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Purpose: The establishment of community-academic partnerships to digest data and create actionable 

policy and advocacy steps is of continuing importance. In this paper, we document COVID-19 racial and 

geographic disparities uncovered via a collaboration between a local health department and university 

research center. 

Methods: We leverage individual level data for all COVID-19 cases aggregated to the census block group 

level, where group-based trajectory modeling was employed to identify latent patterns of change and 

continuity in COVID-19 diagnoses. 

Results: Linking with socioeconomic data from the census, we identified the types of communities most 

heavily affected by each of Michigan’s two waves (in spring and fall of 2020). This includes a geographic 

and racial gap in COVID-19 cases during the first wave, which is largely eliminated during the second 

wave. 

Conclusions: Our work has been extremely valuable for community partners, informing community-level 

response toward testing, treatment, and vaccination. In particular, identifying and conducting advocacy 

on the sizeable racial disparity in COVID-19 cases during the first wave in spring 2020 helped our com- 

munity nearly eliminate disparities throughout the second wave in fall 2020. 

© 2021 Elsevier Inc. All rights reserved. 
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The COVID-19 pandemic is a global crisis that is likely to im- 

act public health for years to come [ 1 , 2 ]. The pervasive nature of

he crisis and the novelty of the virus necessitate identification of 

rivers of local case spikes. Extensive work has already employed 

eographic information systems to address the dynamic spatial na- 

ure of COVID-19 spread [3] . Doing so locally can be extremely 

aluable in providing an understanding of why surges in cases oc- 

ur when and where they do, as well as community characteris- 

ics of hotspots. This in turn allows for more accurate targeting of 

ublic health interventions and policy at the community level that 

ay engender harm reduction. 
Conflicts of interest: The authors declare no conflicts of interest, financial or 

therwise. 
∗ Corresponding author: Richard Casey Sadler, PhD, MPH, Michigan State Univer- 

ity, Flint, MI 
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The present study sought to identify factors that drove COVID- 

9 case surges during different points in the first year of the pan- 

emic in Genesee County, Michigan. Genesee County is home to 

lint, the epicenter of a water crisis that began in 2014 stemming 

rom a state-directed infrastructure change that led to widespread 

ead-in-water and Legionella contamination [4–6] . Owing to this 

nvironmental injustice on top of years of disinvestment and dis- 

rimination that have created huge health disparities [7] , this area 

as become increasingly of interest to public health researchers. At 

he outset of the COVID-19 pandemic, Flint and neighboring De- 

roit represented one of the hardest hit regions outside of New 

ork City; ongoing concerns of water quality have only exacerbated 

ublic health concerns [8] . Our analyses therefore sought to iden- 

ify heterogeneity in longitudinal patterns of COVID-19 case diag- 

oses across Genesee County during different points in the pan- 

emic. We then sought to identify community-level predictors that 

ndicated what drove varying levels of COVID-19 cases during two 

https://doi.org/10.1016/j.annepidem.2021.12.005
http://www.ScienceDirect.com
http://www.annalsofepidemiology.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.annepidem.2021.12.005&domain=pdf
mailto:sadlerr@msu.edu
https://doi.org/10.1016/j.annepidem.2021.12.005
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ajor waves of the virus observed in Michigan during the first year 

f the pandemic. 1 

ethods 

ata 

Data for this study were provided by the Genesee County 

ealth Department. Positive COVID-19 diagnoses—based on detec- 

ion of SARS-CoV-2 RNA in a clinical or autopsy specimen using a 

olecular amplification test—were compiled by the health depart- 

ent and identified by the day in which the case was diagnosed. 

ur team then geocoded these cases to the residential address and 

ggregated at the census block group (CBG) level (n = 373). This 

evel of aggregation was chosen because it provided the largest N 

hile still enabling masking of all individuals inhabiting the geo- 

raphic area in the sample and allowing us to link data to census 

emographic data. All other data were taken from estimates from 

he American Community Survey [5] or computed from data pro- 

ided by the Genesee County Health Department. 

easures 

Our main dependent variable examined in analyses was a count 

f the number of COVID-19 diagnoses identified within each CBG, 

ggregated into 2 week testing intervals. Each CBG in the sample 

hen had a rolling count of the number of COVID-19 diagnoses dur- 

ng each of these 2 week testing intervals beginning March 1, 2020 

nd concluding January 17, 2021. 

Our three primary predictor variables included gender 

omposition, racial composition, and percent of seniors . Gen- 

er composition was measured by the proportion of male to 

emale residents living in each CBG. This was calculated by divid- 

ng the number of male residents by the total number of residents 

n a CBG. Because Genesee County is majority White (65.49%) but 

eavily segregated [9] , a race variable corresponding to the ratio 

f White residents compared to all other residents in each CBG 

as computed by dividing the number of White residents by the 

umber of total residents in each CBG. The proportion of residents 

iving in each CBG 65 years of age or older was computed by 

ividing the number of senior residents by the total number of 

esidents living in each CBG. 

Additional variables controlled for in analyses included eco- 

omic distress, distance to nearest testing site, population density, 

nd total residents. Economic distress is measured by an un- 

eighted sum of z-scores of percent impoverished, unemployed, 

ess than high school education, and single parent households for 

ach CBG (as used in past work in Flint, see [10] ). Because access

o testing may influence the likelihood that residents living within 

 given CBG actually get tested and receive a COVID-19 diagnosis, 

istance to the nearest testing site for each CBG was controlled 

or in analyses. This distance was measured in miles and mapped 

sing network analysis in ArcGIS. 2 Population density was calcu- 

ated as the number of residents per square mile for each CBG. 
1 The identification of the existence of two major waves of COVID-19 cases during 

he first year of the pandemic is based on several empirical points. First, there was 

n initial increase in cases during the very early days of the pandemic followed by 

 decline and plateau throughout the summer of 2020 (Wave 1). A surge in cases 

as then observed in late 2020 that can be observed by examining the raw case 

ounts (Wave 2). While the magnitude of the case surges comprising these waves 

aried, their existence can be confirmed by visual examination of the raw daily case 

ount data. The existence of the two waves is even more apparent when examining 

he raw daily death count data (State of Michigan, 2021). 
2 Two separate variables were used to measure distance, one for each COVID- 

9 wave. This was done because the number of testing sites in Genesee County 

ncreased between the first and second waves, changing the distance to the nearest 

esting site for many CBGs. 
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30 
otal number of residents for each CBG was included in addition 

o population density because of the relatively large standard de- 

iation in total residents for CBGs (Standard deviation = 588.725) 

or the range (Range = 0–3635). 

nalytic strategy 

The analytic strategy utilized in this study proceeded in several 

hases. In a preliminary assessment, we use relative risks (RRs) 

o identify disparities in COVID-19 cases over time in Flint and 

enesee County. The first phase of analyses entailed the use of 

roup-based trajectory modeling (GBTM) to identify latent patterns 

f change and continuity in COVID-19 diagnoses identified at the 

BG level. This entails the process of iteratively fixing of different 

umbers of polynomial functions of varying complexity to a set 

f longitudinal response data. Units of analysis are then assigned 

embership to a given trajectory group in the model that best ap- 

roximates their own individual response trajectory. Nested model 

t is then determined using Bayesian Information Criteria (BIC) to 

dentify the best fitting model. Nagin also outlines several other 

riteria that a best fitting model should also meet if it is to be 

elected [11] . Two models were estimated: first wave and second 

ave. 

We split all analyses into two sections based on assessing the 

rst large wave of COVID-19 cases and the second large wave of 

ases. This choice was made for several reasons. First, the data 

vailable to the research team spanned 25 total data points. As 

odeling evolved across time, nuance that was previously ob- 

erved was lost, as case counts in the latter portion of the study 

eriod dwarfed earlier case counts; the model addressed this by 

ocusing on larger frequencies observed later. The problem here is 

hat the first surge in COVID-19 cases in the very early days of 

he pandemic are not properly described visually in the full model, 

espite the fact that the first wave was an empirical reality con- 

rmed in the raw daily case counts in the full Michigan data and 

he Genesee County data [12] . Second, and relatedly, by the sec- 

nd wave, testing scope and accuracy had improved considerably. 

his means that although case counts are considerably higher in 

he second wave compared to the first, this is likely due in part to 

etter testing. As such, it makes sense to examine waves separately 

nd omit analysis of the relative lull in cases that was observed 

uring summer 2020 in Michigan [12] . Similar decisions based on 

esting differences have been observed in prior work, like that fo- 

used on the HIV pandemic [13] . 

The first GBTM analyses examined the range of COVID-19 case 

ata beginning on March 1, 2020 and ending on June 20, 2020. 

hese cut-points were chosen because March 1, 2020 was the first 

vailable data, while the testing period ending June 20, 2020 is the 

owest case count point of the first wave, with 90% of CBGs report- 

ng zero cases. The second GBTM analyses focused on the dates 

anging from August 16, 2020 until January 17, 2021. The start- 

ng point of August 16, 2020 was chosen because this was a low 

oint at the beginning of the second wave where around 70% of 

BGs reported zero cases; this percentage decreased considerably 

o around 40% at the next testing interval and continued to steadily 

ecline through the crest of the second wave. The end point of Jan- 

ary 17, 2021 was chosen because data saturation was reached at 

his point, as the addition of testing interval data points did not 

eaningfully alter findings. 

The next phase of analyses entailed the use of regression mod- 

ling to identify predictors of trajectory group assignment. Logis- 

ic and multinomial regression were ultimately utilized in analyses 

ased on the number of trajectory groups that were identified. Lo- 

istic regression is used when there is a binary dependent variable 

nd coefficients are described as odds ratios (OR). The ORs indi- 

ate the predicted change in the odds of belonging in the 1 group 
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Table 1 

Descriptive Statistics 

Mean/Proportion Standard Deviation Minimum Maximum 

COVID-19 Cases Pooled Across Waves 2.016 4.137 0 65 

Proportion of Male Residents .483 .071 .210 .836 

Proportion of White Residents .655 .340 0 1 

Distress Index 1.327 3.725 −4.500 18.633 

Proportion of Residents Aged 65 Years or Older .164 .084 0 .502 

Population Density 2.267 2.069 0 9.441 

Total Number of Residents 1097.483 587.969 0 3635 

Distance to Nearest Testing Site (First Wave) 5.598 4.523 .087 18.724 

Distance to Nearest Testing Site (Second Wave) 4.843 4.428 .173 18.724 

Figure 1. Relative Risk of COVID-19 Cases, African-Americans vs. White/Other Races 

in Flint and Genesee County, MI. 
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Figure 2. First Wave of COVID-19 Cases Aggregated by Census Block Group Trajec- 

tory Model. 
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f a 0–1 coded dependent variable based on a one-unit change in 

n independent variable of interest. Multinomial logistic regression 

ntails the omission of one trajectory group in the model, which 

hen is examined in comparison to all other groups in the model 

n terms of how variation in independent variables of interest pre- 

ict risk of assignment to the other groups relative to this excluded 

roup. Coefficients are described in the form of relative risk ratios 

RRR), indicating the predicted difference in risk of assignment to 

iven group, relative to assignment to the omitted group, based on 

 one-unit change in an independent variable of interest. 

esults 

To provide us with an initial impression of race- and place- 

elated disparities, we began our analyses by computing RRs of 

ontracting COVID-19 by week for African-Americans versus all 

ther races. Figure 1 highlights a disparity, such that African- 

merican residents were on average 3.3 times more likely to be 

iagnosed with COVID-19 than all other races from the beginning 

f the time period through the end of June 2020. From July to 

ovember, they actually experience a lower RR, at 0.75 in Flint 

nd 0.88 in Genesee County. In December 2020 and January 2021, 

eanwhile, a disparity reappears, as they have RRs of 1.36 and 1.52 

or Flint and Genesee County. 

Table 1 provides descriptive statistics for variables included in 

nalyses. Tables 2 and 3 provide regression results for the first and 

econd wave models. 

The first GBTM analyses examined only the first wave of the 

OVID-19 pandemic. A two-group model was selected as providing 

est fit. While a three-group model provided better fit based on 

IC, the third group identified had a very small number of CBGs 

ssigned to it (n = 6) and this precluded any useful analysis. Be- 

ond that, this group greatly resembled the other two groups in 

he model, but had higher case counts. Selection of a two-group 

odel resulted in combining the two higher case count groups 
31 
nto a single trajectory group, but group shape remained essen- 

ially the same. Figure 2 depicts these groups, identified as the 

ow (Wave 1) and High (Wave 1); or L1 and H1, respectively. The 

roups demonstrate increases and peaks in COVID-19 case counts 

uring April and May 2020 at varying levels with rank order in 

heir case count peaks corresponding to their names. The CBGs in 

he sample were assigned membership to each trajectory group, 

ith 81.23% assigned membership to the L1 group and 18.77% as- 

igned to the H1 group. Both groups in the model were character- 

zed by a cubic polynomial function. 

Logistic regression analyses were conducted on the first trajec- 

ory model. The H1 group was the one category for the dependent 

ariable and the L1 group was the 0 category. Results indicated 

hat having a lower proportion of White residents increased odds 

f belonging to the H1 group (OR = 0.024). Having more total res- 

dents also was associated with increased odds of belonging to the 

1 group (1.002). 

Figure 3 describes a map plotted and coded based on first wave 

rajectory group assignment. Many of the CBGs appearing in the 

igh group appear in predominately African-American neighbor- 

oods in the City of Flint and Flint Township, but are also dis- 

ersed throughout the county. This somewhat belies the reality of 

he individual data within these groups, which more strongly sug- 

ests a racial disparity in group assignment. 

The second GBTM analyses examined the second wave of the 

andemic. Figure 4 provides visual depiction of these groups. Re- 

ults indicated that a three-group model once again provided best 

t to the data, with similar patterns of Low (Wave 2), Moderate 

Wave 2), and High (Wave 2) groups identified; or L2, M2, and H2 

roups, respectively. These groups all demonstrated rises, peaks, 

nd falls in case counts across the second wave in rank order cor- 

esponding to their names. All CBGs in the sample were assigned 
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Table 2 

Logistic Regression Model of Covariate Effects on Odds of Assignment to the H1 Trajectory Group Relative to Assignment to the L1 Trajectory 

Group in Odds Ratios (OR) (n = 373) 

OR P -Value 95% Confidence Interval 

Proportion of Male Residents .711 .883 .008 65.850 

Proportion of White Residents .024 P < .001 .006 .107 

Distress Index .896 .091 .789 1.018 

Proportion of Residents Aged 65 Years or Older 25.706 .113 .462 1429.721 

Population Density 1.015 .869 .849 1.214 

Total Number of Residents 1.002 P < .001 1.002 1.003 

Distance to Nearest Testing Site .999 .980 .908 1.099 

Constant .117 .123 .008 1.786 

Table 3 

Multinomial Logistic Regression Model of Covariate Effects on Relative Risk of Assignment to the H2 Trajectory Group in Relative Risk Ratios 

(RRR) (n = 373) 

RRR p-Value 95% Confidence Interval 

H2 (omitted) — — —

L2 

Proportion of Male Residents .124 .704 ≥0.001 5809.335 

Proportion of White Residents 2.830 .506 .132 60.550 

Distress Index 1.658 .001 1.234 2.229 

Proportion of Residents Aged 65 Years or Older .401 .812 ≥0.001 732.440 

Population Density 1.547 .037 1.026 2.331 

Total Number of Residents .991 P < .001 .989 .993 

Distance to Nearest Testing Site 1.003 .969 .872 1.153 

Constant 46,151.230 .001 79.036 2690.000 

M2 

Proportion of Male Residents .124 .704 ≥0.001 2420.277 

Proportion of White Residents 5.464 .234 .334 89.433 

Distress Index 1.342 .030 1.029 1.751 

Proportion of Residents Aged 65 Years or Older 3.735 .684 .007 2146.220 

Population Density 1.353 .114 .930 1.966 

Total Number of Residents .996 P < .001 .995 .997 

Distance to Nearest Testing Site .991 .866 .892 1.101 

Constant 372.302 .041 1.271 109,020.600 

t

=
a  

c

t

T

s

o

g

a

g

G

m

w

m  

a

a

i

h

i

o

C

s

d

r

D

1

t

1

c

d

g

r

s

t

1

l

a

v

t

T

d

t

fl

s

o a given trajectory group, with 41.29% assigned to L2 group (n 

 161), 43.16% assigned to the M2 group (n = 154), and 15.55% 

ssigned to the H2 group (n = 58). All groups in the model were

haracterized by a cubic polynomial function. 

Multinomial logistic regression was utilized to analyze predic- 

ors of trajectory group assignment for this second wave model. 

he H2 group was designated as the omitted reference group. Re- 

ults indicated that greater economic distress predicted greater risk 

f assignment to both the L2 and M2 groups, relative to the H2 

roup (L2 RRR = 1.342; M2 RRR = 1.658). Having fewer total residents 

lso predicted greater risk of assignment to both the L2 and M2 

roups, relative to the H2 group (L2 RRR = 0.996; M2 RRR = 0.991). 

reater population density also predicted greater risk of assign- 

ent to the M2 group relative to the H2 group (RRR = 1.547). 3 

Figure 5 describes a map plotted and coded based on second 

ave trajectory group assignment. In contrast to the first wave 

ap in Figure 3 , a very strong spatial pattern is present such that

 low trajectory group is clearly visible in the City of Flint. Almost 

ll of the CBGs appearing in the high group, meanwhile, appear 

n Genesee County’s suburbs, which are predominately White and 

ave a lower poverty rate. This provides further evidence that an 

nitial racial disparity in COVID-19 cases was eliminated by the sec- 

nd wave. 
3 Sensitivity analyses examined the ratio of African-American residents in each 

BG as a predictor of trajectory group assignment, rather than White residents. Re- 

ults generally were similar, with having a greater ratio of African-American resi- 

ents predicting higher odds of assignment to the H1 group in the first wave and 

ace remaining a nonsignificant predictor for the second wave. 
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iscussion 

Our first key finding—that a racial disparity existed in COVID- 

9 case rates during the first wave in spring 2020—precipitated 

he subsequent work identifying latent attributes driving COVID- 

9 infection. Analyses indicated that the two waves of COVID-19 

ases observed in Genesee County during the first year of the pan- 

emic were driven by surges in communities with different demo- 

raphic compositions. In the first wave (supporting our preliminary 

esults), the highest case counts were seen in the City of Flint and 

urrounding areas, which are marked by higher socioeconomic dis- 

ress and thus greater vulnerability to severe COVID-19 cases [14–

5] . Economic distress was also a significant factor at the P ≤ .10 

evel. While not significant at the traditional threshold, sensitivity 

nalyses indicated that removal of the total number of residents 

ariable resulted in this becoming a significant predictor, indicating 

hat more distressed CBGs were more likely to be in the H1 group. 

his indicates that economic distress must be considered when un- 

erstanding drivers of the first wave. The highest case counts of 

he second wave, meanwhile, were observed among the more af- 

uent and more populous CBGs in Genesee County. 

Important implications can be drawn from the findings of our 

tudy. Foremost, it offers insights into the way the COVID-19 

andemic became politically charged, with suburban, rural, and 

hiter areas being more likely to eschew masking and phys- 

cal distancing mandates [16–18] . While predominately African- 

merican Flint was disproportionately affected in the first wave, 

he second wave was more visible in southern Genesee County. 

Second, our partnership with the Genesee County Health De- 

artment allowed this information to be continuously provided to 
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Figure 3. Trajectory Groups for the First Wave of COVID-19 Cases, Genesee County, 

March 1, 2020 to June 20, 2020. 

Figure 4. Second Wave of COVID-19 Cases Aggregated by Census Block Group Tra- 

jectory Model. 
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Figure 5. Trajectory Groups for the Second Wave of COVID-19 Cases, Genesee 

County, August 16, 2020 to January 17, 2021. 
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takeholders and the general public via the creation of a COVID 

isparities Dashboard [19] . Through this work and related advo- 

acy, we highlighted the elimination of a racial disparity in COVID 

aseloads prior to the onset of the second wave [20] ; the lack of a

acial disparity in the second wave supports this assertion. 

One limitation is an inability to parse out reasons for the dif- 

erences in predictors of the H1 and H2 groups between waves. 

hile race and affluence appear to be predictors, underlying rea- 

ons why these differences existed is beyond the scope of this 

tudy. More affluent CBGs driving high case counts in the second 

ave model provides an example here. As noted, lax social dis- 
33 
ancing and other behavioral differences among residents of more 

ffluent CBGs may have led to high case counts there. Alterna- 

ively, residents of more economically distressed neighborhoods 

ay have been getting tested at lower rates because of precarious 

mployment and/or finances. A positive test may mean a quaran- 

ine that would lead to further economic peril that these individu- 

ls could not afford, thus their case counts would be artificially de- 

ated. These competing mechanisms provide an example of these 

ata limitations and highlight the need for future research to in- 

errogate these points further so that public health interventions, 

olicy, and outreach can be more effectively targeted. 

RB approval 

The Genesee County Health Department and Michigan State 

niversity Institutional Review Board approved this study. 
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