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Abstract
The novel COVID-19 outbreak is a major public health challenge that quickly turned into an economic recession of great 
proportions. This pandemic poses a trade-off between health and the economy where social distancing, quarantines, and 
isolation shut down demand and supply chains across the USA. This paper analyzes the impact of COVID-19 on illness and 
death among older adults and communities of color with low socioeconomic status in New York City. To achieve this goal, 
fractional logit models are used to capture changes in the novel virus’ morbidity and mortality rates at the neighborhood level. 
Median income, race/ethnicity, age, household crowding, and socially interactive employment explained the disproportionate 
exposure and fatalities across the city. We also employ a variable related to telehealth/telemedicine to sustain that technology 
goods along with government intervention as a provider of social goods can ameliorate existing health disparities. There is 
a need for evidence-based data on the economic costs and social benefits of COVID-19 relief programs.
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Introduction

Infectious disease outbreaks spread rapidly across coun-
tries and get deep into nations reaching urban and rural 
communities, often affecting the most vulnerable popula-
tions across race/ethnicity, socioeconomic status, and age. 
We argue that COVID-19 had a strong negative impact on 

domestic economies worldwide and that the use of health 
technologies is instrumental in reversing this adverse trend. 
During the previous decade, the global pandemic caused 
by the influenza A (H1N1) strain reinforced a discussion 
about the control of future pandemics. A lot of studies 
emphasize that an effective global response is related to 
how healthcare technology is distributed, including vac-
cines and the support of low-income countries (Fineberg 
2015; Ross et al. 2015). Furthermore, the role of health dis-
parities and how pandemics most affect vulnerable popula-
tions was indicated from the H1N1 pandemic (Balter et al. 
2010; Quinn et al. 2011). Large metropolitan concentra-
tions provide infinite scenarios for the spread of pulmonary 
viruses such as the Severe Acute Respiratory Syndrome 
CoronaVirus 2 (SARS-CoV-2) which causes CoronaVirus 
Disease 2019 (COVID-19). The SARS-CoV-2 strain is a 
viral infection causing respiratory illnesses that can lead 
to death, particularly for older adults with pre-existing 
conditions (Guo et al. 2020; Hamed 2020; Driggin et al. 
2020). This virus is highly transmissible from person to 
person through aerosolized respiratory droplets and may 
cause death in a median time of 18.5 days since the time 
of the infection among people with severe underlying 
medical conditions (Zhou et al. 2020). The first case of 
COVID-19 was identified in Wuhan, China, but the virus 

 * Andreas Kakolyris 
 akakolyr@kean.edu

 Juan J. DelaCruz 
 Juan.DelaCruz2@lehman.cuny.edu

 Christos I. Giannikos 
 CGiannikos@gc.cuny.edu

1 School of Finance & Accounting, College of Business 
and Public Management, Kean University, Union, NJ 07083, 
USA

2 Department of Economics and Business, Lehman College 
- City University of New York, 250 Bedford Park Blvd W, 
Bronx, NY, USA

3 Economics, Graduate Center - City University of New York, 
New York, NY, USA

4 Bert W. Wasserman Department of Economics and Finance, 
Baruch College - City University of New York, 365 Fifth 
Avenue, New York, NY 10016, USA

http://orcid.org/0000-0002-0650-6550
http://orcid.org/0000-0002-7919-0147
http://orcid.org/0000-0003-1532-3577
http://crossmark.crossref.org/dialog/?doi=10.1007/s41996-021-00089-y&domain=pdf


 Journal of Economics, Race, and Policy

1 3

moved fast across the rest of the world, including the USA. 
Worldwide, the number of confirmed cases and the num-
ber of total deaths are both increasing at alarming rates, 
particularly affecting the developed countries plus India, 
Mexico, and Brazil. As of September 2020, the USA alone 
accounted for more than 23% of the diagnoses and about 
21% of the deaths globally. New York, New Jersey, and 
Massachusetts are the states with the highest mortality 
rates per 100,000 inhabitants (Center for Disease Control 
and Prevention (CDC) 2020; Coronavirus Resource Center 
at John Hopkins University 2020).

The human cost of COVID-19 epitomizes the vulner-
ability of the social fabric and the fragility of the economic 
structure to health shocks. This epidemic started as a pub-
lic health concern of unusual high morbidity and mortal-
ity rates and rapidly turned into a sui generis pandemic 
which induced a recession of sizable dimensions. COVID-
19 poses a trade-off between disease and the economy: an 
increasing number of cases and deaths associated with this 
novel virus triggers social distancing and travel restric-
tions to decrease community transmission, slowing down 
economic activity. Restrictions on social and interpersonal 
contact have caused severe reductions in aggregate demand, 
high unemployment, and household income losses. Isola-
tion and enforced quarantines have reduced the likelihood 
of new infections but caused severe aggregate demand and 
aggregate supply shocks across the US markets. In this 
trade-off between health and economics, medical tech-
nologies along with targeted government policy are key to 
reducing the negative impact of COVID-19 and can expe-
dite economic recovery. The federal government mandated 
a nationwide ban on travel from or to China on January 31, 
2020, even though the number of confirmed cases was very 
low. The World Health Organization declared COVID-19 
a global epidemic on March 11, 2020, and recommended 
isolation and social distancing for people with mild respira-
tory symptoms, even for areas with no cases reported at 
the time (Cucinotta and Vanelli 2020). However, on March 
20, 2020, the New York State government mandated clos-
ing down non-essential business triggering a drastic reduc-
tion in economic activity; however, public transportation 
remained open.

Similar to other epidemics, for this novel COVID-19 out-
break, big differences have been recorded in the impact across 
the various neighborhoods of a metropolis, such as New York 
City, that motivate our study. The NYC Department of Health 
and Mental Hygiene (DHMH) (2020) reported that the most 
affected zip codes were located in underserved communities of 
color, such as working-class Hispanics and African Americans 
with low income.

Health, Technology, and Socioeconomic 
Disparities of COVID‑19

In a globalized society, a large proportion of the world popu-
lation live in densely crowded urban areas connected by air 
travel, high-speed roads, and extensive mass transportation 
that fosters the spread of communicable diseases (Zheng 
et al. 2020). There is evidence of the emergence of inequities 
associated with the social determinants of health as a result 
of the COVID-19 epidemic (Gollust et al. 2020; Benitez 
et al. 2020; Baumer et al. 2020). Previous studies have estab-
lished the multifactorial nature of disparities associated with 
the rise of epidemics, including those related to airborne 
diseases such as the Influenza A type H1N1 (Kumar et al. 
2012; Quinn et al. 2011; Blumenshine et al. 2008). Parallel 
to the HIV epidemic (DelaCruz and Karpiak 2015; DelaCruz 
et al. 2020), income inequality, differentials in exposure, and 
social stratification in New York City (NYC) enabled the 
rapid spread of COVID-19 and exacerbated existing health 
disparities among vulnerable populations. Both epidemics 
asymmetrically affected low-income neighborhoods where 
Blacks, Hispanics, and older adults disproportionately face 
negative health outcomes and experienced comorbidities 
that increase their risk for COVID-19. Additionally, pop-
ulation density, mass transportation, and the examination 
of health inequalities using zip code data in the absence of 
demographic and socioeconomic cross-sectional information 
have been associated with COVID-19 (Chen and Krieger  
2020; Zhao et al. 2020).

Cumulative morbidity and mortality indicators show that 
the number of positive COVID-19 cases was near 250,000, 
hospitalizations around 60,000, and confirmed deaths were 
almost 20,000 in NYC as of September 2020 (Fig. 1). The 
highest of these statistics occurred in low-income commu-
nities located in northern Manhattan, the Bronx, Brooklyn, 
and Queens. When stratifying COVID-19 cases, hospitaliza-
tions and deaths per 100,000 people by race/ethnicity, it is 
noticeable that these rates were higher among Hispanics and 
Blacks compared to Whites and Asians citywide (Fig. 2). 
Likewise, Fig. 3 shows a 7-day (date noted and the six prior 
days) moving average of the virus and antibody testing data; 
testing increased sharply throughout the timeframe of this 
study with an evident decline in the number of positive cases 
experienced during the last months. However, testing was 
higher in wealthy areas of Manhattan compared to any other 
borough in NYC. Hispanics experienced disproportionately 
negative impact regarding COVID-19 testing, cases, hos-
pitalization, and deaths than any other ethnic/racial group 
nation- and citywide (Macias-Gil et al. 2020; Ojinnaka et al. 
2020).
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Fig. 1  COVID-19 cumulative 
cases, hospitalizations, and 
deaths

0

50000

100000

150000

200000

250000

2/29/20 3/31/20 4/30/20 5/31/20 6/30/20 7/31/20 8/31/20

Cases Hospitalization Death

Fig. 2  COVID-19 cases, hospi-
talizations, and deaths by race/
ethnicity
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To investigate the relationship between the disease 
and its determinants, our model focuses on the first wave 
of COVID-19’s morbidity and mortality over the first 
4 months spanning up to the beginning of July 2020 in 
NYC. Due to the lack of reliable demographic and socio-
economic data on COVID-19, we used neighborhood 
information from the DHMH and the US Census Bureau 
(United States Census Bureau (USCB) 2020) to estimate 
the impact of the virus on vulnerable populations across 
race/ethnicity, age, and socioeconomic status. Table 1 
shows that the average number of cases per 100,000 was 
2702 (SD = 904.1). The wealthy neighborhoods of Bat-
tery Park and TriBeCa were the least affected with cases 
below 700 per 100,000 people while the poorest, working-
class zip codes of Bronx, Brooklyn, Staten Island, and 

Queens had more than 4000 events per 100,000 people. 
The mean number of deaths per 100,000 people was 214.0 
(SD = 114.2) and the share of those who tested positive for 
the virus was 9.5% (SD = 3.6%). As expected, the average 
death rate and the percentage of positive cases were the 
lowest for Battery Park and TriBeCa and the highest for 
many zip codes in the abovementioned boroughs. Figure 4 
displays scatter plots with positive correlations between 
morbidity rates and the share of Hispanics and Blacks 
per zip code with a coefficient of 31% and 30%, respec-
tively. Conversely, the share of Asians and the number of 
COVID-19 cases in each zip code are negatively correlated 
with a coefficient of − 21%. These graphs suggest that His-
panics and Blacks were more likely to be exposed to the 
disease than Asians.

Medical technologies have clearly bettered the quality of 
life of individuals and the population, but it is also known 
that it may contribute to health disparities (Timmermans and 
Kaufman 2020). The debate over the effects regarding the 
adoption of new technologies replicating socioeconomic sta-
tus and social inequities in health is far from over (Weiss et al. 
2018; Acemoglu 2002). The technology addresses dispari-
ties by improving the quality of medical care and healthcare 
delivery, which is important during public health crises and 
major epidemics. Health technologies associated with disease 
treatment and information have been instrumental in saving 

Fig. 3  COVID-19 testing in 
NYC. Source: NYC Health 
(https:// www1. nyc. gov/ site/ doh/ 
covid/ covid- 19- data. page). Rate 
per 100,000 people
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Table 1  COVID-19 by zip code (* = per 100,000)

Source: NYC Department of Health and Mental Hygiene. https:// 
www1. nyc. gov/ site/ doh/ covid/ covid- 19- data. page

Cases (*) Deaths (*) Percent positive

Mean 2702.8 214.0 9.5
Standard deviation (940.1) (114.2) (3.6)
Maximum 4895.5 717.0 15.5
Minimum 696.56 0 2.84

https://www1.nyc.gov/site/doh/covid/covid-19-data.page
https://www1.nyc.gov/site/doh/covid/covid-19-data.page
https://www1.nyc.gov/site/doh/covid/covid-19-data.page
https://www1.nyc.gov/site/doh/covid/covid-19-data.page
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lives and improving quality of life (Gonzalez 2018; Williams 
et al. 2019). Furthermore, technological advances in health are 
driven by private investments that often contribute to escalat-
ing medical costs. Positive externalities arising from the crea-
tion of private medical goods can be complemented with the 
provision of social goods through government regulation and 
spending. The benefits of supplying public goods would out-
weigh the already high costs of the COVID-19 pandemic by 
far. Our study focuses only on the use of telemedicine within 
the group of technologies. Telemedicine, as the delivery of 
high-level medical care remotely, has emerged strongly during 
the COVID-19 pandemic. But the use of these new digital plat-
forms where healthcare providers can continue serving their 
patients through virtual visits spotlights disparities induced by 
different degrees of familiarity with the use of internet. A lot 
of studies analyze data from healthcare systems in New York 
City with telemedicine services, and disparities in geography 
are identified (Chunara et al. 2021; Koziatek et al. 2020; Lam 
et al. 2021).

Methods

This study quantifies the impact of COVID-19 on morbid-
ity and mortality in 178 zip codes across the 5 boroughs 
of NYC. We identify features that caused and magnified 
health disparities arising from differentials in exposure to 
the disease associated with income, race/ethnicity, type 
of profession, the average number of occupants per room, 
and the share of the employed population who used public 
transportation or carpool for their commuting. The econo-
metric model predicts that disparate illness and death rates 
were shaped by gaps in income, household crowding, use 
of public transportation, and racial/ethnic differences simi-
larly to other studies regarding pandemics (Blumenshine 
et al. 2008; Almagro and Orane-Hutchinson 2020). The 
empirical parsimonious model was based on a fractional 
logit model, which is used to directly model the fractional 
outcomes “percentage of cases” (morbidity rate) and “per-
centage of deaths” (mortality rate) across NYC zip codes. 

Fig. 4  Scatter plots of morbidity 
rate and ethnicity. Source: US 
Census Bureau
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To ensure that the relative disease rates in NYC did not 
change drastically over the first wave within zip codes, 
the model was tested at different times within this period. 
We find that these results do not significantly differ from 
results for cumulative data as of July 9th 2020. The equa-
tions below show the dependent variables on the left-hand 
side representing the percentage of cases and deaths after 
the period of the first wave.

where �i is the zip code mortality rate measured as the num-
ber of deaths per 100,000 population and pi is the zip code 
morbidity rate measured as the number of positive tests per 
100,000 population on the left-hand sides of Eqs. (1), and (2) 
respectively. The right-hand side variables represent the deter-
minants of illness and death associated with COVID-19. These 
two equations include the logarithm of the median income by 
zip code to analyze the socioeconomic status and geographic 
distribution of infection rates. COVID-19 was primarily asso-
ciated to low-income individuals who live in those neighbor-
hoods. Both models have a dummy variable for Black and 
Hispanic zip codes (minority neighborhoods) that takes the 
value 1 when either the proportion of Hispanics or Blacks is 
more than 29.1% and 24.3% respectively and zero otherwise. 
According to the US Census Bureau, these shares represent 
the total proportion of Hispanics and Blacks in NYC. We also 
include a binary variable for age by zip code to express where 
the share of people 65 years and older is more than 15%, i.e., 
the average number of this age group in NYC areas, and to 
account for the association between age and the number of 
deaths. Older adults are a risky group for COVID-19 because 
they usually experience chronic illnesses (such as hyperten-
sion, diabetes, or obesity) associated with in-hospital mortality 
(Cummings et al. 2020). The Center for Disease Control and 
Prevention (2020) reported that the median age for a person 
to die from a COVID-19-related infection was 71 years. The 
first wave of the pandemic went through a national lockdown, 
but many industries were able to manage working from home 
(Bartik et al. 2020). A variable expressing the share of peo-
ple working in industries with either a high level of physical 
proximity and social engagement and/or low digital intensity 
that reflects the pace of technology was included to proxy the 

(1)

ln

(

�i

1 − �i

)

=�1 log
(

MIncomei
)

+ �2Race∕Ethnicityi + �3Agei + �i

(2)

ln

(

pi

1 − pi

)

=�1 log
(

MIncomei
)

+ �2
Race

Ethnicity i

+ �3Agei

+ �4Professioni + �5Household Crowdingi

+ �6 Commutingi + �7 Genderi

+ �8 Telemedicinei + �i

contribution of professions to COVID-19’s exposure. High-
risk industries in our model include manufacturing, educa-
tion, health social services, entertainment, art, recreation, food 
services, and wholesale and retail trade. Likewise, household 
crowding as the share of dwellings with more than 1.5 occu-
pants per room and the share of the employed population who 
use public transportation or carpool for their commuting has 
been used in the model.

A demographic variable about gender is included in our 
model. We employ this variable to further explore gender dif-
ferences on the COVID-19 exposure related to morbidity. The 
variable is defined as a dummy by indicating zip codes where 
the female population is the majority. Furthermore, as previous 
studies indicate, the proportion of female employees is lower 
in high teleworkable occupations compared to low-degree tel-
eworkable occupations, and women along with minorities are 
more likely to become unemployed at the beginning of the 
pandemic (Gezici and Ozay 2020).

We use data from patients in a large healthcare system with 
robust telemedicine dimension, New York University Langone 
Health. At NYU Langone Health, virtual care services were 
provided to more than 90,000 patients at the beginning of the 
pandemic’s first wave in New York City. The data come from 
a recently published article, and we work with two periods 
(Chunara et al. 2021). The first period is from exactly 1 year 
before the outbreak, March 19 to April 30, 2019, while the 
second is from the same period in 2020 at the beginning of the 
pandemic in NYC, March 19 to April 30, 2020. We identify 
the zip codes with a change of more than 500 telemedicine 
patients between the two periods. For most of these zip codes, 
the change is more than 1% of the total population between the 
two periods. During the first period (2019), there are 354,133 
patients with a NYC home zip code who accessed care. Out 
of these patients, only 900 accessed healthcare through tel-
emedicine. During the second period (2020), there are 140,184 
patients, with most of them being telemedicine patients. The 
telemedicine patients are 90,991 from all the NYC zip codes 
for March 19 and April 30, 2020.

Results

The regression results are presented in Table 2 and reported 
a strong significant (p > 0.01) relationship of these factors. 
Thus, people living in minority neighborhoods were 35.3% 
more likely to get sick (OR = 1.353, 95%CI = 1.220, 1.502) 
and 39.8% more likely to die (OR = 1.398, 95%CI = 1.184, 
1.651) from the virus compared to non-minority neigh-
borhoods. Similarly, the odds of exposure and dying 
from SARS-CoV-2 for zip codes, where the proportion of 
elderly people is above the average, is 19.9% (OR = 1.199, 
95%CI = 1.098, 1.308) and 51.9% higher (OR = 1.519, 



Journal of Economics, Race, and Policy 

1 3

95%CI = 1.315, 1.754) respectively. Although the probabil-
ity of prematurely dying increases with age, severe COVID-
19 illness can lead to hospitalization and death among adults 
of any age.

People were 15.99 times (OR = 15.985, 95%CI = 2.311, 
107.634) more likely to get exposed to the virus when the 
share of households with more than 1.5 occupants per room 
increases by 1% in a zip code. In most COVID-19-affected 
zip codes of NYC, the median household income fell below 
$25,000, the share of Blacks and Hispanics was higher than 
the average, and the percentage of adults 65 years and older 
was significant. As expected, the effect of income is sig-
nificantly negative; low-income neighborhoods were more 
likely to be affected by the disease compared to higher-
income zip codes that had 14.40% lower odds (OR = 0.856, 
95%CI = 0.740, 0.990) of exposure to the disease and 44.1% 
lower odds (OR = 0.559, 95%CI = 0.473, 0.661) of death. 
Similarly, commuting is significant and negatively correlated 
with the cumulative number of infections during the first wave 
of COVID-19. In some studies, the use of subway and buses 
has been identified as a source for the fast spread of the virus 
(Sy et al. 2020; Fathi-Kazerooni et al. 2020). In our study, 
the variable commuting has a negative and significant coef-
ficient. The variable used in our model expresses people’s 
commuting habits before the lockdown and perhaps is not 
representative of the percentage of people who used public 
transportation or carpool by zip code during the first wave of 
the pandemic and lockdown. Other possible explanations of 
this negative association have been discussed in other stud-
ies as well (Furth 2020; Wei et al. 2020). For instance, pub-
lic transportation–dependent people adopt safety habits for 

commuting because traveling within the city seems dangerous 
with the fear of asymptomatic spread. Also, these people have 
a geographically limited and determined circle of contact.

A factor inducing a widespread of the virus is related 
to the type of profession and expresses an aspect of work-
related inability to social distance other than commuting 
(Bartik et al. 2020; Beland et al. 2020). This is associated 
with the way workers perform their duties. Socially dis-
tanced work is more feasible in industries requiring more 
specialized skills and thus better paid. Unlike the variable 
commuting, the coefficient of the variable that expresses the 
proportion of employees in high-risk industries per zip code 
is significantly positive.

Finally, Table 3 summarizes the result across variable 
levels. In this new specification, minority neighborhood 
was stratified by Asian, Black, and Hispanic, showing a 
negative coefficient for Asians and positive otherwise. The 
lower rates of morbidity for Asians compared to Whites 
have been identified in the COVID-19 literature (Almagro 
and Orane-Hutchinson 2020). A possible explanation can 
be related to their socioeconomic status in New York. Per-
haps vulnerable Asians in New York are less likely to get 
tested and treated, because of lack of health insurance and 
cultural barriers. This can be supported by Table 3 where 
the coefficient for Asians is insignificant and negative for 
the morbidity model, while for the mortality model the 
coefficient is positive and significant. This should be fur-
ther explored in future studies. Age was also stratified into 
age categories; the share of older adults 65 + is the only 
variable with positive significant coefficients in the mortal-
ity model compared to other age groups. In the base model, 

Table 2  COVID-19 morbidity and mortality rate model

Significance: *** < 0.01, ** < 0.05, * < 0.10

Variable (n = 178) Morbidity model
(SE)

OR
(95%CI)

Mortality model
(SE)

OR
(95%CI)

Log (median income)  − 0.155**
(0.074)

0.856**
(0.740, 0.990)

 − 0.582***
(0.086)

0.559***
(0.473, 0.661)

Minority neighborhoods 0.302***
(0.053)

1.353***
(1.220, 1.502)

0.335***
(0.085)

1.398***
(1.184, 1.651)

Age 0.182***
(0.045)

1.199***
(1.098, 1.308)

0.418***
(0.073)

1.519***
(1.315, 1.754)

Household crowding 2.772***
(0.979)

15.985**
(2.311, 107.634)

Commuting  − 1.141***
(0.183)

0.320***
(0.223, 0.458)

Percent workers high-risk industries 2.772***
(0.182)

7.950***
(3.623, 17.472)

Female  − 0.091*
(0.043)

0.913*
(0.822, 1.017)

Telemedicine  − 0.109**
(0.043)

0.897*
(0.824, 0.974)

Pseudo R2 0.449 0.434
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we include only the highest level of household crowding 
(proportion of households with 1.5 occupants per room or 
more) as appears in the second specification. In the second 
specification, the gender variable expresses the proportion 
of the female population per zip code. There is an increased 
number of non-dummy variables for this specification. 
Contrary to our base model, the result of income is not 
significant, likely indicating the income differences across 
the other dependent variables’ strata. In the base model, 
the test decision of household crowding shows an odd ratio 
with a wide 95% confidence interval, which indicates high 
dispersion and a less certain conclusion. Moreover, these 
stratified results support the choice of variables and the 
initial arguments regarding health disparities.

Discussion

The human, social, and economic cost of COVID-19 is ele-
vated. The macroeconomic losses attributable to COVID-
19 are massive and continue to rise, which jeopardizes the 
wellbeing of individuals (Kawohl and Nordt 2020). This dis-
ease poses a trade-off between public health and economic 

activity; flattening the pandemic curve deepens the reces-
sion since the demand and supply chains are interrupted. 
Containment policies to avoid COVID-19 spread, such as 
social distancing and travel restrictions, have reduced the 
chances of economic recovery. Full or partial lockdowns 
are unsustainable in the long run and have produced unin-
tended consequences such as higher illness and death rates 
and increases in poverty (Han et al. 2020). The response to 
the pandemic has been focused on restoring physical health 
and avoiding death, but mental health illnesses have been 
increasingly reported (Vindegaard and Benros 2020; Torales 
et al. 2020). This pandemic disproportionately affected com-
munities of color, low-income individuals, and older adults 
in NYC. Due to its high transmissibility, the virus caused 
wide-ranging infection and fatality rates across the city very 
fast, triggering social distancing, quarantines, and self-iso-
lation that shut down key economic sectors such as tour-
ism, transportation, construction, education, and hospitality. 
Besides disability and death, the end point of COVID-19 
was high unemployment rates and massive losses of income 
(Nicola et al. 2020). Data from the Federal Reserve Bank 
of St. Louis (2020) shows that the Gross Domestic Prod-
uct declined 31.4%, unemployment reached 14.7%, and real 

Table 3  Specification of 
COVID-19 morbidity and 
mortality rate

Significance: *** < 0.01, ** < 0.05, * < 0.10

Variable (n = 178) Morbidity model OR Mortality model OR
(SE) (95%CI) (SE) (95%CI)

Log (median income)  − 0.004
(0.080)

0.996
(0.851, 1.165)

 − 0.248**
(0.113)

0.781**
(0.626, 0.974)

Share Hispanics 0.007***
(0.002)

1.007***
(1.004, 1.010)

0.010***
(0.002)

1.010***
(1.005, 1.012)

Share Blacks 0.005***
(0.001)

1.005***
(1.003, 1.008)

0.009***
(0.002)

1.009***
(1.005, 1.014)

Share Asians  − 0.002
(0.002)

0.998
(0.994, 1.002)

0.008***
(0.003)

1.008***
(1.003, 1.013)

Share adults
Age 20–44

 − 0.011*
(0.006)

0.988*
(0.098, 1.001)

 − 0.028***
(0.007)

0.972***
(0.958, 0.986)

Share adults
Age 45–64

0.010
(0.009)

1.015
(0.991, 1.037)

 − 0.023*
(0.014)

0.997*
(0.950, 1.004)

Share Adults
Age 65 + 

0.023***
(0.007)

1.023***
(1.001, 1.037)

0.007***
(0.002)

1.007***
(1.002, 1.010)

Share household crowding (0.5–1) 1.178**
(0.503)

3.247**
(1.123, 8.339)

Share household crowding (1–1.5) 1.359
(1.222)

1.323
(1.204, 145.3)

Share household crowding (> 1.5) 1.613*
(1.340)

9.853*
(0.784, 121.834)

Share workers high risk 1.514***
(0.440)

4.544***
(1.924, 10.771)

Share workers commuting  − 0.898***
(0.212)

0.407***
(0.269, 0.617)

Share female population  − 0.0312***
(0.009)

0.9***
(2.005, 11.79)

Pseudo R2 0.710 0.559
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personal income declined 8.7% in the second quarter of 
2020. Likewise, projected COVID-19-related cost of hos-
pitalization could range between $9.6 and $16.9 billion US 
dollars by the end of 2020 (Avalere 2020).

Starting even before the H1N1 pandemic, many studies 
discussed targeted policies and emphasized socioeconomic 
and racial/ethnic disparities (Quinn et al. 2011; Blumenshine 
et al. 2008; Almagro and Orane-Hutchinson 2020; Quinn 
and Kumar 2014). Our work supports this previous 
literature. Motivated by our results, community-based policy 
recommendations can be proposed. For instance, a culturally 
appropriate risk communication policy through trusted 
community channels at the beginning of the pandemic. 
Perhaps considering granting financial aid to specific social 
groups within a community and improving medical care for 
socially disadvantaged populations through a network of 
community-based clinics.

Additionally, our empirical model complements the exist-
ing literature by emphasizing that technology disparities are 
important. Policymakers at all levels should consider how to 
promote virtual healthcare services in underserved popula-
tions and thus minimize their cost during a novel pandemic. 
Health technologies in the form of testing, vaccines, thera-
peutics, and information can improve health status, reduce 
existing disparities, and be economically advantageous for 
society at large. Medical innovation is key to achieve lower 
disease rates and a safe reopening of the markets. Emerging 
medical advances arising from more expensive and complex 
procedures will greatly benefit the middle- to high-income 
populations, creating a barrier towards the poor in terms of 
affordability and access (Dzau and Balatbat 2018). Medi-
cal technologies in the form of pharmaceuticals, vaccines, 
or telehealth combined with the public provision of social 
goods can ameliorate the negative effects of an epidemic. 
Governance and regulation can foster the creation and dis-
tribution of technology as public goods, which is socially 
desirable and cost beneficial. For instance, telehealth, the 
use of telecommunication technologies to provide HIPAA 
(Health Insurance Portability and Accountability Act) com-
pliant health services from remote locations, can deliver 
high-quality care, be used as a screening tool to avoid over-
crowded clinical settings, and help decrease the exposure of 
first responders (medical staff), which can be critical during 
a health crisis. The use of digital technologies would ame-
liorate the impact on health systems caused by COVID-19. 
Yet, Hispanics, Blacks, and patients 65 years and older have 
lower odds of using telehealth, compared to other groups 
(Weber et al. 2020).

The race among pharmaceutical companies in the search 
for antiviral treatment and vaccines is showing promising 
results such as the emergency use of the Pfizer-BioNTech 
COVID-19 vaccine, which is being distributed in the USA 
through the inter-governmental Operation Warp Speed (US 

Food and Drug Administration 2020; US Department of 
Health and Human Services 2020). Due to the lack of diver-
sity in vaccine and pharmaceuticals clinical trials, “the direct 
effects of genetic or biologic host factors remain unknown” 
(Chastain et al. 2020) across ethnicity, race, and age. The 
cost-savings and cost-benefits derived from the use of tech-
nology as social goods among vulnerable populations are 
relevant. The success of technologies depends on how effec-
tively an innovation can be employed across members of 
society (Kruse et al. 2017). Due to state and city mandates, 
businesses are operating below capacity in NYC pushing 
up government programs such as unemployment insurance, 
Temporary Assistance for Needy Families or State- and 
local-funded Safety Net Assistance, food stamps, and Med-
icaid (Center for NYC Affairs 2020). Potential shortcom-
ing of this study is that cross-sectional socioeconomic and 
demographic data on COVID-19 is not publicly available; 
moreover, the reported morbidity may be underestimated 
because children and young adults are more likely to be 
asymptomatic patients and not counted as positive cases. 
From the policy- and decision-making perspective, there is 
a need for more evidence-based data regarding the economic 
costs and social benefits of medical technologies and gov-
ernment intervention associated with the implementation of 
COVID-19 programs.

Conclusions

This study adds empirical data to the mounting evidence that 
racial/ethnic minorities are at elevated risk for COVID-19. 
The novel coronavirus pandemic compromised the health 
and welfare of millions of Americans and took the US econ-
omy to depths not experienced since the Great Depression. 
In NYC, economic activity was substantially reduced due to 
mandatory lockdowns and social distancing. Low-income 
neighborhoods, jobs associated with intense social interac-
tion, the number of people living in an apartment, and the 
use of collective transportation are factors that promoted 
high rates of infection and death from COVID-19 among 
Hispanics, Blacks, and older adults. Furthermore, we exhibit 
that medical treatment with digital technologies can amelio-
rate the effect of the pandemic. Identifying disadvantaged 
communities and understanding the factors distressing them 
are instrumental in managing future crises as well. Under-
standing epidemiological and socioeconomic conditions that 
fostered the high rates of morbidity and mortality across 
race/ethnicity and geographical areas could help policymak-
ers to manage the impact of future pandemics.
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