nine additional counties (brown) met the inclusion 
criteria for analysis but did not contribute masking self-reports in the 14 days pre- and/or post-
mandate issuance and were therefore excluded. County-level mandate information was extracted 
from the “Tracking Mask Mandates During the Covid-19 Pandemic” database.  
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Figure 3.2 Self-reported masking in public and private settings pre- and post-mask mandate 

 
 
U.S. respondents completed a web survey on their masking behavior between June 2, 2020 and 
January 1, 2021. Self-reports from the U.S. adults (n=34,106) who lived in U.S. counties (n=555) 
that issued mask mandates preceding, concurrent with, or in the absence of respective state 
mandates were included for analysis. Individuals were considered masked if they reported they 
were very likely to wear a mask “while grocery shopping” (masking in public settings) or “while 
visiting with family or friends in their homes” (masking in private settings). Stacked interrupted 
time series models were fit to self-reported masking (blue). Masking levels in the absence of a 
mandate (orange) were predicted from the models.  
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Figure 3.3 Self-reported masking in public and private settings pre- and post-mask mandate by 
county tertile of reported pre-mandate masking 

 

 
 
U.S. respondents completed a web survey on their masking behavior between June 2, 2020 and 
January 1, 2021. Self-reports from the U.S. adults (n=34,106) who lived in U.S. counties (n=555) 
that issued mask mandates preceding, concurrent with, or in the absence of respective state 
mandates were included for analysis. Individuals were considered masked if they reported they 
were very likely to wear a mask “while grocery shopping” (masking in public settings) or “while 
visiting with family or friends in their homes” (masking in private settings). Separate stacked 
interrupted time series models were fit to self-reported masking (blue) for counties based on the 
tertile of reported pre-mandate masking levels. Masking levels in the absence of a mandate 
(orange) were predicted from the models. When computing the confidence intervals three upper 
bound estimates exceeded 1. These estimates were adjusted to 1 to reflect valid probabilities. 
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4. AT-HOME COVID-19 TESTING EQUITY IN THE UNITED STATES 

4.1 INTRODUCTION 

In response to the COVID-19 pandemic, United States (U.S.) federal and local 

jurisdictions have implemented epidemiologic surveillance programs aimed at 

quantifying the disease's burden, many of which rely on systematic reporting of 

confirmed COVID-19 infections1,2. Nucleic Acid Amplification Tests (NAATs) such as 

polymerase chain reaction tests, the gold standard for diagnosing SARS-CoV-2 infection, 

were adopted at the start of the pandemic and form the foundation of traditional COVID-

19 case surveillance3. Following the initial waves of disease transmission, at-home 

COVID-19 rapid antigen tests (at-home COVID-19 tests), which provided several 

advantages over NAATs, were developed and made available to the U.S. public4,5. 

NAAT testing can be resource-intensive and access throughout the pandemic has 

not been equally distributed among all individuals in the U.S. Disparities in access to 

NAATs have been well documented and tend to favor more affluent, insured, and white 

populations6,7. Heterogeneous access to NAATs has also had substantial impacts on U.S. 

communities' ability to track disease transmission and on the validity of epidemiological 

parameter estimates such as prevalent and incident case counts which often rely on case 

definitions including a positive NAAT8,9. On the other hand, at-home tests are typically 

cheaper, more convenient, and more accessible than NAATs as they can be ordered 

online and shipped directly to the home, eliminating the common requirement that 

individuals physically visit a NAAT testing site, and potentially lowering the disease 

severity threshold for undertaking testing. This is particularly beneficial for individuals 
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who live in areas with limited geographic access to testing, individuals who may not have 

the flexibility in their schedule or economic resources required to travel for NAAT 

testing, or when a variant may cause mild symptoms in some and more severe in others6. 

Previous research has shown that, despite these advantages and rapid U.S. adoption of at-

home tests, usage patterns exhibit some of the same disparities seen in NAAT 

utilization10. At-home test utilization has been shown to be lower among persons who 

self-identify as Black, are aged ≥75 years, have lower incomes, are more likely to be 

uninsured, and have lower education levels. 

To address the ongoing need for COVID-19 testing and give the public easy 

access to tools that facilitate self-management of exposure and infection, the federal 

government launched Covidtests.gov in January 2022. The program provides free at-

home COVID-19 tests that could be ordered online and sent directly to people’s homes 

via the United States Postal Service11,12. A key goal of the program was to help mitigate 

at-home COVID-19 test access barriers and it included several measures designed to 

increase equity, such as prioritizing delivery to communities that had experienced a 

disproportionate share of COVID-19 cases and offering bilingual telephone ordering 

assistance11. According to the White House, Covidtests.gov shipped hundreds of millions 

of tests to greater than two-thirds of U.S. households over the course of the program13. 

Despite the clear logistic success of Covidtests.gov at delivering tests across the U.S., 

there has been no systematic evaluation of whether the stated equity goals were achieved 

during this ambitious initiative. Covidtests.gov was suspended in mid-2022 and then 

reinstated in December of the same year14,15.The purpose of this study is to use the 
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implementation, suspension, and reinstatement of the federal government's COVID-19 at-

home testing program to evaluate changes in overall patterns of test utilization and 

whether equity of at-home test utilization was measurably different during periods of 

Covidtests.gov operation. 

In a 2021 study, researchers at Washington University in St. Louis, discovered 

evidence of racial inequity in the distribution of COVID-19 NAAT tests across Missouri 

counties16. The study revealed notable disparities in test usage and COVID-19 burden 

among various racial groups, showing that the likelihood of receiving a COVID-19 test 

was not proportionate to the risk of hospitalization across all races. To explore this issue, 

the researchers used the Gini coefficient, a common economic metric for assessing 

income inequality, and adapted it to examine the equitable distribution of COVID-19 

tests. This research focused on the relationship between NAAT test allocation and 

COVID-19 impact measurements at the county level, using hospitalizations as the 

primary indicator of COVID-19 burden, yet those with NAAT-generated test results and 

hospitalizations represent only a fraction of all COVID-19 infections. 

In the current study, we sought to evaluate testing equity for at-home tests among 

those with a clear symptomatic indication for testing – that is, Covid-like illness. We 

adopted a similar methodology as Mody et al., levering economic distribution metrics to 

evaluate COVID-19 test equity. However, we made three key innovations to improve 

estimates and mitigate aggregation bias: 1) measuring at-home tests instead of NAATs, 

2) examining testing at the individual, not county, level, and 3) broadening the COVID-

19 burden definition to include the risk of experiencing any Covid-like illness. We 
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generated two measures to examine at-home test distribution equity in the U.S. between 

September 13, 2021, to March 4, 2023, one overall (the Gini coefficient) and one 

longitudinal (Theil’s T). The Gini coefficient was used to quantify the proportionality of 

at-home test utilization to COVID-19 burden over the entire study period. Theil’s T, a 

measure of multigroup entropy (i.e., randomness/disorder in the testing proportion across 

multiple subgroups), was calculated weekly to track the changes in test utilization equity 

over time. Both measures were calculated to assess proportionality in test utilization 

compared to Covid-like illness and general population share, as well as across multiple 

demographic categories including race/ethnicity, age, geography, and household income. 

Further, we used a regression model with autoregressive integrated moving average 

(ARIMA) errors to assess if Covidtests.gov was associated with Theil’s T for any of 

these demographic strata during its period of distribution. 

 

4.2 MATERIALS AND METHODS 

4.2.1 Cross-Sectional Health Survey Data 

We utilized digital health survey data from the OutbreaksNearMe-SurveyMonkey 

Survey approved by the Boston Children’s Hospital Institutional Review Board 

(P00023700). The survey is a retrospective and ongoing, geographically nationally 

representative, cross-sectional online survey developed by Boston Children’s Hospital 

researchers and administered through the SurveyMonkey platform since September 2020. 

The survey collects data on demographics, respiratory illness symptoms, and health 

practices. The survey is continuously administered and collects responses from over 
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5,000 participants across the United States every week. To achieve demographic diversity 

in respondents, the survey utilizes river sampling, a non-probability technique that 

recruits participants to the survey when they are finished engaging in other online 

activities. The sampling frame encompasses all U.S. adults already on the SurveyMonkey 

platform, which are then recruited to the OutbreaksNearMe-SurveyMonkey Survey, 

yielding a diverse sample due to the wide array of SurveyMonkey users. Additionally, 

inverse probability weights derived from 2019 U.S. Census demographics (age, race, sex, 

education, and geography) are applied to generalize the survey to the broader U.S. This 

weighting scheme generates a pseudo-population, henceforth referred to as the sample 

population. The survey has been previously used by the Centers for Disease Control and 

Prevention (CDC) to measure disparities in at-home COVID-19 test usage across 

demographic subgroups and its sample population has been shown to approximate the 

demographics of the U.S.10. The study period includes September 13, 2021, to March 4, 

2023.  

4.2.2 Survey Covariates and Variable Definitions 

Self-reported demographic measures included age (18–99 years old), 

race/ethnicity, annual household income ($/yr), education, and state of current residence 

(mapped to U.S. Census Division). Respondents (n=53,478) who did not complete 

answers to age, race, education, and geographic residence questions, which were 

necessary to generate inverse probability weights, and household income, a key 

demographic of interest, were excluded from this study. Respondents were also asked 

how they were feeling and to report individual medical symptoms from a pre-populated 
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list. Covid-like illness was defined as those reporting symptoms consistent with the 

CDC’s broad syndromic surveillance definition10 (one of [loss of taste/smell, cough, 

gasping for air, shortness of breath] and/or two or more of [fever, chills, aches, headache, 

sore throat, nausea, vomiting, diarrhea, fatigue, running nose]). The outcome of interest 

was self-reported utilization of at-home COVID-19 tests. Respondents were asked if they 

tested for COVID-19 in the preceding 30 days, and, if yes, the type of test used (e.g., at-

home, PCR, etc.). 

4.2.3 Federal COVID Test Dissemination Policy Exposure Periods 

The exposure of interest was periods of time when Covidtest.gov was operational 

and distributing at-home COVID-19 tests. The program opened January 18, 2022 and 

was ongoing as of March 4, 2023. The program was temporarily suspended from 

September 2, 2022 to December 15, 2022. Periods of government test dissemination were 

defined by five days after each initial ordering period from covidtest.gov opened and 35 

days after each one closed. The five-day lag represents the time from ordering to 

receiving tests and the 35 days represents that lag in addition to a 30-day period of 

expected utilization. This rule was applied for each period Covidtests.gov was open. 

4.2.4 Overall Measure of Equity in At-Home Test Utilization 

Equity in COVID-19 at-home test utilization across demographic subgroups was 

estimated over the study period (September 13, 2021, to March 4, 2023) using the Gini 

coefficient as a static measure of resource distribution. First, a Lorenz Curve was 

generated to visualize the distribution of at-home test usage across demographic 
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subgroups, including annual household income, geography, age, and race. The Lorenz 

Curve is a graphical representation of resource distribution that plots the cumulative 

proportion of a variable (in this case, population with Covid-like illness) against the 

cumulative proportion of resource usage (here, at-home test). Each point on the plot 

represents these numerical values for each demographic subgroup. The diagonal line of 

equality represents equity (i.e., proportional share of utilization matching proportional 

burden), while the difference between the Lorenz Curve and the line of equality 

graphically illustrates a departure from equitable distribution. 

The Gini coefficient is a summary statistic to estimate inequity of resource 

distribution across all population strata from the Lorenz Curve17. It is commonly used in 

economics to evaluate the distribution of income in a population but can be adapted to 

study the distribution of any resource. The Gini coefficient is calculated as the area 

between Lorenz Curve and line of equality over the total area under line of equality. 

For each demographic, the Gini coefficient measures if observed within-stratum 

at-home COVID-19 test utilization differs from the utilization expected based on 

symptom-based need16,18. A Gini coefficient of 0 represents numeric equity and suggests 

that utilization of at-home tests was proportionate to population burden. A Gini 

coefficient of 1 represents a single group utilizing all tests. For reference, the Gini 

coefficient in 2021 for income in the United States was approximately 0.4919. While the 

Gini coefficient does not specify where within a distribution inequality exists, a 

coefficient of 0.49 might equate to 50% of the population having only 1% of the income.   

The Gini coefficient calculation assumes that we would expect all individuals 



	

	

65 

reporting Covid-like illness symptoms to equally test for COVID-19. The basis for this 

assumption is that any person who met CDC criteria for Covid-like illness was indicated 

for testing20. Additionally, successful approaches for disease mitigation should focus on 

testing not only the most severe cases at risk of hospitalization but any cases that may 

contribute to continued disease spread or benefit from intervention.16 

4.2.5 Longitudinal Measure of Equity in At-Home Test Utilization 

Theil’s T is a multigroup entropy measure of resource inequities21,22 here 

employed to quantify if at-home COVID-19 test utilization within each stratum was 

proportional to COVID-19 burden over time.  In contrast to the Gini coefficient, Theil’s 

T is a summary statistic that can only be used to compare each demographic to itself over 

time (e.g., at-home testing proportional to income in September compared to October), 

and not across groups (e.g., at-home testing balanced on income vs. race). The study 

sample was split by each demographic separately and then Theil’s T was calculated (e.g., 

the sample was split according to income, and then Theil’s T was calculated for income). 

Theil’s T at time 𝑇 under condition 𝑐 is defined as: 

 

𝑇B,C =
%
*)
	∑ 	*)
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where 𝑥" is at-home test usage of group 𝑖 (e.g., at-home test usage among individuals 

with household incomes ≤$49,999), 𝑥̅ is the population mean at-home test usage, and 𝑛C 

is the sample size under condition 𝑐. Theil’s T was calculated for each demographic 

group under two conditions, once with 𝑛C as the entire study population and once limited 
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to those reporting Covid-like illness.  

Theil’s T is bounded by 0 (perfect equity) and ∞ and heavily positively skewed, 

so the central tendency and variance is reported with the geometric mean and geometric 

standard deviation. Spearman correlations were also performed between Theil’s T 

metrics and Covid-like illness to evaluate if there was a correlation between increased 

disparities and increased population COVID-19 burden. 

4.2.6 Simulation of System Level Entropy 

In this study, we used a simulation approach to understand the potential noise in 

the Gini coefficient and Theil's T that could naturally arise from a dataset that includes 

both randomness and week-to-week fluctuations in sample size, the number of people 

reporting COVID-19 at-home testing, and Covid-like illness (e.g., we would expect 

increased entropy when the survey sample drops). Along with self-reported 

demographics, each individual in the dataset was also randomly assigned membership to 

one of seven groups: A, B, C, D, E, F, or G. The Gini coefficient and Theil’s T were 

calculated for this random group membership. High magnitudes and fluctuations in the 

Gini coefficient and/or Theil’s T calculated across random group membership would 

suggest additional caution is necessary in interpreting high magnitudes and fluctuations 

in the Gini coefficient and/or Theil’s T calculated across demographic variables (i.e., it 

would suggest the metrics are inflated due to randomness and system-wide noise). 
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4.2.7 Regression Analysis 

We computed an interrupted time series regression with autoregressive integrated 

moving average (ARIMA) errors to test if periods when Covidtests.gov was operational 

were associated with changes in Theil’s T for each demographic category23. A binary step 

function (1 when Covidtests.gov was operating per 30-day rule outlined above, and 0 

when program was not operational) was included in the model: 

 

𝐿𝑜𝑔(𝑇ℎ𝑒𝑖𝑙F𝑠	𝑇()

= 	𝛽0 + 𝛽% ∙ 𝐶𝑜𝑣𝑖𝑑𝑡𝑒𝑠𝑡𝑠. 𝑔𝑜𝑣	𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙(

+ 𝛽1 ∙ 	𝑈𝑆𝐴	𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	𝑜𝑓	𝐶𝑂𝑉𝐼𝐷	𝑙𝑖𝑘𝑒	𝑖𝑙𝑙𝑛𝑒𝑠𝑠(	 + 𝜖( ,	

 

where 𝜖( is an ARIMA (𝑝, 𝑑, 𝑞) error fit using the auto.arima (forecast package) function 

in R. This approach assumes that the effect on Theil’s T during the two distinct phases of 

Covidtests.gov operation is equivalent. Additionally, it is only designed to measure 

equity through the lens of test utilization proportional to burden — and does not account 

for the possibility that improved at-home test supply improved utilization across all 

demographics. Higher test utilization among groups with previously low utilization may 

have public health benefit, but if subgroup differences remain, than inequity also remains. 

4.2.8 Peak Demand Analysis 

To measure at-home test utilization equity during periods of high COVID-19 

burden, when presumably demand for at-home tests was at the highest, we performed a 

comparative analysis during weeks in the highest 20th percentile of reported Covid-like 
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illness across the entire population (weeks of peak illness). Theil’s T during weeks of 

peak illness was compared across Covidtest.gov operational status using a Mann-

Whitney U test. 

 

4.3 RESULTS 

4.3.1 Study Respondents 

From September 13, 2021, to March 4, 2023, 795,722 respondents completed the 

survey (Table 4.1), of which 53,478 (6.7%) were excluded for not completing 

demographic questions (study N/pseudopopulation: 742,244). The final study population 

was 50.7% female, 47.7% male, and 1.5% transgender or non-binary compared to the 

2019 U.S. American Community Survey which estimates the U.S. population as binary, 

at 50.8% female, 49.2% male24. Our lowest (<$30,000) and highest (≥$150,000) yearly 

household income values were 27.1% and 13.1% of our population compared to 23.6% 

and 14.4% respectively estimated by the U.S. Census. Excluded participants that reported 

at least one piece of demographic information were more likely to be female (56.6% 

compared to 50.7%), have earned a high school degree or less (39.3% compared to 

38.3%), and have a higher mean age (51.4 compared to 47.0) than the study population. 

Excluded participants were also slightly less likely to report at-home test usage (7.0% 

compared to 7.6%). 
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4.3.2 Covid-like Illness in the Study Sample 

Across the entire study period, 4.8% (95% CI: 4.7–4.9) of responses reported 

experiencing acute symptoms consistent with Covid-like illness. The median (IQR) 

monthly percentage of people reporting Covid-like illness was 4.6% (4.1%–5.2%) with 

the highest percentage (7.7%) be reported in January 2022 and the lowest (3.2%) in 

March 2023. 

4.3.3 At-Home Test Usage 

Across the entire study period, 7.6% (95% CI: 7.5–7.7) of individuals in the study 

population and 24.4% (95% CI: 23.8–25.0) of individuals with Covid-like illness 

reported utilization of an at-home test. During the periods when Covidtests.org was 

active, 32.2% (95% CI: 31.4–33.0) of individuals with Covid-like illness reported at-

home tests compared to 15.2% (95% CI: 14.5–16.0) when the program was not active. 

Higher utilization of at-home tests during periods of Covidtests.org operation was seen 

across all demographic groups analyzed. 

4.3.4 Disparities in At-Home Test Usage 

During the study period, there were disparities in at-home COVID-19 test usage 

across household income, age, race, and geography both when comparing test use to 

overall U.S. population share and COVID-19 burden. Individuals in households with 

incomes ≤$30,000, individuals aged 18–29 years, Black individuals, and individuals 

living in the South Atlantic, had the lowest reported testing relative to their U.S. 

population share. Individuals from households with incomes ≤$30,000 made up 18.4% of 
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those reporting at-home test utilization, but 33.0% of the total population and 27.0% of 

those reporting symptoms consistent with Covid-like illness. Individuals aged 18–29 

made up 17.1% of those reporting at-home test utilization, but 19.8% of the total 

population and 16.6% of those reporting symptoms consistent with Covid-like illness. 

Black individuals made up 8.5% of those reporting at-home test utilization, but 13.3% of 

the total population and 6.9% of those reporting symptoms consistent with Covid-like 

illness. Individuals living in the South Atlantic made up 16.2% of those reporting at-

home test utilization, but 19.2% of the total population and 17.0% of those reporting 

symptoms consistent with Covid-like illness.  

For all demographics measures, the Gini coefficient was greater than zero, 

indicating that the at-home test utilization was not perfectly equitable (Figures 4.1–4.2). 

With values further from zero and closer to one indicating higher levels of inequity, we 

found Gini coefficients of 0.22 and 0.12 for income and geography, respectively, and 

0.03 for age and race. There are many different population distributions that could lead to 

these numbers; however, in a simple example, a Gini coefficient of 0.22 could mean that 

50% of people utilized 72% of tests or 28% of people utilized 50% of tests, while a Gini 

coefficient of 0.03 could mean that 50% of people utilized 53% of tests or 47% of people 

utilized 50% of tests. A Gini coefficient of ≤0.01 (i.e., near equity) was computed for the 

random 7-option variable meant to proxy the appearance of disparities due to system-

level noise, suggesting the indicated demographic disparities were larger than those 

measured from random variation alone. 
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4.3.5 Disparities in At-Home Test Usage Over Time 

Disparities in at-home COVID-19 testing across household income, age, and race 

also varied with time (Figure 4.3). Theil’s T comparing the expected utilization of at-

home testing based on observed Covid-like illness burden varied for household income 

(geometric mean: 1.94 and [geometric standard deviation: 1.78], age (0.49 [GSD: 2.30]), 

race (6.68 [GSD: 3.72]), and geography (2.79 [GSD:2.24]). Theil’s T comparing the 

expected utilization of at-home testing based on population share also varied for 

household income (0.07 [GSD: 1.89], age (0.02 [GSD: 1.95]), race (0.08 [GSD: 2.02]), 

and geography (0.13 [GSD:2.57])(Figure 4.4).  

Spearman correlations were performed to evaluate the correlation of Theil’s T 

with the measured disparities and population Covid-like illness (i.e., were disparities 

higher when COVID-19 was circulating). Overall, there were moderate correlations 

between Theil’s T and Covid-like illness for household income (spearman’s ρ: 0.50), race 

(spearman’s ρ: 0.50), and geography (spearman’s ρ: 0.38), and a small correlation for age 

(spearman’s ρ: 0.14), when measuring Theil’s T as expected utilization of at-home testing 

proportional to population share. There are no meaningful (i.e, spearman’s ρ < 0.01) 

correlations between Theil’s T and Covid-like illness when measuring Theil’s T 

comparing expected utilization of at-home testing proportional to Covid-like illness 

burden (i.e., we did not find increased disparities measuring whether at-home tests were 

equitably utilized among people with Covid-like illness, during periods of high Covid-

like illness) except by geography (spearman’s ρ: 0.23). 
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4.3.6 Estimating Impact of Policy on At-Home Test Usage Disparities 

An interrupted time series regression model found an association between Theil’s 

T and the periods that Covidtests.gov was operational (Figures 4.5–4.8) when measuring 

whether at-home tests utilization was proportional to Covid-like illness burden (Table 

4.2) across race, household income, and geography. These regression results suggest that 

disparities measured via Theil’s T was 53% (95%CI: 6%–121%) higher for household 

income, 214% (95%CI: 86%–429%) higher for race, and 90% (95%CI: 23%–193%) 

higher for geography during Covidtest.gov dissemination periods. Said differently, this 

finding indicates lower levels of racial, income, and geographic equity in at-home testing 

utilization during periods when Covidtest.gov was operational versus periods when it was 

not. Further, there was no association between Theil’s T when measuring equity in 

random group membership and Covidtest.gov periods, suggesting the indicated 

associations between race, income, and geographic disparities and Covidtests.gov were 

larger than associations that we might expect from random group assignment alone. 

4.3.7 Estimating Impact of Policy During Weeks of Peak Illness 

Sixteen weeks comprised the top 20th percentile of COVID-19 burden during the 

study period. Five of these weeks occurred during periods of Covidtest.gov operation and 

11 occurred outside the program’s operation. The distribution of Theil’s T for income, 

race, age, geographic, and random group membership was compared across the two 

periods (Figures 4.9–4.13). During periods of Covidtest.gov operation compared to 

periods when it was not operating, the median [interquartile range] of Theil’s T was 

higher for income (2.3 [2.1–2.5] compared to 1.2 [0.9–2.7]), race (8.7 [6.2–10.2] 
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compared to 4.9 [2.0–9.4]), and geography (4.7 [3.8–5.5] compared to 3.6 [1.6–6.3]). 

Theil’s T was lower during periods of operation compared to periods of non-operation for 

age (0.3 [0.2–0.4] compared to 0.5 [0.4–0.8]) and random group membership (0.4 [0.4–

0.4] compared to 0.5 [0.2–0.5]). None of these differences were statistically significant 

when comparing the distributions using a Mann-Whitney U test. 

 

4.4 DISCUSSION 

Using a nationally representative digital health survey and two measures of 

equitable resource distribution, we quantify disparities in access to at-home testing across 

household income, age, and race/ethnic demographic groups. Importantly, we show that 

income and race-based disparities in at-home test utilization were heightened during 

periods when the Covidtest.gov scheme was active. 

In general, we found disparities in at-home testing across household income, age, 

and race both when comparing expected test utilization based on overall population share 

and share of COVID-19 burden. While disparities in at-home testing were evident across 

the study period and the implementation of the Covidtests.gov program led to an increase 

in some of these disparities, it is worth noting that overall testing rates were higher during 

the program's active periods for all demographic groups. This finding suggests that 

although the Covidtests.gov program was successful in its goal of increasing testing, the 

benefits were not distributed equally for everyone in the U.S. 

The largest inequities in at-home testing occurred across household income, with 

respondents from more wealthy households disproportionately reporting at-home testing 
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with Covid-like illness and in general. When measuring inequities in at-home testing 

across race, we find that Black individuals were disproportionately more likely to test 

with Covid-like illness but disproportionately less likely to test in general. This pattern 

suggests that among some demographic groups, at-home testing may be favored as a 

diagnostic tool, while among others it may be favored when not indicated by symptoms 

alone (e.g., prior to an event or post-exposure). 

Disparities in testing by age were smaller than those by geography and income. 

The relationship between age and testing was not monotonically associated with 

increased COVID-19 risk profiles (i.e., older individuals were not substantially more 

likely to test than younger ones) and was not shown to increase with broad population 

Covid-like illness. This pattern provides further evidence that individuals are not just 

using at-home COVID-19 tests to evaluate symptoms or as indication for treatment, as 

we would then expect to see an increase in age-related testing disparities during COVID-

19 waves given the strong association between age and symptoms/necessity for 

treatment25,26. Alternatively, older individuals may tend to proceed with other means of 

Covid-like illness evaluation, such as NAAT or hospitalization. 

We find a correlation between Covid-like illness and Theil’s T measuring race- 

and income- based disparities, suggesting that there are greater inequities in at-home test 

use during periods of increased need for testing. An analysis of weeks when COVID-19 

burden was high suggests that, while test distribution increased across all groups, this 

problem of inequitable distribution was mildly exacerbated during periods of 

Covidtests.gov operation. Interestingly, the identified increase in inequity during periods 
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of increased need only exists when measuring expected at-home test utilization based on 

population share, and not expected based on Covid-like illness burden. Through the lens 

of income disparities, this indicates that when Covid-like illness increases, individuals in 

wealthier households utilize a disproportionately larger share of at-home tests for reasons 

other than them having a higher burden of COVID illness. This data does not indicate 

whether this is a function of wealthy individuals having a lower barrier for use of a test 

(i.e., more likely to test when with mild symptoms), differences in diagnostic vs. 

alternative use as previously noted, or easier access to home testing during periods of 

scarcity. 

The dataset and analyses employed have several limitations. At-home tests can be 

stored for later use, and at-home testing is retrospectively reported over a 30-day period. 

The period in late 2022 where Covidtest.gov was dormant was only 104 days, and 

individuals likely used tests from the program during that time. We mitigated this 

concern by utilizing a 30-day delay period in our models; however, if Covidtests.gov 

truly increased inequities, we likely underestimated it due to misclassification of 

individuals using government provided tests during times they were not actively 

disseminated. Additionally, our survey measured at-home test use as a binary (i.e., did 

test vs did not test), and did not query the number of tests used nor whether individuals 

sought other evaluation. If some individuals were more likely to use at-home tests, it is 

likely that the same individuals used more than one test (especially if they used them for 

prophylactic exposures which are likely to occur more than once) and that the inequities 

we report here are underestimations. Lastly, our test utilized self-reports of demographic 
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exposure and disease outcome data which may lead to misclassification; however, the 

survey instrument was designed as anonymous to mitigate this issue. Additionally, the 

use of a web survey is likely susceptible to selection bias in who initiates and who 

completes the questionnaire, which may bias our results in either direction. The survey 

sample also underrepresents individuals without access to the internet; however, this also 

likely positions it as an appropriate sample for evaluating Covidtests.gov — an internet-

based program. 

4.4.1 Conclusion 

Our findings suggest that, while increasing at-home testing rates across all 

demographic groups, the introduction of a government program to freely disseminate at-

home tests may have led to larger income-, racial-, and geographic-based at-home testing 

disparities. Purposeful design of an equity-driven public health policy is not enough to 

ensure equity goals are met. Continued efforts to ensure equitable access to COVID-19 

testing are needed. 
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4.5 TABLES AND FIGURES 

Table 4.1 Description of the weighted study sample (pseudopopulation) overall and among those 
with Covid-like illness 

Characteristic Survey Pseudopopulation, 
N (%) 

Survey Pseudopopulation 
With Covid-like Illness, N 
(%) 

Race   
   American Indian or Alaska Native 5861.1 ( 0.8) 308.4 ( 0.9) 
   Asian 39187.6 ( 5.3) 1211.0 ( 3.4) 
   Black or African American 99156.7 (13.3) 2437.8 ( 6.9) 
   Hispanic or Latino/a 106742.2 (14.3) 3979.6 (11.2) 
   Native Hawaiian or Pacific Islander 3640.1 ( 0.5) 144.4 ( 0.4) 
   White 468735.5 (62.9) 26322.5 (74.2) 
   Multi-Racial 7728.6 ( 1.0) 418.4 ( 1.2) 
   Single Other Race 13842.0 ( 1.9) 652.7 ( 1.8) 
Gender   
   Female 378015.4 (50.7) 22345.0 (63.0) 
   Male 355541.5 (47.7) 11733.7 (33.1) 
   Transgender or Nonbinary 11336.9 ( 1.5) 1396.2 ( 3.9) 
Education   
   High School or Less 285290.1 (38.3) 11708.9 (33.0) 
   Some College 232126.8 (31.2) 12059.6 (34.0) 
   College or More 143605.7 (19.3) 7247.0 (20.4) 
   Post Graduate Degree 83871.3 (11.3) 4459.4 (12.6) 
Age   
   18–29 years 147345.9 (19.8) 5873.4 (16.6) 
   30–39 years 134062.9 (18.0) 6970.7 (19.6) 
   40–49 years 123364.5 (16.6) 6470.4 (18.2) 
   50–64 years 193639.5 (26.0) 9644.2 (27.2) 
   65–74 years 108329.3 (14.5) 4775.8 (13.5) 
   75+ years 38151.8 ( 5.1) 1740.4 ( 4.9) 
Household Income   
   Less than $30,000 201757.4 (27.1) 11708.1 (33.0) 
   $30,000–49,999 125855.2 (16.9) 5585.4 (15.7) 
   $50,000–$74,999 122737.0 (16.5) 5264.1 (14.8) 
   75,000–$99,999 92056.2 (12.4) 3880.4 (10.9) 
   $100,000–$149,999 105122.1 (14.1) 4720.0 (13.3) 
   $150,000 and Over 97366.0 (13.1) 4317.0 (12.2) 
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U.S. Census Division   
   New England 36222.0 ( 4.9) 2062.2 ( 5.8) 
   Middle Atlantic 98026.0 (13.2) 4155.6 (11.7) 
   East North Central 98845.3 (13.3) 5052.1 (14.2) 
   West North Central 55190.5 ( 7.4) 2982.1 ( 8.4) 
   East South Central 42527.0 ( 5.7) 2305.2 ( 6.5) 
   West South Central 98869.5 (13.3) 4442.4 (12.5) 
   South Atlantic 143142.2 (19.2) 6021.1 (17.0) 
   Pacific 110455.0 (14.8) 5282.3 (14.9) 
   Mountain 61616.4 ( 8.3) 3171.9 ( 8.9) 
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Table 4.2 Results from a regression model with autoregressive integrated moving average 
(ARIMA) errors to assess the association between Covidtests.gov operational periods in the 
United States and equitable utilization of at-home COVID-19 tests measured via Theil’s T 

 Estimated effect of Covidtests.gov on Theil's T measuring 
at-home COVID-19 testing proportional to: 

Theil's T Measured Across: Covid-like illness Burden Population Share 
Household Income 1.53 (1.06–2.21) 1.24 (0.85–1.83) 

Age 1.12 (0.79–1.58) 1.16 (0.79–1.69) 
Race 3.14 (1.86–5.29) 1.18 (0.88–1.57) 

U.S. Census Division 1.9 (1.23–2.93) 0.86 (0.46–1.59) 
Random Grouping 1.17 (0.78–1.76) 1.01 (0.69–1.47) 
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Figure 4.1 Lorenz curves measuring the proportionality between self-reported at-home COVID-19 test utilization and COVID-19 burden 
in the United States across income, race, age, and geography 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 test and acute experiences of medical symptoms via an online 
survey. Cumulative at-home testing is plotted against the cumulative burden of medical symptoms consistent with COVID-19 (Covid-like illness 
[Covid-like illness]) by population substrata in four separate Lorenz curves. Note, legend values are presented in alphanumeric order, while 
points are plotted from left to right by order of least amount of observed test utilization compared to expected. Diagonal line in each plot 
represents proportional equity between at-home testing and COVID-19 burden. Increasing convexity of curves suggests increasing departures 
from proportional equity. Gini coefficients are calculated as the orange area (expected – observed) divided by the sum of the orange and blue 
areas (expected). Gini coefficients were calculated for income (0.22), geography (0.12), age (0.03) and race (0.03).  
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Figure 4.2 Lorenz curves measuring the proportionality between self-reported at-home COVID-19 utilization and population share in the 
United States across income, race, age, and geography 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 test. Cumulative at-home testing is plotted against the 
cumulative proportion of the survey sample population by substrata in four separate Lorenz curves. Note, legend values are presented in 
alphanumeric order, while points are plotted from left to right by order of least amount of observed test utilization compared to expected. 
Diagonal line in each plot represents proportional equity between at-home testing and population share. Increasing convexity of curves suggests 
increasing departures from proportional equity. Gini coefficients are calculated as the orange area divided by the sum of the orange and blue 
areas. Gini coefficients were calculated for income (0.17), geography (0.10), age (0.04) and race (0.10).  
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Figure 4.3 Self-reports of at-home COVID-19 testing measured via web survey by demographic subgroup in the United States, September 
13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 test by self-reported demographic between September 
12, 2021 and February 26, 2023. Gray shading represents periods when Covidtests.gov was operational. 
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Figure 4.4 Theil’s T quantification of at-home COVID testing equity over time by demographic 
group in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) was 
measured by Theil’s T. Higher values of Theil’s T represent more entropy (i.e., less 
proportionality in testing) among the strata of each subgroup. A 0 value of Theil’s T would 
suggest all strata (e.g., people living in every census division) tested for COVID-19 exactly 
proportional to their COVID-19 burden. Gray shading represents periods when Covidtests.gov 
was operational. 
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Figure 4.5 Observed and predicted income equity in at-home COVID-19 test utilization by 
Covidtest.gov operational status in the United States, September 13, 2021, to March 4, 2023  

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) was 
measured by Theil’s T across income. A regression model with autoregressive integrated moving 
average (ARIMA) errors and a binary indicator for dates when Covidtests.gov was operational 
(including a lag to allow for shipping and use) was fit to the log of Theil’s T. Plot displays actual 
data (light orange), regression fitted data (dark orange), and the regression predicted Theil’s T if 
Covidtests.gov was not in operation. Gray shading represents periods when Covidtests.gov was 
operational.  
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Figure 4.6 Observed and predicted racial equity in at-home COVID-19 test utilization by 
Covidtest.gov operational status in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
race was measured by Theil’s T. A regression model with autoregressive integrated moving 
average (ARIMA) errors and a binary indicator for dates when Covidtests.gov was operational 
(including a lag to allow for shipping and use) was fit to the log of Theil’s T. Plot displays actual 
data (light orange), regression fitted data (dark orange), and the regression predicted Theil’s T if 
Covidtests.gov was not in operation. Gray shading represents periods when Covidtests.gov was 
operational. 
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Figure 4.7 Observed and predicted age equity in at-home COVID-19 test utilization by 
Covidtest.gov operational status in the United States, September 13, 2021, to March 4, 2023  

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
age was measured by Theil’s T. A regression model with autoregressive integrated moving 
average (ARIMA) errors and a binary indicator for dates when Covidtests.gov was operational 
(including a lag to allow for shipping and use) was fit to the log of Theil’s T. Plot displays actual 
data (light orange), regression fitted data (dark orange), and the regression predicted Theil’s T if 
Covidtests.gov was not in operation. Gray shading represents periods when Covidtests.gov was 
operational. 
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Figure 4.8 Observed and predicted geographic equity in at-home COVID-19 test utilization by 
Covidtest.gov operational status in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
U.S. Census division was measured by Theil’s T. A regression model with autoregressive 
integrated moving average (ARIMA) errors and a binary indicator for dates when Covidtests.gov 
was operational (including a lag to allow for shipping and use) was fit to the log of Theil’s T. Plot 
displays actual data (light orange), regression fitted data (dark orange), and the regression 
predicted Theil’s T if Covidtests.gov was not in operation. Gray shading represents periods when 
Covidtests.gov was operational.  
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Figure 4.9 At-home test utilization income equity during periods of peak COVID-19 burden by 
operational status of Covidtests.gov in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
household income was measured by Theil’s T. Sixteen of the weeks of the study period were 
identified (top 20th percentile) as weeks of peak COVID-19 burden. Distribution of Theil’s T 
during the five of these weeks occurring during periods of Covidtest.gov operation were 
compared to the 11 that occurred outside programs operation. Higher Theil’s T value suggests 
reduced equity.  
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Figure 4.10 At-home test utilization racial equity during periods of peak COVID-19 burden by 
operational status of Covidtests.gov in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
race was measured by Theil’s T. Sixteen of the weeks of the study period were identified (top 
20th percentile) as weeks of peak COVID-19 burden. Distribution of Theil’s T during the five of 
these weeks occurring during periods of Covidtest.gov operation were compared to the 11 that 
occurred outside programs operation. Higher Theil’s T value suggests reduced equity.  
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Figure 4.11 At-home test utilization age equity during periods of peak COVID-19 burden by 
operational status of Covidtests.gov in the United States, September 13, 2021, to March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
age was measured by Theil’s T. Sixteen of the weeks of the study period were identified (top 20th 
percentile) as weeks of peak COVID-19 burden. Distribution of Theil’s T during the five of these 
weeks occurring during periods of Covidtest.gov operation were compared to the 11 that occurred 
outside programs operation. Higher Theil’s T value suggests reduced equity.  
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Figure 4.12 At-home test utilization geographic equity during periods of peak COVID-19 burden 
by operational status of Covidtests.gov in the United States, September 13, 2021, to March 4, 
2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
U.S. Census Division was measured by Theil’s T. Sixteen of the weeks of the study period were 
identified (top 20th percentile) as weeks of peak COVID-19 burden. Distribution of Theil’s T 
during the five of these weeks occurring during periods of Covidtest.gov operation were 
compared to the 11 that occurred outside programs operation. Higher Theil’s T value suggests 
reduced equity.  
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Figure 4.13 At-home test utilization random group equity during periods of peak COVID-19 
burden by operational status of Covidtests.gov in the United States, September 13, 2021, to 
March 4, 2023 

 
United States adults (N=742,244) self-reported utilization of at-home COVID-19 testing and 
acute experiences of medical symptoms via an online survey. Proportionality between at-home 
testing and burden of medical symptoms consistent with COVID-19 (Covid-like illness) across 
random group membership was measured by Theil’s T. Sixteen of the weeks of the study period 
were identified (top 20th percentile) as weeks of peak COVID-19 burden. Distribution of Theil’s 
T during the five of these weeks occurring during periods of Covidtest.gov operation were 
compared to the 11 that occurred outside programs operation. Higher Theil’s T value suggests 
reduced equity. 
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5. CONCLUSION 

	
Misestimation of respiratory infectious disease surveillance parameters is a threat to 

both descriptive epidemiology and outbreak response. Inadequate data on measures of 

disease occurrence and associated human behaviors can lead to flawed interpretations of 

causal relationships and suboptimal allocation of resources. Proper assessment in 

infectious disease surveillance requires high-quality data and appropriate methods. In this 

dissertation, we curated multiple high-resolution data streams across two respiratory 

pathogens of global health importance: tuberculosis, and SARS-CoV-2. We analyzed 

these data and adapted innovative methods across three distinct aims with the goal of 

improving our knowledge of pathogen transmission and understanding behavioral 

response. 

Tuberculosis is a global health issue, but its complex disease dynamics, including 

extended periods of asymptomatic disease, make it difficult to study. In aim 1, we sought 

to accurately measure the reproductive number, which describes how a disease spreads in 

a population, for tuberculosis in the Greater Vitória metropolitan area in Brazil. This 

metric is crucial for guiding public health interventions in the region. In aim 1, we sought 

to overcome reproductive number estimation challenges by repurposing a routine 

tuberculosis surveillance system and using a newly developed reproductive number 

estimator. We also incorporated a human mobility model to account for the fact that 

individuals may present as a tuberculosis case in a region other than where they got 

infected. This approach allowed us to assess long-term disease dynamics and spatial 

variations in tuberculosis transmission within the region. In aim 1, we found that two 
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cities were the primary drivers of tuberculosis within Greater Vitória, highlighting how 

the combination of high-quality data and advanced methods can produce novel insights 

for disease mitigation. 

The effectiveness of mask mandates in reducing COVID-19 transmission events is 

uncertain, and efforts to quantify this relationship have yielded mixed results. In aim 2, 

we tried to answer a more basic question on the causal pathway between mandates and 

health outcomes; do mandates change masking levels. We utilized a multi-million-person 

digital health survey on pandemic related behaviors to quantify the weekly percentage of 

the population masking across U.S. We combined this data with a comprehensive 

database on masking related mandates in the same counties to understand how, on a local 

level, mandates alter masking. In aim 2, we found that mandates produced a small 

increase in masking behavior, with larger effects observed in areas with lower pre-

mandate mask usage. However, there was substantial heterogeneity in the effects of 

mandates across different counties and many locations had no change in masking post-

mandate. These findings highlight the need for tailored and hyperlocal interventions to 

increase masking and help explain the mixed results seen in previous studies. 

Disparities in access to nucleic acid amplification tests have been well-documented, 

favoring more affluent, insured, and white populations. At-home tests offer advantages 

such as affordability, convenience, and accessibility, but usage patterns have also shown 

disparities. In aim 3, we used the same nationally representative digital health survey as 

aim 2 to assess at-home test utilization across demographic groups, including income, 

age, race/ethnicity, and geography. We used two economic measures to quantify 
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distribution equity throughout the pandemic. In aim 3, we found disparities in at-home 

test utilization across income, age, race, and geography. We also found that the 

implementation of Covidtests.gov increased some of these disparities, indicating that 

although the program raised testing rates overall, the benefits were not equally 

distributed. Aim 3 helps demonstrates how high-resolution datasets can be leveraged to 

uncover biases in disease surveillance metrics, as well as how those biases change over 

time and because of exogenous influences. 

This dissertation utilized a variety of high-spatial resolution and high-temporal 

resolution datasets to gain insight into the complexities of respiratory disease 

surveillance, focusing on uncovering biases and describing heterogeneity. In three aims, 

we underscore the critical role that granular data and tailored interventions play in 

controlling infectious diseases. In understanding and addressing these biases and the 

various sources of heterogeneity, we can facilitate more effective outbreak responses and 

better inform public health policymaking. Accurate and precise disease surveillance 

estimates are a vital component in efficient resource allocation, and ultimately in 

fostering healthier communities.
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