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Abstract
The COVID-19 pandemic and its associated mitigation strategies have significant psychosocial, behavioral, socioeconomic, 
and health impacts, particularly in vulnerable US populations. Different factors have been identified as influencers of the 
transmission rate; however, the effects of area deprivation index (as a measure of social determinants of health, SDoH) as a 
factor on COVID-19 disease early dynamics have not been established. We determined the effects of area deprivation index 
(ADI) and demographic factors on COVID-19 outcomes in Washington, D.C. This retrospective study used publicly avail-
able data on COVID-19 cases and mortality of Washington, D.C., during March 31st–July 4th, 2020. The main predictors 
included area deprivation index (ADI), age, and race/ethnicity. The ADI of each census block groups in D.C. (n=433) were 
obtained from Neighborhood Atlas map. Using a machine learning-based algorithm, the outcome variables were partitioned 
into time intervals: time duration  (Pi, days), rate of change coefficient  (Ei), and time segment load  (Pi×Ei) for transmission 
rate and mortality. Correlation analysis and multiple linear regression models were used to determine associations between 
predictors and outcome variables. COVID-19 early transmission rate  (E1) was highly correlated with ADI (SDoH; r= 0.88, 
p=0.0044) of the Washington, D.C. community. We also found positive association between ADI, age (0–17 years, r=0.91, 
p=0.0019), and race (African American/Black, r=0.86; p=0.0068) and COVID-19 outcomes. There was high variability in 
early transmission across the geographic regions (i.e., wards) of Washington, D.C., and this variability was driven by race/
ethnic composition and ADI. Understanding the association of COVID-19 disease early transmission and mortality dynam-
ics and key socio-demographic risk factors such as age, race, and ADI, as a measure of social determinants, will contribute 
to health equity/equality and distribution of economic resources/assistance and is essential for future predictive modeling 
of the COVID-19 pandemic to limit morbidity and mortality.

Keywords COVID-19 pandemic · Social determinants · Race/ethnicity · Age · Disparity · Area deprivation index · Case 
study

Introduction

The coronavirus disease 2019 (COVID-19) caused by the 
SARS-CoV-2 (severe acute respiratory syndrome coronavirus) 
is a global pandemic and health emergency with impact on the 

USA. As of August 10th, 2020, out of 19,919,559 confirmed 
cases globally, 5,058,464 have occurred in the United States 
(US) [1]. In the US, Washington, D.C., is a major focus due 
to the intersectionality of its municipal and federal govern-
ment. Different factors have been identified as influencers of 
the transmission rate and the impact of the virus [2–4]. This 
global pandemic has highlighted the disparities in health, 
and the opportunity to address these underlying inequalities 
especially in vulnerable populations and groups [5]. Daily 
COVID-19 prevalence and mortality estimate in different geo-
graphic areas in the USA show a consistent pattern of racial/
ethnic differences. A recent US Center for Disease Control 
and Prevention (CDC) report found that Black and Hispanic 
children are more likely to be hospitalized due to coronavirus 
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than non-Hispanic White (NHW) children. More specifically, 
Hispanic children had highest coronavirus hospitalization rate 
of 16.4 per 100,000 people, followed by Black children at 10.5 
per 100,000 compared to 2.1 per 100,000 in NHW children. 
This was based on hospitalization record from 14 states dated 
March through July 4 [6].

In terms of mortality, African American and Latino com-
munities experience non-disproportionately higher mortal-
ity rate compared to non-Hispanic White communities, even 
though these groups comprise only 13% and 18% of the US 
population, respectively [6]. The mortality rate for COVID-19 
among African Americans (80.4 deaths per 100,000) is more 
than 2-fold higher than Whites (35.9 deaths per 100,000). The 
age-adjusted COVID-19 mortality rate is 3.7 times higher in 
Black Americans compared with Whites. In majority of the 
reported states including Washington, D.C., African Ameri-
cans comprise higher proportion of deaths relative to their 
percentage in those jurisdictions’ population [7].

Social determinants of health drive 80% of population health 
outcomes. According to the health equity report for D.C., some 
of the key social determinants of health include income, educa-
tion, housing, employment, and transportation [8, 9]. Area dep-
ravation index (ADI) is a measure of social determinants which 
factors in domains of income, education, employment, and hous-
ing quality [10]. ADI provides an area-based measure of how 
socioeconomically deprived residents of that area are on average 
[11, 12]. The ADI has been associated with increased prevalence 
of adverse health and healthcare outcomes including community 
incidence of COVID-19 in a US metropolis [10, 13–15].

As more COVID-19 daily incidence and mortality data 
emerge, it is important to understand the complex underlying 
causes of health disparities including social determinants of 
health, economic and educational disadvantages, healthcare 
access, and quality. A more comprehensive analysis of poten-
tial determinants (mediators and moderators) might explain 
the associations between vulnerability and health disparities 
that cut across multiple levels [16]. The objective of this study 
was to assess the relationships between area deprivation index 
(ADI, a measure of social determinant), demographic and 
healthcare services characteristics, and COVID-19 transmis-
sion and mortality rates in D.C. wards (neighborhoods) and in 
the surrounding counties in Virginia and Maryland (Fig. 1).

Materials and Methods

Data Collection, Measures, and Analysis

COVID-19 Data Source for Washington, D.C., and Adjacent 
Counties

The publicly available COVID-19 confirmed case count 
data, including daily confirmed (laboratory confirmed) 

cases, and death data were collected from the Center for 
Systems Science and Engineering (CSSE) Coronavirus 
Resource Center at the Johns Hopkins University. COVID-
19 case numbers (morbidity) and deaths (mortality) data 
for Washington, D.C., at ward level (neighborhoods) and 
selected adjacent counties Prince George’s County (MD), 
Montgomery County (MD), Fairfax County (VA), Arling-
ton (VA), and Alexandria City (VA) were collected from 
March 31st through July 4th, 2020.

Cross-sectional Data The COVID-19 confirmed cases and 
deaths collected were readjusted to the ratio of the number 
of COVID-19 cases/death to population size for 100,000 
people as previously described [17]. Therefore, the cases 
and deaths are presented in Table 1 as per 100,000 people. 
The case fatality rate (i.e., number of death/total number of 
confirmed cases) was calculated for the D.C./county level 
and D.C. ward level.

Data Sources for Covariates

Area Deprivation Index Data Area deprivation index (ADI) 
data for D.C. were obtained from already computed ADI 
scores from the Neighborhood Atlas [10] as previously 

Fig. 1  Map of Washington, D.C., at ward level and adjacent counties 
in Virginia and Maryland
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described by Knighton et al. [18] and Singh [19]. The ADI 
data was collected for census block group (BG) for each 
D.C. ward. A census block is the smallest geographic unit 
and according to the US Census Bureau geographic terms 
and concepts, the BGs have unique numerical identity within 
the census tract, and they never cross state, county, or census 
tract boundaries. Washington, D.C., is divided into eight 
wards, each with different population size and varying 
demographics [13]. Each neighborhood is assigned a rank-
ing based on the ADI [10]. The D.C. wards with a higher 
ADI ranking are most disadvantaged. The ADI national 
composite scale (1–100) where 1–10 is least disadvantaged 
and 90–100 is most disadvantaged as described previously 
[18, 19]. The ADI data were collected on the D.C. census 
block groups (BG; n=433) as of 2013 as shown in Table 1. 
We superimposed the block-level map with the ward divi-
sion map using neighborhoods as landmarks. The ADI for 
the BGs (average) were aggregated at the D.C. ward levels. 
Similarly, we obtained the ADI for Prince George’s County, 
MD (total census blocks=515), Montgomery County, MD 
(total census blocks=185), Fairfax County, VA (total census 
blocks=659), Arlington, VA (total census blocks=176), and 
Alexandria City (total census blocks=105).

Demographic Data Demographic data collected from DC 
Health Matters (www. dchea lthma tters. org) were used. The 
population age group structure data were gathered for 0–17 
years, 18–24 years, and 65 years at the ward level. Data 
on racial/ethnic distribution for each ward was collected for 
Latino/Hispanics, African Americans/Blacks (AA), non-
Hispanic Whites, and Asians.

Healthcare Services Data Data on number of beds in long-
term care nursing facilities in each D.C. ward was collected 
from DC Health Matters (www. dchea lthma tters. org). There 
are a total of 18 long-term care nursing facilities in D.C., 
where wards 1, 4, and 7 have 1 facility each; wards 2 and 3 
have 2 facilities each; ward 6 has 3; and wards 5 and 8 each 
have 4 facilities. The total number of beds at the ward level 
was tallied as presented in Table 1.

Outcome Variables Analysis

An algorithm for data-driven phasic model was developed 
and used to efficiently capture the transmission time series/
points  (Pi; duration) and transmission coefficient  (Ei) and 
time segment load (R0) with an R2 of 90% or more. The com-
monly used models for longitudinal data selection include 
Akaike information criterion (AIC) and the Bayesian infor-
mation criterion (BIC) [20, 21]. In the current study, we 
performed time-series segmentation using a computational 
algorithm. The goal of this algorithm was to segment time 
series of transmission into multiple time points/duration 

 (Pi;  P1,  P2,  P3, …, etc.), i.e., change in transmission rate as 
function of duration; and transmission coefficient  (Ei) for 
COVID-19 morbidity and mortality rates. We also estimated 
the time segment load/ratio (R0) as the product of  Pi and 
 Ei. This data segmentation algorithm identifies the points at 
which the behavior of the curve changes, i.e., the slope of 
the transmission rate changes. In this process, the segmenta-
tion was done by the following steps: (1) taking natural log 
values for our dependent variable to linearize the model; (2) 
taking the third derivative and marking the points where the 
third derivative changes sign; (3) fitting a linear regression 
to the data points between each consecutive marked point; 
(4) finding the two lines with the least difference in slope. 
If merging these two lines results in an R2 value higher than 
the threshold, merge them and go to step 3. Else, the process 
ends. The R2 value in step 4 is calculated after raising both 
prediction and ground truth to the power of 10 to remove the 
effect of log. The threshold was determined by matching the 
algorithm’s output with human expert’s assessment.

Statistical Analysis

Statistical data analysis was done using JMP statistical 
software, version 15.0 [22] (SAS Institute Inc., Cary, 
NC, 1989–2019). Descriptive statistical analysis was 
performed to characterize the predictors and outcome 
variables of the study and the results are presented in 
supplementary tables. The continuous variables were 
summarized as mean, standard deviation (SD), standard 
error of the mean (SE), 95% confidence interval (CI), 
75% quartile, 25% quartile (Q), and interquartile range 
(IQR). The association between predictors (ADI, age, 
race/ethnicity, long-term care facility capacity (number 
of beds), and outcome variables (transmission and mor-
tality)) were measured using correlation analysis and the 
results are presented as correlation coefficients. Based 
on the individual predictors’ association with outcome 
variables, further analysis was done using multiple lin-
ear regression. Multiple linear regression analyzed the 
covariates influencing the COVID-19 transmission out-
come variables for D.C. ward level. All assumptions 
and conditions of the linear regression model have been 
addressed in the analysis (normality of residuals, lin-
earity, and homoscedasticity). Bivariate density ellipse 
analysis at 0.95 was done to check the linearity of the 
covariates (correlation coefficient of <0.20 cutoff). 
The covariates ages 18–24 and 65, number of beds, and 
number of long-term care facilities were excluded from 
the analysis based on the cutoff. The multiple linear 
regression was performed with the standard least square 
method using backward selection using all the covari-
ates that satisfied the assumptions of the analysis. The 
statistical significance was tested at p< .05.
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Results

Washington, D.C. Demographic Description

The District of Columbia is geographically divided into 8 
wards and the detailed population demographic is presented 
in Table 1. Out of the 712,834 total D.C. population, 44.7% 
are African Americans, 41.2% are Whites, and 11.9% are 
Latinos/Hispanics.

Predictor Variables The predictors in this study include 
ADI, age structure (0–17, 18–24, and 65+ years), and race/
ethnic distribution. Table 2 presents the summary of descrip-
tive statistics of the predictor variables. The ADI means for 
each ward in D.C. range from 5.027  to 59.98  with ward 3 
having lowest ADI and ward 8 has the highest. The aver-
age ADI for Washington, D.C., was 23.47 (SD = 20.08), 
and t-test analysis results showed significant variation in 
ADI (t(df=7) = 6.48; p = 0.0003) among the D.C. wards 
as reported in Table 1. More disadvantaged wards are those 
with a higher ADI score.

Age Structure The average age structure for D.C. includes 
0–17 (19.37%, SD = 6.34), 18–24 (8.74%, SD = 2.73), and 
≥ 65 years (13.14%, SD = 3.60). There are statistically sig-
nificant population variations in age structure among the 

wards for 0–17 (t(df=7) = 8.48, p < .0001), 18–24 (t(df=7) 
= 9.07 p < .0001), and 65 years (t(df=7) =10.32, p < .0001) 
as presented in Table 3. Ward 8 has the highest 0–17 age 
group population (29.1%), whereas ward 2 has the lowest 
(10.4%). A greater majority of 65 age group are found in 
ward 3 (18.8%), and ward 1 has the least population (8.7%) 
of 65 age group residents in D.C. The D.C. population age 
distribution and ADI at the ward level are presented in 
Table 1.

Race/Ethnic Distribution The highest concentration of Non-
hispanic Whites (81.5%) is in ward 3 with mean ADI of 
3.4, whereas the greater proportion of African Americans 
lives in ward 7 (92.1%) and ward 8 (92.1%) with ADI scores 
of 48.97 and 59.98, respectively. The other minority racial 
population groups such as Asians and Latinos/Hispanics also 
live in different wards.

COVID-19 Outcome Variables Figure 2 presents (a) the time 
point/duration of disease spread  (P1,  P2, and  P3), (b) trans-
mission rate  (E1,  E2,  E3), and (c) time segment load  (P1*E1), 
respectively. The overall early transmission rate  (E1) for D.C. 
is 0.049 (SD = 0.023), and the early transmission duration 
of 12.88 days (SD =10.25). The means and SD for the rate 
of change coefficient  (Ei), time point/duration  (Pi, days), and 
the time segment load  (Pi*Ei) for transmission and mortality 
for D.C. ward level are presented in supplementary table 1. 

Table 2  Summary of association between COVID-19 early dynamics and race/ethnicity, age, and ADI in D.C. ward level

r, correlation value; ns, not significant at p-value = p<0.05; red highlight is significant, and green is tendency; E1, coefficient/slope; P1, duration, 
inflection time point (days); P1*E1, time segment load
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There is statistically significant disparity in the transmission 
 E1 and  P1 (p = .0093) at the ward level. Ward 8 had the high-
est (0.085) early transmission rate  E1, and the lowest early 
transmission  E1 was observed in ward 2 (0.018). In terms of 
time point or transmission duration, ward 2 had the longest 
early transmission duration of 36 days, where wards 1, 4, 5, 
7, and 8 recorded the shortest early transmission duration 
of 7 days each.

The initial mortality rate  (E1) for D.C. was 0.089 (SD = 
0.069). Ward 2 has the highest early mortality rate (0.23), 
and the lowest rate was found in ward 6 (0.02). In addition, 
for mortality duration  (P1), ward 5 had the shortest early 
mortality duration of 8 days, whereas ward 6 reported the 
longest (27 days).

ADI and COVID-19 Disease Early Transmission Dynamics and 
Mortality Table 2 presents the association between ADI and 
transmission and mortality time point  (P1), rate exponential 
constant  (E1), and time segment load  (P1*E1) for D.C. ward 
level. Our results show that initial COVID-19 transmission 
rate,  E1, is associated with ADI score. There was statistically 
significant positive association between ADI and COVID-
19 early transmission rate  (E1; 95% CI = 0.55, 0.98, p = 
0.0019). Generally, a higher ADI score was associated with 
higher COVID-19 transmission rate  E1. The early transmis-
sion rate  (E1) was higher in more socially disadvantages 
wards (i.e., wards with high ADI scores). The D.C. wards 4, 

5, 7, and 8 have a higher initial transmission rate for COVID-
19, and these wards lack resources. Additionally, wards 7 
and 8 have high ADI scores and have greater majority of 
African Americans compared to Whites. In terms of time 
segment load of mortality, there was no association with 
ADI. We observed higher risk of COVID-19 transmission 
dynamics and disease burden in socially disadvantage geo-
graphic areas (in terms of ADI). Our study results demon-
strate that ADI has an impact on COVID-19 transmission 
but not mortality in the District of Columbia.

Age and COVID-19 Disease Early Transmission Dynamics 
and Mortality Table 2 presents the associations between 
age structure and COVID-19 disease early transmission 
and mortality dynamics at D.C. ward level. There is sta-
tistically significant positive association between 0–17 
age group and initial transmission rate  (E1) (95% CI = 
0.56–0.98; r = 0.91; p =.0019). Initial transmission rate 
 (E1) has no statistically significant relation with age 
groups 18–24 or 65. The transmission duration  P1 is only 
associated with age group 18–24 (95% CI = 0.09–0.95; 
r = 0.75; p =.0337). There was no relationship between 
mortality and age. Similar results were found for second 
transmission rate  (P2,  E2,  P2*E2) and third transmission 
rate  (P3,  E3, and  P3*E3) as provided in supplementary 
tables 3 and 4.

Table 3  Summary of association between COVID-19 early and race/ethnicity, age, and ADI in Washington, D.C., and adjacent counties (county/
district level)
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Race/Ethnicity and COVID-19 Outcomes There is significant 
positive association between initial transmission rate  E1 
and race/ethnicity: AA (r= 0.86, p = .0068), non-Hispanic 
Whites (95% CI = −0.97 to −0.46; r= −0.88; p = .0041), 
and Asians (95% CI = −0.98 to −0.54; r = 0.90; p = .0022) 
(Table 3). However, there is no relation between Latino and 
initial transmission rate  (E1). For transmission duration  P1, 
the only association was identified with Asian population 
(95% CI= 0.07 to −0.95; r = 0.74; p = .0373) as shown in 
Table 2. There is a positive correlation between Asian popu-
lation and transmission duration  (P1) at D.C. ward level. This 
may be because of their contact patterns or less adherence to 
mitigation strategies. Ward 8 has the highest initial transmis-
sion rate  (E1) and ward 2 has the lowest. The highest trans-
mission duration,  P1, is observed in ward 2 (36 days), and 
the least duration (7 days) in wards 1, 4, 5, 7, and 8. Also, 
ward 8 has the most AA population (92.06%), and ward 3 
has the least (5.39%). Ward 3 has most non-Hispanic Whites 

(81.49%), and ward 7 has the least (2.97%). There was no 
relationship between mortality and race/ethnicity.

Cross-sectional Analysis Results The geographic distribu-
tion of COVID-19 laboratory confirmed case, deaths per 
100,000, and case fatality rate of Washington, D.C., at ward 
level and adjacent counties in Virginia and Maryland is pre-
sented in Table 1. As of July 4th, 2020, Washington, D.C., 
had reported a 10,311 total COVID-19 cases (1446 cases 
per 100,000), and 425 deaths (59 deaths per 100,000). All 
the 8 geographically assigned wards have reported cases of 
COVID-19. Ward 4 had the highest total confirmed cases 
(24,580 per 100,000), but ward 8 had the highest recorded 
deaths (141 per 100,000). The highest case fatality rate of 
6.6% was recorded in ward 3. Comparing D.C. to the adja-
cent counties in Virginia and Maryland, Prince George’s 
County (MD) had higher number of confirmed cases (2192 
per 100,000) and deaths (77 per 100,0000) compared to 
D.C. (59 per 100,000). Alexandria City, VA, had the least 
case fatality rate (2.4%), and highest rate was recorded in 
Arlington County (5.2%). The means and SD for the rate of 
change coefficient  (Ei), time point/duration  (Pi, days), and 
the time segment load  (Pi*Ei) for transmission and mortal-
ity for D.C. and adjacent counties are presented (supple-
mentary table 2). Table 3 presents the associations between 
age structure and COVID-19 disease early transmission and 
mortality dynamics at D.C./adjacent county level. There was 
significant positive association between ADI and COVID-
19 confirmed cases per 100,000 (r=0.82, p=0.0437). 
Non-Hispanic White population was negatively associated 
with COVID-19 confirmed cases per 100,000 (r= −0.89, 
p=0.0187). However, there was no relationship between all 
the predictors and COVID-19 early transmission outcome 
variables  (P1,  E1, and  P1*E1), deaths per 100,000, and case 
fatality rate as shown in Table 3. We observed an association 
between COVID-19 mortality outcome variable  (P1*E1) and 
ADI (r=0.96, p=0.0029), race AA (r=0.84, p=0.0345), and 
Asian (r= −0.82, p=0.0480).

Multiple Regression Model

Table 4 presents multiple linear regression analysis of 
socioeconomic and demographic factors and COVID-19 
transmission outcome variables rate  E1 and duration  P1. 
For transmission rate  E1, the significant predictors/covari-
ates to the regression model were ADI (CI: 0.009–0.014; 
p=0.0006), age 0–17 (CI: 0.0028–0.004; p=0.0041), race 
AA (CI: −0.0022 to −0.0014; p=0.0006), and race non-
Hispanic Whites (CI: −0.0015 to −0.0008; p=0.0018). 
However, Asian (p=0.1045) was not significant predictor 
in the multiple regression model. The best fitted multi-
ple linear regression model for transmission  E1 is shown 
below:

Fig. 2  Geographic distribution of COVID-19 transmission and mor-
tality outcome variables by a length (days  P1), b rate  (E1), and c time 
segment load  (P1*E1) in D.C. ward level
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Transmission  E1 (y) = 0.047 + 0.01 (ADI) + 0.003 (Age 
0–17) − 0.0018 (Race AA) − 0.0011 (Non-Hispanic 
Whites). The accuracy of the model is 99.6642% (i.e., 
R2= 0.998561, and adjusted R2=0.996642).

For the transmission duration  P1, the significant pre-
dictors observed were Asian (p=0.0144; CI: 5.53–23.73) 
and non-Hispanic Whites (p=0.0200; CI: −2.52 to −0.44). 
However, age 0–17 (p=0.1145) and ADI (p=0.0673) were 
not significant predictors in the multivariable regression 
model for  P1. The best fitted multiple linear regression 
model for transmission  P1 is shown below:

Transmission  P1 (y) = 12.68 + 14.63 (Asian) − 1.48 
(Non-Hispanic Whites) − 6.28 (ADI) + 1.76 (Age 0–17)

The accuracy of the regression model is 87.78% (i.e., 
R2= 0.9476, and adjusted R2=0.8778).

Discussion

In this study, we determined the effects of area deprivation 
index (ADI, a measure of social determinant) and demo-
graphic factors (age and race/ethnicity) on COVID-19 dis-
ease early transmission dynamics and burden (morbidity and 
mortality) in Washington, D.C. We demonstrated that early 
transmission is highly correlated with racial/ethnic compo-
sition, age structure, and the social determinants (as meas-
ured by ADI) of the Washington, D.C. community, and our 
findings support previous studies (e.g., [5]). Various studies 
on COVID-19 disease show that many US populations that 
were previously known to bear the consequences of dispari-
ties in health outcomes are now experiencing the additional 

burden of disproportionate COVID-19 disease morbidity 
and mortality. These vulnerable populations share several 
social determinants of health (SDoH). Using ADI, as meas-
ure of SDoH, we observed a great disparity in ADI among 
wards in Washington, D.C. Our findings also showed signifi-
cant positive association between ADI and COVID-19 early 
transmission rate. Our results support recent study findings 
by Madhav et al. [23] in Louisiana state that ADI affects 
COVID-19 risk at the granular neighborhood environment 
level. Area depravation index (ADI) as a measure of social 
determinants considers income, education, employment, and 
housing quality [10]. Systemic inequities in health, social 
status, and income contribute to increased risk of COVID-19 
transmission in deprived neighborhoods [6, 24]. The D.C. 
wards 7 and 8 with higher ADI score (more-disadvantaged 
neighborhood) also recorded higher initial transmission rate 
for COVID-19, which may be due to their lack of resources. 
Other studies also show that in low-income or deprived 
regions, higher COVID-19 incidence, and mortality have 
been observed [25–27]. Recent findings by Bilal et al. [26] 
reported a 36% increased incidence of COVID-19 in less 
deprived neighborhoods.

Racial/ethnic distribution has been reported as a major 
moderating factor in COVID-19 disease. Our findings 
demonstrated positive association between initial trans-
mission rate  E1 and African American population in D.C. 
This result suggests African Americans are at higher risk 
of increased initial disease transmission rate which support 
previous findings by Raifman and Raifman [28]. This situ-
ation is likely because African American/Blacks and other 
vulnerable minority population live in low-income regions 
coupled by structural disparities in wealth, medical insur-
ance, facilities, and others [29]. Furthermore, African 
Americans are more likely to have chronic medical condi-
tions such as hypertension, diabetes, heart disease, and 

Table 4  Multiple linear regression analysis of socioeconomic and demographic factors and COVID-19 transmission outcome variables in D.C. 
ward level

Note: *statistically significant at p<0.05 , ns is not significant at p<0.05.

Predictor variables Transmission  E1 Transmission  P1

Standardized coef-
ficient

t value p 95% CI Standardized 
coefficient

t value p 95% CI

Beta SE Lower Upper Beta SE Lower Upper

ADI 0.012 0.0008 26.47 0.0006* 0.009 0.014 −6.28 2.24 −2.81 0.0673 ns −13.41 0.83
Race
  AA −0.0018 0.0001 −15.37 0.0006* −0.0022 −0.0014 - - - - - -
  NH Whites −0.0011 0.0011 −10.55 0.0018* −0.0015 −0.0008 −1.48 0.33 4.54 0.0200 * −2.5 −0.44
  Asian - - - - - - 14.63 2.86 5.12 0.0144* 5.5 23.73
Age
  0–17 0.003 0.0002 16.79 0.0005* 0.0028 0.0041
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obesity, which are related to increased risk of illness from 
COVID-19. Additionally, African Americans also usu-
ally live in crowded housing, work at crowed workplace/
worksite, and are more likely to rely on public transporta-
tion that exposes them to an increased risk for COVID-19 
disease [30, 31]. On the other hand, our findings showed 
no association between mortality and other race/ethnicity 
except Latinos/Hispanics. Most of recent studies found 
that African Americans comprise higher proportion of 
deaths relative to their percentage in those jurisdictions’ 
population [32]. In contrast with Egbert [32] study, we 
found no association between AA population and disease 
mortality for Washington, D.C., during early transmission 
period.

For Washington, D.C., our findings were contrary to 
previous studies that found 65-and-older group has higher 
risk of disease transmission rate and mortality [33, 34]. 
A study by Wu et al. [33] reported that in Wuhan, China 
(where the disease was first reported), ages below 30 and 
above 59 have higher mortality rate when they develop 
symptoms of the disease. Although some previous stud-
ies have shown that children and young adults (ages 0–17 
years) are susceptible to the SARS-CoV-2 infection, very 
few studies have focused on the potential severity of the 
disease in the younger age group. In the current study, 
we found a strong positive association between age (0–17 
years) and confirmed cases (per 100,000), early transmis-
sion rate  (E1), and deaths (per 100,000). Our results sup-
port the finding of DeBiasi et al. [35] that highlighted the 
potential COVID-19 severity in pediatric population (0–15 
years) in Washington, D.C.

In summary, we observed a great disparity in area dep-
rivation index among Washington, D.C. wards. There is 
high variability in early transmission across the geographic 
regions of Washington, D.C. (neighborhood), and this vari-
ability is driven by race/ethnic composition and social deter-
minants (as measured by ADI). Mortality on the other hand 
is not correlated with race, age, and ADI at community-wide 
population. This may enable better interpreting the pandemic 
trajectory in terms of social risk factors in Washington, D.C.
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