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a b s t r a c t 

This research replicates in Phoenix, Arizona a study originally conducted by DiMaggio et al. (2020) 

that investigated the associations between positive COVID-19 tests and demographic, socioeconomic, and 

racial characteristics in New York City at the ZIP Code Tabulation Area level. We extend that work through 

a conceptual replication that introduces covariates appropriate to Phoenix, AZ. Our direct replication, 

which focuses on that city’s first wave of COVID-19 (May 31, 2020 to August 1, 2020), demonstrates that 

the framework used by DiMaggio et al. can be transferred across cities, but also identifies specification 

decisions that need careful consideration. Our conceptual replication identifies the proportion of Hispanic 

residents, rather than that of Black/African American residents, to be a key predictor of positive COVID-19 

testing. This finding sheds light on the dynamics of race during the pandemic. 

© 2022 Elsevier Inc. All rights reserved. 
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. Introduction 

Facing the novel threat of COVID-19, scientists have produced a 

eluge of research that medical professionals, government officials, 

nd policymakers have continually used to revise their response 

o the pandemic. To make informed decisions, those responsible 

or pandemic response must know more than the results of recent 

OVID-19 research; they must also know how reliable those results 

re, and whether the results obtained at one location and time 

re likely to hold in a different location and at a different time. 

ne way to establish the generalizability of research findings is by 

onducting independent replications of prior work. However, the 

eed to rapidly respond to COVID-19 runs counter to the cautious 

nd often time-consuming re-evaluation of the emerging body of 

vidence about this disease via replication. Failing to thoroughly 

valuate COVID-19 research, which was produced and published 

n an accelerated time frame, has the potential to both short- 

ircuit the accumulation of scientific evidence and impair decision- 

aking, possibly on a global scale. Without assessing the reliability 

f COVID-19 research, we also risk fueling public skepticism of this 

ork and the policies it supports. 
∗ Corresponding author. 

E-mail addresses: Peter.Kedron@asu.edu (P. Kedron), sfbardin@asu.edu (S. 
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We begin to address this gap in the literature by replicating 

he work of DiMaggio et al. [1] in Phoenix, Arizona. By replicat- 

ng DiMaggio et al., we establish whether the same socioeconomic 

actors are associated with positive COVID-19 tests in New York 

s in Phoenix. We also assess whether areas of elevated COVID- 

9 risk existed in Phoenix during the pandemic’s first wave. More 

roadly, our replication allows us to check the specification of the 

riginal analyses and, by documenting and openly sharing our ap- 

roach and procedures, provide a model that others can follow 

hen replicating geographic analyses of COVID-19. 

We selected DiMaggio et al. as the basis of our replication for 

our reasons. First, the study addresses key research questions at 

he center of many geographic studies of COVID-19: (a) Do areas of 

nusually elevated COVID-19 incidence exist? (b) Where are those 

reas located? and (c) What are the ecological risk factors associ- 

ted with elevated incidence of COVID-19? Second, the analysis is 

onducted at the Zip Code Tabulation Area (ZCTA) level, which is a 

ore informative spatial scale than the county-level analyses com- 

on in the COVID-19 literature [2–4] . More broadly, the type of 

ata used in the original study, an area-based aggregate measure 

f disease occurrence, is commonly used in epidemiological analy- 

is which makes our research design and analytical approach of in- 

erest across a large number of studies. Third, the authors’ finding 

hat the presence of Black/African American residents is strongly 

ssociated with the rate of positive COVID-19 tests in New York 

ity addresses frequently investigated questions about the role of 

https://doi.org/10.1016/j.annepidem.2022.05.005
http://www.ScienceDirect.com
http://www.annalsofepidemiology.org
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ace in the pandemic [5–8] . While multiple studies identify a sta- 

istical association between race and COVID-19 at the neighbor- 

ood level [9,10] , further investigations into how these associations 

ary from place to place, or across different racial and ethnic com- 

ositions, remain underexplored. Fourth, as a practical matter, we 

elected DiMaggio et al. because the authors made their data and 

nalytical code available. 

We selected Phoenix, AZ as the site of our replication for 

hree reasons. First, following the initial COVID-19 outbreak in New 

ork City that was modeled by DiMaggio et al. [1] , the Phoenix 

etropolitan area quickly became the next epicenter of the pan- 

emic in the U.S. Given that a central motivation of our analy- 

is was to assess whether the original analyses of DiMaggio et al. 

an be used to inform decision-making in other locations, exam- 

ning the next epicenter addresses this question while also help- 

ng to control for other factors that might change with time. Sec- 

nd, unlike New York City, Phoenix is characterized by a sprawling 

nd low-rise pattern of urban development and a different demo- 

raphic mix. Only 5 percent of Phoenix residents are Black/African 

merican compared with 23 percent of New York City residents. 

onversely, non-white Hispanic residents represent 31 percent of 

hoenix residents, but only 12 percent of New York City residents. 

inally, Phoenix is one of the few cities in the country where 

OVID-19 testing data is available for the first wave of the pan- 

emic at the ZCTA level, which allows us to use the same spatial 

cale as used by DiMaggio et al. 

The remainder of this paper is organized into five sections. In 

he following section, we briefly introduce the data analyses and 

he key findings of DiMaggio et al. [1] . In the third section, we

resent our data and detail how our approach deviates from that of 

he original. In the fourth section, we present our results. The fifth 

ection presents a discussion of those results, before we present 

ur principal conclusions and avenues for future work in the final 

ection. 

. Statistical Analyses and Findings of DiMaggio et al. (2020) 

DiMaggio et al. [1] analyzed the association between positive 

OVID-19 test counts and population-level estimates of demo- 

raphic, socioeconomic, and health variables at the ZCTA level in 

ew York City during the first wave of the COVID-19 pandemic 

April 3 to April 22, 2020). Applying a Poisson model estimated 

sing a Bayesian statistical framework, the final model estimated 

he risk of positive COVID-19 tests ( θi ) via an intercept ( β0 ); ZCTA- 

evel predictors for race, age, housing density, health factors (heart 

isease, COPD) ( β j x 
T 
i 

), a set of spatially unstructured random ef- 

ect terms ( υi ), and a set of spatially structured random effect 

erms ( ηi ). An offset that measures the total number of tests in 

ach ZCTA was also included. The spatially structured random ef- 

ect terms were assigned via the intrinsic conditional autoregres- 

ive prior proposed by Besag et al. [11] . The model, as presented 

y the authors, is shown below. Complete model details are avail- 

ble in the original paper and the code used to fit the model was

ade available as an electronic supplement. 

Y ∼ Pois (λi = E i · θi ) 

og θi = β0 + βx T i + υi + ηi + (offset) 

υi ∼ N(0 , τυ ) 

ηi ∼ N( η̄ρ , τη/ηρ ) . 

The authors’ primary conclusions were that areas with large 

roportions of Black/African American population were at signifi- 

antly higher risk for COVID-19. The authors also estimated the de- 

ree to which residual spatial clustering of positive COVID-19 cases 

as explained by within- and between-ZCTA variability and con- 
9 
luded that about one-third was attributed to between-ZCTA spa- 

ial structure. 

. Data and Approach to Replication 

.1. Data 

We obtained weekly data on the number of COVID-19 cases and 

he percent of positive COVID-19 tests for all ZCTAs located within 

aricopa County, AZ [12,13] . Maricopa County includes the greater 

hoenix metropolitan area. Using this information, we estimated 

he total number of COVID-19 tests conducted in each ZCTA per 

eek by dividing the number of positive tests by the percent pos- 

tivity rate. To be consistent with DiMaggio et al. [1] , we restricted 

ur analysis to the weeks immediately preceding and following the 

rst peak of COVID-19 cases in Phoenix and, as such, aggregated 

he total number of cases and tests from May 31, 2020 to August 

, 2020 at the ZCTA level. To limit the influence of outlying areas, 

e additionally restricted our study area to ZCTAs that were (a) 

ully contained within Maricopa County, (b) had more than 10,0 0 0 

esidents and (c) had more than 500 persons per square mile (Sup- 

lement B.1). Our final sample included 100 ZCTAs. 

Data on the sociodemographic and health composition of each 

CTA were obtained from the 2019 American Community Survey 5- 

ear Estimates [14] and the Centers for Disease Control and Preven- 

ion Places Data File [15] . Consistent with DiMaggio et al., informa- 

ion on the percentage of the population who were non-Hispanic 

lack, over the age of 65, or had chronic obstructive pulmonary 

isease (COPD) were included in the analysis as was household 

ensity per square mile. Additional characteristics, including the 

ercent of individuals who speak a language other than English, 

ercent Hispanic, percent receiving public assistance, percent with 

eart disease, median household income, and population density, 

ere also considered. 

.2. Replications of DiMaggio et al. (2021) 

Adopting the statistical framework used in the original anal- 

sis, we conducted two replication analyses. First, we repeated 

he authors original analysis in as close a manner as possible via 

 direct replication [16] in Phoenix. Two direct replication sub- 

nalyses were considered. Both sub-analyses maintained the func- 

ional form, specification, and computational implementation of 

he original model. Both sub-analyses also removed heart disease 

s a predictor variable due to strong collinearity with COPD and 

ercentage of the population age 65 or older, and used the ACS 

019 5-year estimates for our predictor variables as opposed to 

he 2010 Census data used by the original authors. The two sub- 

nalyses were differentiated by the inclusion/exclusion of the off- 

et term for the total number of tests. Our first direct replication 

ncluded the offset as per the original model code. The second di- 

ect replication excluded the offset. 

The second replication analysis was a conceptual replication 

16] of DiMaggio et al. that tested the same fundamental hypoth- 

sis of the original study, but adopted a model specification that 

onsidered conditions specific to Phoenix. For this replication, we 

dded two predictors to the model - percent Hispanic and median 

ousehold income. 

Following DiMaggio et al. we estimated the direct replication 

odels within R using the INLA package [17] . We estimated our 

onceptual replication within R, but used the STAN package [18] . 

e opted to use STAN because it allowed us to clearly specify how 

he offset term functioned within the model. The full details of 

ur statistical models are available in electronic Supplements A-B2. 

he data and code to reproduce both replications are available at 
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Table 1 

Results of the conceptual replication of DiMaggio 

et al. in Phoenix, AZ, May 31, 2020 to August 1, 2020. 

Parameter Median 2.5% 97.5% 

Intercept 0.15 0.15 0.16 

COPD 0.98 0.89 1.08 

Proportion Black 1.02 0.93 1.11 

Older than 65 0.95 0.85 1.05 

Housing Density 1.01 0.95 1.08 

Proportion Hispanic 1.24 1.09 1.40 

Median Income 0.93 0.83 1.04 

υi 0.09 0.05 0.13 

ηi 0.06 0.04 0.08 
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Table 2 

Comparison of the median parameter estimates of the conceptual replication with 

the estimates and credible intervals of DiMaggio et al. 

Parameter Medians Share Median Located in Proportion Within 

Direction Original Interval Original Interval 

COPD No Inside 89.81% 

Proportion Black Yes Outside 0.83% 

Older than 65 No Outside 0.00% 

Housing density Yes Inside 100.00% 
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ttps://osf.io/n32ge/ , as are project-level metadata explaining our 

nalytical process. 

Together these two replications allowed us to investigate two 

uestions: (1) Can the model specification adopted by DiMaggio 

t al. be used to describe the pattern of positive COVID-19 tests in 

 new geographic context? and (2) Do the same factors appear to 

e predictors of the number of positive tests in these two commu- 

ities? To answer the second question, we calculated the degree to 

hich the 95% uncertainty intervals for the parameters common to 

iMaggio et al. and this study were overlapping. 

. Results 

.1. Descriptive statistics 

Over the time frame described in Section 3.1 , the mean num- 

er of COVID-19 tests per ZCTA In Phoenix was 5841.40 (95% CI 

383.40, 6299.40) and the mean number of positive COVID-19 

ests per ZCTA was 998.96 (95% CI 871.75, 1126.17). The positive 

est data are skewed in the opposite direction of DiMaggio et al. 

iMaggio et al., indicating that most ZCTAs had low numbers of 

ositive tests while a few ZCTAs had high numbers of positive tests 

 Fig. 1 ). 

.2. Replication models 

Before attempting either of our replications, we first con- 

tructed an aspatial regression model (Supplement) to confirm the 

eed for a spatial model in Phoenix. An analysis of the aspatial 

odel residuals indicated the presence of spatial autocorrelation in 

he dataset ( Mora n ’ s I = 0 . 354 , pseudo-p = 5 . 81 −9 ) and the need

or a spatial model. 

Our first direct replication ( Fig. 2 , red), which included COPD, 

he proportion of Black/African American residents, housing den- 

ity, age greater than 65 produced extremely large credible inter- 

als. This model replicated the code of DiMaggio et al., where the 

ffset term was specified within the function specifying the Besag- 

ork-Mollié (BYM) prior. In the second direct replication ( Fig. 2 , 

reen), we removed the offset term from the model. This reduced 

he size of the credible intervals to an interpretable range. The dif- 

erence in the credible intervals produced by these two specifica- 

ions likely indicates some problem with the handling of the offset 

erm as applied to the Phoenix context. Our exploration of this is- 

ue is presented in the discussion. For the second replication, we 

bserved directional effects consistent with DiMaggio et al. except 

n the case of the proportion of residents over 65. Our estimates 

or the proportion of Black/African American, COPD, and housing 

ensity all fell within the 95% credible intervals of the original au- 

hors, although there may be issues with these credible intervals 

n the original studies, as discussed below. 

In the conceptual replication ( Table 1 ), we expanded the pre- 

ictor set to include the proportion of Hispanic residents and the 
10 
edian income of each ZCTA. We also added the log-transformed 

otal number of tests a as the model intercept as and specified 

he intercept in the conventional location. This model identified 

he proportion of Hispanic residents as the only positive predic- 

or of COVID-19 cases at the 95% credible thresholds. Median in- 

ome and the proportion of residents older than 65 were the only 

ther predictors associated with COVID-19 cases with a probability 

reater than chance (more than 50% of the posterior probability of 

he coefficient estimate greater than 1). Both variables were nega- 

ive predictors of COVID-19 cases. 

We use the mean coefficient estimates and the percent over- 

ap between the 95% credible intervals of our conceptual replica- 

ion and DiMaggio et al. to assess the similarity in predictor as- 

ociations with the number of positive COVID-19 tests in Phoenix 

nd New York City ( Table 2 ). The direction of the median estimates 

ere consistent for the proportion of Black/African American res- 

dents and housing density, but were inconsistent for COPD and 

he proportion of residents over the age of 65. Only the proportion 

lack/African American residents and age greater than 65 were un- 

mbiguous predictors of positive COVID-19 test counts in the orig- 

nal analysis of DiMaggio et al. In our conceptual replication, age 

reater than 65 was associated with negative test counts, with an 

stimated median association outside the credible interval of the 

riginal authors. In Phoenix, the proportion of Black/African Amer- 

can residents, which was the strongest positive predictor in New 

ork City, shares the direction of the median estimate of associa- 

ion, but shares less than 1% of its credible interval with the origi- 

al study. 

In the conceptual replication, the residual risk, after control- 

ing for the predictors in the model, was primarily explained by 

etween-ZCTA spatial structure - V P C = 0 . 59 . Following DiMaggio 

t al., we calculated and mapped ( Fig. 3 ) the spatial risk estimate 

or each ZCTA as the sum of the unstructured and spatially struc- 

ured variance components of our conceptual replication. ZCTAs 

ith the highest residual risk were concentrated in the center of 

ur study region, in communities near Glendale and Sun City West. 

n contrast, ZCTAs in outer-ring suburbs, such as Fountain Hills and 

handler, exhibited the lowest levels of residual risk. 

. Discussion 

This work adds to our knowledge of COVID-19 in two ways. 

irst, our replications demonstrate that some associations between 

eighborhood-level predictors and COVID-19 positive test counts 

o not remain constant across locations, indicating these relation- 

hips are likely sensitive to geographic context. Our findings sug- 

est that racial associations with COVID-19 cases may be among 

hose sensitive to context. County-, neighborhood-, and individual- 

evel analyses have all demonstrated associations between the per- 

entage of residents from different minority groups and confirmed 

OVID-19 cases and deaths [5,6,19,20] . However, the majority of 

hose studies do not consider if and how these results may be sen- 

itive to the study context. Our conceptual replication of DiMaggio 

t al. allows us to make such comparisons within a consistent sta- 

istical framework. 

https://osf.io/n32ge/
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Fig. 1. Total positive COVID-19 tests at the ZCTA level. Phoenix, AZ; May 31, 2020 to August 1, 2020. The observed density of positive tests (top) and cumulative probability 

of positive tests (bottom) 
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We find that the proportion of Black/African American residents 

n a ZCTA in Phoenix was not a positive predictor of COVID-19 

ases as it was in New York City. Instead, the strongest predictor 

f positive COVID-19 tests in Phoenix was the proportion of His- 

anic residents in a ZCTA. Collectively, these neighborhood-level 

stimates suggest that the proportion of non-white residents in a 

eighborhood is likely an important predictor of positive COVID-19 

est counts, however the specific racial and ethnic groups that face 

reater risk likely depends on context. This finding raises intrigu- 

ng questions about the transmission and detection of SARS-CoV- 

 in different community settings. Published individual-level anal- 

ses of COVID-19 morbidity and case severity reinforce the idea 

hat Black and Hispanic patients are more likely to test positive 

or COVID-19 [21–23] . However, discrepancies in this same litera- 

ure suggest that the condition of patients when they present for 

ospitalization, if they present at all, determines mortality more so 

han minority status. Those studies suggest it is a lack of access to 

are or decision to delay care among minority communities that 

s responsible for higher mortality in these communities. While 

ur neighborhood-level estimates of case counts cannot measure 
11 
ortality, our results reinforce the idea that it may not be minor- 

ty status alone that associates these groups with COVID risk, but 

ather the systemic disadvantages closely linked with minority sta- 

us and specific regional histories of inequality. 

The observed difference in racial parameter estimates also 

heds light on a speculation by DiMaggio et al. that disparities in 

OVID-19 case counts may be affected by the size of the racial 

opulation and how well established those communities are in 

 city. Black/African Americans represent a far smaller percent- 

ge of the Phoenix population than Hispanic residents. Being dis- 

ersed across Phoenix, the experiences of Hispanic residents have 

 greater opportunity to be captured by the Phoenix model, and 

o influence locations through the effect of the model’s spatial 

rior. Inversely, we suspect that the lack of association between 

he proportion of Black/African American residents and COVID-19 

ases in Phoenix may be the product of the relatively small num- 

er of Black residents in Phoenix and their spatial concentration in 

 small number of densely populated areas. 

Second, our replications allowed us to gain greater insight into 

he modeling process used by DiMaggio et al. and to examine con- 
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Fig. 2. Posterior means (points) and 95% uncertainty intervals (horizontal lines) of the coefficients from DiMaggio et al. (blue), the direct replication (red), and the direct 

replication excluding the offset term (green). The replications are based on data for Phoenix, AZ Zip Code Tabulation Areas, May 31, 2020 to August 1, 2020. The hashed 

vertical line indicates a relative risk of 1. The uncertainty intervals for the direct replication with the offset are noted. 

Fig. 3. Quintile map of (a) COVID-19 risk due to the predictor variables and (b) Residual risk (sum of unstructured and spatially structured random effect terms) for the 

conceptual replication of DiMaggio et al. in Phoenix, AZ; May 31, 2020 to August 1, 2020. 
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eptual and methodological questions that other researchers will 

ikely encounter should they attempt similar replications. Our di- 

ect replications of DiMaggio et al. revealed questions about how 

he authors handled the model offset in their original analysis. We 

iscovered that the authors used the total number of tests as the 

ffset rather than the log transformed number of tests, and that 

he authors specified the offset terms as an argument within the 
12 
NLA function for the BYM prior distribution. When we replicated 

his model code in Phoenix, our model produced extremely large 

redible intervals which likely indicate a problem in the code; one 

hat may only become evident when comparing the results of the 

ame model fit to different data and using different software pack- 

ges. This reinforces the importance of ensuring that all statisti- 

al models are tested for sensitivity to different assumptions and 
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arameterizations, particularly when models are not explicitly de- 

ned by the researchers. 

Our work also highlights the importance of carefully consider- 

ng the spatial structure of the location being studied and how 

hat structure is reflected in the data analysis. New York City’s 

attern of dense urban development generally creates ZCTAs with 

onsistent size, density, and number of neighbors whereas Phoenix 

as a sprawled urban development pattern that leads to variation 

n ZCTA size, density, and number of adjacent ZCTAs. This varia- 

ion is important when modeling COVID-19 case counts using the 

ayesian framework employed in this study because it can influ- 

nce both coefficient and error estimates. We attempted to con- 

rol for these effects by focusing our analysis on the core of the 

hoenix metropolitan statistical area. Even so, the majority of the 

esidual variance of our conceptual replication was explained by 

patial structure. This result is likely the product of the true in- 

uence of the spatial structure of Phoenix and the strength of the 

YM prior relative to the sample size. Future replications should 

imilarly consider to what extent their estimates may be influ- 

nced by spatial structure before making comparisons across re- 

ions. 

While our findings are suggestive, like DiMaggio et al. they pro- 

ide a fractured view of the disease processes at work in a com- 

unity. Our analyses are subject to the uncertainties in our data 

nd model building process. First, our models likely have a degree 

f measurement error associated with our limited and varying ca- 

acity to gather information about COVID-19 prevalence early in 

he pandemic. The capacity to test for and identify positive COVID- 

9 cases was limited during the pandemic, particularly during the 

rst wave, and our testing capacity was also regionally varied. 

ven within cities, the centralization of testing likely created ac- 

essibility issues that may have led to non-random testing across 

opulation groups. These concerns may be somewhat lessened for 

hoenix, as the first wave modelled here occurred after earlier 

aves in coastal cities, which gave the city time to set-up test- 

ng facilities. Second, like other ecological analyses of COVID-19, 

ur models may not capture changes in residence that occurred 

uring regional crests in the pandemic. Our analyses rely on re- 

ent ACS estimates, but these data may not capture portions of the 

hoenix population that were particularly dynamic during the time 

eriod studied. Specifically, Phoenix is a destination for a large re- 

ired population that regularly exits the city at the time of our 

nalysis. These caveats should be considered alongside the other 

emporary migrations out of many cities during the pandemic. 

. Conclusion and Future Work 

In this paper, we demonstrate that the neighborhood-level pre- 

ictors of positive COVID-19 test counts in New York City modelled 

y DiMaggio et al. during the first wave of the pandemic remained 

ssociated with positive test counts in Phoenix, AZ. Our analyses 

id not replicate the primary association observed by DiMaggio 

t al., that neighborhoods with higher proportions of Black/African 

merican residents were at a non-random elevated risk for COVID- 

9 when accounting for other predictors. Instead, we find that, in 

hoenix, AZ it is neighborhoods with higher proportions of His- 

anic residents that are at elevated risk. This finding is important 

ecause it suggests race and the size of a region’s racial minor- 

ty group may be a proxy for the disadvantages these groups face, 

hich may be the true driver of elevated risk of COVID-19. Our 

nalyses also demonstrate that the modeling framework adopted 

y DiMaggio et al. can be transferred across locations, but needs 

ome modification to local contexts. Replicating the original anal- 

ses also allowed us to identify specification decisions that need 

areful consideration when interpreting or expanding upon the 

riginal results. 
13
We see three avenues to directly extend this work. First, 

ur Phoenix model estimates residual spatial risk for each ZCTA 

nd the associations between the predictor variables and posi- 

ive COVID-19 testing under the constraints imposed by our model 

pecification. That specification was developed based on a review 

f the existing COVID-19 literature and an examination of how lo- 

al public officials responded to the pandemic during the study pe- 

iod. As our understanding of SARS-CoV-2 and its variants evolves, 

t will be appropriate to revisit and adjust this model. While we 

elieve the strength of the relationships observed during the first 

ave of the pandemic makes the model robust to specification 

hanges that would extend from changes in the model, we also be- 

ieve that the model should be adjusted for cross-sectional studies 

f future waves or longitudinal analyses of the entire pandemic. 

Second, our model of Phoenix could be further refined to ex- 

lore temporal and spatial-temporal variation in COVID cases [see 

4 ]. Phoenix has experienced three distinct waves of COVID-19 in- 

ection during the pandemic as of December 2021. In this paper, 

e establish a positive association between the proportion of His- 

anic residents in a ZCTA and COVID-19 case rate, however, we 

ave not explored whether this association, or others, change over 

ime or space. National scale tracking of racial case rates [25] sug- 

ests that different ethnic groups have experienced peaks in cases 

t different points in the pandemic. Exploring whether these shifts 

xist in Phoenix and what their spatial patterns are could pro- 

ide lessons on how to plan for the future SARS-CoV-2 variants, 

or example, by finding that the proportion of Black/African Ameri- 

an residents had stronger associations with COVID-19 during early 

tages of the pandemic whereas the proportion of Hispanic resi- 

ents had stronger associations with COVID-19 during latter stages. 

Third, our model could be placed in a hierarchical framework 

hat extends across multiple cities. This approach would extend 

he single replication logic used here to many locations and pro- 

ide more complete evidence for the consistency of COVID-19 pre- 

ictors both within- and between-urban areas. Such a model could 

nclude urban hotspots of COVID-19 and be used to estimate lo- 

al (city-specific) and global (common to multiple cities) relation- 

hips between race and COVID-19 incidence across space and time. 

uch an analysis would also serve as a counterpoint and correc- 

ive to early national scale ecological analyses of associations be- 

ween COVID-19 cases and socio-demographics conducted at the 

ounty scale that failed to account for the reality that COVID cases 

re often concentrated in specific urban neighborhoods. Many of 

hose studies may have erroneous conclusions because they fail to 

ccount for population density and build their spatial relationship 

tructures at a scale that is not directly relevant to disease trans- 

ission. One restriction on such an analysis remains the availabil- 

ty of COVID-19 case data at fine geographic scales (e.g., finer than 

ounties). 
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