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Background: To assess the effect of population-based age, race, gender, ethnicity, settlement type, health
coverage and poverty on coronavirus disease-19 (COVID-19) death rate during the exponential increase
period.
Methods: The study involved ecological analysis of publicly available COVID-19 cases and deaths data for
January–May 2020. Using Boltzmann fitting of COVID-19 cases and deaths, the inflection time, duration
and rate of the exponential increase period were computed. The associations of COVID-19 deaths rate with
COVID-19 cases rate and population estimates of race, ethnicity, age, gender, living in urban settlements,
uninsured and poverty levels were assessed using multivariate regression analysis.
Results: The exponential increase period lasted on average 49.2 and 43.6 for COVID-19 cases and deaths,
respectively. The corresponding rates during the same period were 55.8±7.5 and 3.3±0.6 per 1,000,000 per
day. Both the duration and rate of the COVID-19 cases during the exponential increase period increased as the
percent and race and ethnic minorities, male and elderly increased. An increase of 69% (95% CI: −6 to 144)
and 51% (95% CI: −33 to 134) of COVID-19 rate for an interquartile range increase in the percentage of
older than 45 years and minorities was computed. Gender, settlement type, health insurance and poverty
were also positively associated with COVID-19 death rate during the exponential increase period.
Conclusions: The study highlighted that race/ethnicity and socioeconomic status may modify the
relationship between COVID-19 disease and mortality.
Keywords: Novel coronavirus; pandemic; Boltzmann distribution; minorities; urban communities
Received: 31 August 2020; Accepted: 15 December 2020; Published: 25 June 2021.
doi: 10.21037/jphe-20-96
View this article at: http://dx.doi.org/10.21037/jphe-20-96

Introduction

worldwide resulting in over 3 million confirmed cases and

The coronavirus disease-19 (COVID-19) pandemic began
in December 2019 in Wuhan, China and rapidly spread

300,000 deaths (1,2). The World Health Organization
(WHO) declared a global pandemic on March 11, 2020.

^ ORCID: 0000-0003-0436-3784.

© Journal of Public Health and Emergency. All rights reserved.

J Public Health Emerg 2021;5:14 | http://dx.doi.org/10.21037/jphe-20-96

Page 2 of 9

In the United States, the first case was reported on January
20, 2020. The U.S. has over a million confirmed cases and
80,000 deaths, with most of them in the New York City
metropolitan area (>300,000 cases and >25,000 deaths) by
May 31, 2020 (3,4). The most common symptoms are fever,
cough and dyspnea (5,6). About 20% of confirmed cases
developed acute respiratory distress syndrome (ARDS),
particularly older adults with serious underlying health
conditions. Approximately 3% of them exhibited pulmonary
edema and lung failure, and have liver, heart, and kidney
damage (1,6). Lung computed tomography (CT) scans of
COVID-19 patients were described as bilateral, subpleural,
ground-glass opacities with air bronchograms, ill-defined
margins, and a slight predominance in the right lower lobe
even in asymptomatic patients, with rapidly developing
lesions about two weeks after onset (7,8). COVID-19
patients also presented with a cytokine storm with elevated
serum levels of several cytokines such as IL-1β, IL-17, GMCSF and TNF-α, causing tissue damage and pulmonary
edema (6)
Preliminary assessment of deaths in hospitals and/
or regions showed that hospitalized patients were
predominantly older males with a mortality rate of higher
than 25% in China, Italy and New York City (9-11).
However, there are significant differences in population
demographics and socioeconomic characteristics among
the three most impacted regions by May 31, 2020. There
are preliminary indications that minorities have been
disproportionally affected by COVID-19 (12,13). In fact,
more than 50% of deaths in Wisconsin and Chicago, Illinois
were African-Americans, despite that African-Americans
account for less than 30% of the population (14). Assessing
racial and socioeconomic disparities of COVID-19 in the
midst of pandemic are challenging because of poor and
irregular tracking of race and socioeconomic characteristics.
The objective of the study was to evaluate the effect of
population demographics and socioeconomic characteristics
on COVID-19 death rate during the exponential increase
period. Understanding the dynamics of the exponential
increase period is of importance to control the spread of the
disease and ensure adequate healthcare capacity and quality
is maintained. For this analysis, statewide COVID-19 cases
and deaths as reported by state, county and city health
departments were used. Although COVID-19 cases and
deaths may have varied substantially within a state; statewide social distancing policies and measures initially
implemented such as the closure of educational facilities
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and gathering restrictions and trends were representative
of state outcomes. It also prevented misclassification of
the spatial distribution of cases and deaths between the
county of residency and county of the hospital in which
the case and/or death was recorded. It is noteworthy that
the implementation of policies such as the closure of nonessential business may have not been consistent across the
US and states.
Daily COVID-19 cases and deaths data were fitted using
the Boltzmann sigmoidal function. The curve describes
the trend of cases and deaths over time. Boltzmann or
logistic sigmoidal models have been developed for nonlinear fitting of the natural systems data (15-17). The
model has been recently used to predict COVID-19 cases
and deaths in China and Brazil (18,19). The advantage
of non-linear fitting is that the output (COVID-19 cases
or deaths) is not a constant but a variable that changes
over time having a maximum in the exponential increase
period (i.e., the time interval of rapid COVID-19 cases
and deaths increase during the January 22–May 31, 2020
period) and then a plateau to a containment level upon
effective implementation of social distancing measures, thus
generating a sigmoidal curve. We present the following
article in accordance with the MDAR checklist (available
at http://dx.doi.org/10.21037/jphe-20-96).
Methods
Health data
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).
Novel coronavirus cases and deaths from January 22,
2020 to May 31, 2020 were obtained from the Johns
Hopkins University Center for Systems Science and
Engineering Data Repository (20). Databases were obtained
every three days and evaluated for consistency over time.
Daily COVID-19 cases of deaths higher than (e-1) (i.e.,
~1.7) times the previous day COVID-19 cases or deaths
were flagged and assessed. They were attributed to the
introduction of new testing technologies at the beginning
of the pandemic in the US that increased the number of
positive tests and cumulative reports of deaths at home or
non-clinical facilities (e.g., nursing homes), respectively.
The crude incidence and mortality rates per 100,000
people were calculated for COVID-19 cases and deaths,
respectively.
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Boltzmann sigmoidal fitting
The Boltzmann sigmoidal function was used to describe the
cumulative counts of COVID-19 cases and deaths for each
state as a function of time. Curve fitting of the Boltzmann
function {Eq. [1]} was done using the Levenberg-Marquardt
algorithm in OriginPro (Ver. 9.0) (21), where Yi,k was
COVID-19 cases or deaths on i-day in k-th state.

=
Yi ,k

Y0,k − Ymax,k

 i − ck
1 + e 
 ak






+ Ymax,k

[1]

The lowest value (Y0,k) was set to 0.0. The outcomes of
the fitting curve were the maximum number of simulated
cases or deaths (Ymax,k), ck was the inflection point (where
50% of cases or deaths were reported) and α k is the
coefficient that describes the duration of the exponential
increase period of COVID-19 cases and deaths for k-th
state. The larger the value of α k, the more shallow the
exponential increase period indicating a longer period of
COVID-19 cases and deaths. The rate of the exponential
increase period (Sk) (events/day) per 1,000,000 people was
computed using Eq. [2] with large values denoting a rapid
spread of COVID-19 infections or mortality, where Popk is
the population of k-th state.

 Ymax,k − Y0,k

4α k
Sk 
=
 Popk





 ⋅106




[2]

The reliability of the Boltzmann curve fit was assessed
by the intra-class correlation coefficient between actual and
observed cases (>0.75) and the percent relative difference of
reported and computed Ymax,k values (>5%).
Population socioeconomic and demographic estimates
The characteristics of population in each state for 2019
were obtained from U.S. Census American Community
Survey. They included (I) the percent of people living in
urban agglomerations in each state; (II) age (above 45 years
old); (III) sex (male); (IV) race (non-white); (V) ethnicity
(Hispanics); (VI) percent of people below the poverty level
and (VII) uninsured (22). The percent of people older
than 45 years was selected to account for the increased
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COVID-19 susceptibility (both severe cases and/or
mortality) of older population. The percent of people living
in urban agglomerations was selected as a metric of the
density of people living in dense quarters to better describe
the population density in large by size states with most of
people living a limited number of urban areas (e.g., New
York, Texas).
Statistical analysis
A tiered ecological approach was used to assess the
relationship between COVID-19 cases and mortality to
population characteristics. First, the spatial distribution
of inflection point, duration and rate of the exponential
increase period (ck, ak and Sk, respectively) of COVID-19
cases and deaths were plotted using QGIS (Ver. 3.14).
Secondly, we computed the mean (± SEM) of duration
and rate of exponential increase period of COVID-19
cases for states grouped into quintiles by their population
characteristics. Tests were conducted using Bonferroni
adjusted alpha levels of 0.0125 per test (0.05/4). Finally,
ordinary least regression analysis was used to model the
relationships between deaths rate, cases rate and population
characteristics (as continuous percentages). Significance
of the regression coefficient was determined by rejecting
the null hypothesis at the 0.05 level. When a regression
coefficient did not meet these significance criteria, it was
kept in the analysis as an indicator of the tendency. The
variance infiltration factor (VIF) was applied to detect
multicollinearity for the individual regression coefficients
(if VIF >10.0). The intercept represents COVID-19 deaths
that were not a result of the infection. We kept it in the
analysis as an indicator of regression accuracy with values
below zero being indicative of the causal relationship
between infections and deaths. This was further supported
by the unchanged regression coefficient of cases rate for
models with and without intercept. Regression analysis
was done using IBM SPSS software (Ver. 25.0). Spatial
autocorrelation of the regression residual was assessed using
GeoDa software; however, no differences were observed
(Moran’s I=−0.003, P<0.001) (23).
Results
COVID-19 cases and deaths
A total of approximately 1.8 million and 100,000
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Figure 1 Simulated Boltzmann sigmoidal distribution of COVID-19 cases (A) and deaths (B) for the four most populous US states.

COVID-19 cases and deaths were reported by May 31,
2020, respectively. The mean crude rates for confirmed
COVID-19 cases and deaths were 244.3±29.8 and 12.7±2.3
deaths per 100,000 with an average of 5% mortality rate.
At the beginning of the pandemic, COVID-19 diagnosis
was limited due to the lack of sufficient and robust testing.
As new tests were developed, testing continued to be
prioritized for those who had severe respiratory distress
symptoms and healthcare personnel. Recent estimates based
on antibody testing showed that the infection rate may have
been three times higher than previously determined (24,25).
Similarly, COVID-19 deaths may be underestimated
because only deaths in hospitals of confirmed COVID-19
cases were reported on a daily basis. Deaths in nursing and
hospice facilities were irregularly reported. Misclassification
of death cause may be possible particularly for elderly with
underlying medical conditions. Furthermore, deaths in
homes were not included.
From these trends, the Boltzmann sigmoidal fitting was
drawn for daily cumulative counts. Figure 1A,B presents the
cumulative COVID-19 cases and deaths for the four most
populous states in the US (California, Texas, Florida and
New York). For all states, the Boltzmann function fitted
quite well COVID-19 cases (mean ± SEM of coefficient of
determination; R2>0.98±0.01) and deaths (R2>0.99±0.01).
The cumulative simulated COVID-19 cases and deaths
(1,853,811 and 104,753 deaths) were slightly higher (percent
difference of 5.6 for cases and 4.8 for deaths) than those
reported by May 31, 2020 (Table 1).
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Spatial variation of COVID-19 exponential increase
period characteristics
The duration of the exponential increase period varied from
24 to 72 with an average of 49.2 days for COVID-19 cases
and from 20 to 60 with an average of 43.6 for COVID-19
deaths indicating similar temporal trends for cases and
deaths (Table 1). Shorter duration may be associated with
unique local circumstances such as the effective control
of community spread, through implementation of social
distancing policies (for Tri-state) and slow spread due to
low population density (Idaho and Montana) (Figure 2A,B).
This was also supported by the variability of the exponential
increase period duration for COVID-19 deaths. For
example, for the Tri-state region, the combination of high
COVID-19 cases and short exponential increase periods
suggested the potential for overcrowding of health care
facilities. On the contrary, low COVID-19 cases for longer
exponential increase periods suggested a slower spread of
the infection and the possibility for prolonged presence of
COVID-19. Taking into account the inflection point and
exponential increase period for the most populous states
(California, Texas and to a lesser extend for Florida), there
is a potential for more cases and deaths in these states in the
near future that can be further augmented by relaxation of
social distancing measures (Figure 2A,B,C,D). This appears
to be the case with the delayed growth of COVID-19 cases
across the US in June-August 2020.
The inflection points for both cases and deaths were
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Table 1 Descriptive statistics of reported and simulated COVID-19 cases and deaths (min–max; sum), percent error (mean ± SEM), and inflection
point, duration and rate (min–max; mean ± SEM) of the exponential increase period
Variables

Cases

Deaths

Reported events

459–370,770; 1,785,981

10–29,784; 104,229

Crude rate (per 100,000)

17.2–922.5; 244.3±29.8

0.4–74.1; 12.7±2.3

Simulated events

393–356,164; 1,853,811

10–28,506; 104,753

−5.6±1.7

−4.8±1.2

Inflection point (cj) (days)

70–120; 97.6±1.8

70–120; 98.8±1.8

Duration (αj) (days)

24–72; 49.2±1.6

20–60; 43.6±1.2

6.9–246.2; 55.8±7.5

0.2–22.2; 3.3±0.6

% error
Exponential increase period properties

Rate (Sj per day per 1,000,000)

comparable (97.6±1.8 days and 98.8±1.8 days) and reached
within 80 days in the Tri-state (New York, New Jersey and
Connecticut), Northwest (Washington and neighboring
Idaho and Montana) and Louisiana (Figure 1A,B).
COVID-19 cases reported in California were associated
with the relocation of cruise ship passengers and Wuhan
residents; however, community spread was limited.
Higher inflection values were computed for Great Plains
(Minnesota, Wisconsin, North and South Dakota, Nebraska
and Iowa) and Southern states (Mississippi, Texas, Arizona,
New Mexico) due to delayed introduction of COVID-19 as
compared to other states (Figure 2C,D).
The exponential increase period rate for COVID-19
cases and deaths were 55.8±7.5 and 3.3±0.6 per day per
1,000,000 residents with the highest values measured in
the Tri-state region and neighboring states and Louisiana.
The lowest death rates were calculated for Great Plains,
along the Tennessee Valley and Northwest states (except
for Washington) (more than 2 standard deviation of
the average rate for the remaining states) (Figure 2E,F).
Access and utilization of emergency health care services
may also account for the low deaths rates particularly in
geographically large and rural states.
Despite the expansion of testing, it is likely that
testing capacity in rural areas was limited and did not
meet needs in urban areas, too (26). Emergency care may
have been utilized more often in urban areas due to close
proximity as compared to rural areas (27). It has been
previously determined that residents in rural communities
live an average of 17 km from the nearest hospital with
considerable variability, as compared with 7.0 km for people
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in urban areas. It takes an average of 34 minutes to get to
the nearest acute care facility for about a quarter of residents
in rural communities in the Great Plains region (28).
Utilization of emergency health care may also have been
suppressed by lack of health care insurance. Reduced
mortality rates were observed in countries that implemented
strict social distancing policies and/or developed widespread
testing such as Germany, China and Greece, with publiclyrun health care facilities (29).
Effect of socioeconomic and demographic profiles on
COVID-19 cases
Table 2 shows the average ± SEM of COVID-19 cases
exponential increase period duration and rate for states
ranked by the percentage of population living in urban
areas, without health insurance, below poverty level, males,
older than 45 years, minorities, and of Hispanic origin. The
rate of the exponential increase period was significantly
higher for the most densely populated urban areas (Q4) as
compared to areas with the first three quintiles (P<0.001).
The pairwise comparison of the exponential increase period
for areas within Q1, Q2 and Q3 by urban population
density was non-significant. The rate of the exponential
increase period was significantly lower for states with the
higher percentage of males (Q3 and Q4) as compared to
the states with the lowest male population (Q1) (P=0.010).
There was no difference on both the duration and mean rate
for states grouped based on population older than 45 years,
uninsured, non-Whites, Hispanics and living below poverty
level.

J Public Health Emerg 2021;5:14 | http://dx.doi.org/10.21037/jphe-20-96

Page 6 of 9

Journal of Public Health and Emergency, 2021

A

B

COVID-19 cases
Duration

COVID-19 deaths
Duration

<40
40−48
48−56
56−64
>64

C

<28
28−36
36−44
44−52
>52

D

COVID-19 cases
Inflection time

COVID-19 deaths
Inflection time

70−80
80−90
90−100
100−110
110−120

E

70−80
80−90
90−100
100−110
110−120

F

COVID-19 cases
Increase rate per 1 million
<20
20−40
40−60
60−80
>80

COVID-19 deaths
Increase rate per 1 million
<1
1−2.5
2.5−4
4−5.5
>5.5

Figure 2 Spatial distribution of duration (A,B), inflection point (C,D) and rate (E,F) for COVID-19 cases and deaths in the US.

Effect of socioeconomic and demographic profiles on
COVID-19 deaths
The relationship between COVID-19 deaths and cases rates
for the exponential increase period and the contribution of
population characteristics was assessed for an IQR increase
of the dependent variable (Table 3) (R2=0.86). A positive
relationship was observed for all variables. The stronger
association was observed for the disease rate as expected;
an increase of up to 340% for an increase of 43.7 cases
per 1,000,000 residences (P<0.001). An increase of more
than 50% on the exponential increase period death rate
was computed for an IQR range change in the percentage
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of older than 45 years and minorities, followed by males
(a 30% increase). This indicated that the socioeconomic
status and profile of affected communities had an immediate
impact on COVID-19 mortality, albeit the threshold
of statistical significance was not reached. This may be
associated with long-term disparities in healthcare access
for minorities, particularly those living in large urban areas.
This study had some limitations. Daily COVID-19
cases and deaths were reported by state, county of city
health departments based on data provided to them by
health care and related facilities. Although government
agencies operate and comply with the same set of federal
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Table 2 Mean and SD of exponential increase period and rate of COVID-19 cases for quintiles of population demographic and socioeconomic
characteristics (Q1: <25%; Q2: 25–50%; Q3: 50–75% and Q4 >75%)
COVID-19 cases

Variables

Q1

Q2

Q3

Q4

Urbanization

45.6 (11.6)

56.0 (8.4)

48.8 (9.2)

46.8 (7.8)

Males

51.6 (10.8)

50.0 (9.2)

51.6 (12.0)

43.2 (12.0)

Hispanic

49.6 (14.4)

50.6 (11.6)

45.6 (9.6)

50.0 (9.2)

Uninsured

41.6 (11.2)

51.6 (4.8)

50.0 (13.6)

53.6 (9.6)

45+ years old

47.6 (12.0)

50.4 (11.2)

52.4 (10.8)

45.6 (13.6)

Non-white

48.4 (14.8)

47.6 (7.2)

52.8 (9.2)

47.6 (12.4)

Poverty

46.4 (10.0)

47.2 (13.2)

48.0 (12.0)

54.8 (7.2)

Urbanization

25.0 (17.8)

35.6 (20.4)

47.6 (27.8)

113.5 (73.8)a

Males

98.8 (73.6)

63.5 (54.6)

32.7 (20.2)

31.9 (27.9)b

Hispanic

29.9 (16.3)

51.2 (29.3)

55.7 (55.0)

84.8 (80.4)

Uninsured

94.0 (71.8)

60.3 (58.4)

44.3 (28.8)

24.9 (11.7)

45+ years old

40.1 (39.2)

50.8 (26.8)

71.3 (75.9)

57.1 (53.9)

Non-white

33.0 (27.7)

61.2 (50.7)

56.7 (59.8)

73.7 (67.7)

Poverty

77.2 (67.8)

48.1 (36.3)

60.7 (69.0)

41.1 (35.4)

Duration (in days)

Rate (in cases/day/1,000,000)

a

b

, Bonferroni adjusted Q4–Q1 (P<0.001), Q4–Q2 (P<0.001), Q4–Q3 (P=0.01). , Bonferroni adjusted Q1–Q2 (P=0.425), Q1–Q3 (P=0.01),
Q1–Q4 (P=0.01).

Table 3 Contributions of an IQR change of COVID-19 case rate.
population demographic and socioeconomic characteristics on
COVID-19 deaths steepness rate
Variables

% change in mortality rate

P value

COVID-19 case

340 (95% CI: 279 to 406)

<0.001

Older than 45 years

69 (95% CI: −6 to 144)

0.071

Minorities

51 (95% CI: −33 to 134)

0.227

Males

32 (95% CI: −78 to 142)

0.558

Living in urban areas

19 (95% CI: −109 to 148)

0.758

Uninsured

13 (95% CI: −89 to 115)

0.793

Hispanics

12 (95% CI: −47 to 72)

0.660

Below poverty level

12 (95% CI: −79 to 102)

0.784

IQR: COVID-19 cases =43.7 per 1,000,000; older than 45 years:
7.5%; minorities: 15.5%; males: 1%; living in urban areas: 4.0%;
uninsured: 5.2%; Hispanics: 8.5%; below poverty level: 3.6%.
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regulations, it was possible that raw daily counts may have
been irregularly reported. However, given that original
data were continuously updated and screened, we expect
that the potential for systematic error on COVID-19
reports to be small. It is also possible that deaths may have
been misclassified, particularly in regions with many daily
deaths; however, there is no evidence of substantial under
or over-reporting COVID-19 deaths in the literature.
The spatial scale of the analysis may also be challenging,
given the vast differences in the distribution of COVID-19
cases, deaths and population characteristics within states.
Analysis at a finer scale would have been incomplete for
the study period, due to relatively low COVID-19 cases
and deaths in sparsely populated rural counties (because
of the relatively widespread of statewide policies on school
closures and gathering restrictions). Given that minorities
disproportionally reside in heavily populated urban areas
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that experienced the highest COVID-19 cases and deaths
rates, we anticipate that the use of state-level population
characteristics, that includes rural areas with predominantly
white residents, may underestimate the effect of race and
ethnicity on COVID-19 mortality. Other individual and
community-level parameters may also affect COVID-19
spread and mortality. These may include pre-existing
medical conditions, smoking, housing, living conditions,
time spent indoors or outdoors, environmental factors
(temperature, humidity, solar radiation, air quality) affecting
the survival of SARS-CoV-2 virus, personal hygiene and
activities, and businesses practices. Understanding their
effect on COVID-19 spread and mortality require a
combination of field, laboratory, biomedical and healthrelated studies.
Conclusions
In the first wave of COVID-19 disease in the US during
spring 2020, the relationship between COVID-19 disease
and mortality during the exponential phase was modified
by demographic and socioeconomic characteristics of the
affected populations. Elderly, males, socioeconomically
disadvantaged communities of color and those living
in urban centers displayed increased susceptibility to
COVID-19 disease and mortality. This indicated that
targeted intervention to early detect and mitigate new
COVID-19 outbreaks including communication to
increase awareness, masks distribution, regular testing and
reliable tracking may be required for socioeconomically
disadvantaged communities of color and states with higher
prevalence of racial and ethnic minorities.
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