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Abstract: Background: Coronavirus disease has caused global turmoil especially causing huge im-
pact on human life all over the world. Current reports states more than 3 million people have lost
life and more than 160 million people are known to be suspected with the SARS-CoV-2. Transmis-
sion and disease incidence rates are indicators to assess the seriousness of COVID-19 pandemic and
studies to understand the factors that aid in this direction are very vital to curb the disease. Methods:
The study intends to discover the relationship by performing statistical analysis using correlation
and multiple linear regression analysis between the variable’s population density, temperature, rel-
ative humidity, and active time of virus and find out the parameters that predict the cases reported
per million population in 83 countries. Results: Analysis indicates active time of virus in days is
very positively associated with the COVID -19 cases in all the countries r = .604, p < .01. Active time
of virus shows strong negative correlation with temperature r = -.930, p < .01 revealing that rise in
temperature will reduce the virus activity in the population. Together, these variables will account
for 36.2% variance in the cases per million population with no significant prediction estimated from
any factor. Conclusion: The study outcomes clearly state that population density alone is insuffi-
cient to estimate the extent of influence on COVID -19 cases as the number of persons living per sq.
km of land is a dynamic quantity tend to fluctuate over time and space due to migration of popula-
tion. In conjunction to the previous studies reported on the environmental and climatic factors in-
fluencing the cases reported, population dynamics does not show much significance on the disease
spread and incidence. Contribution: The rise in confirmed cases and the high incidence rate re-
ported in countries can be attributed to the active time of virus life expectancy as there is a positive
correlation observed between the COVID-19 cases reported and the virus active time in the exam-
ined countries. Also, environment and climatic factors play a role in modulating the infection and
transmission rate with less significant influence of population density on the COVID-19.

Keywords: Active Time, Life Expectancy, Density, Population, Transmission, Disease, Virus, Tem-
perature

1. Introduction

The coronavirus disease is currently causing a great concern ever since the SARS-
CoV-2 spilled out from the city of Wuhan in December 2019. WHO statistics report as of
10t May 2021, around 159 million confirmed cases resulting in more than 3.3 million
deaths [1]. The highest number of fatalities are reported from USA, Brazil and India occu-
pying the top positions globally, [2] even though the pandemic has affected every country
and city around the world. The official figures on COVID-19 reveal an alarming situation
where the total cases in USA, Brazil, and India accounts to 10.06%, 7.10% and 1.62% of
their total population respectively which together account for half of the global cases. On
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the other hand, the consequences of the pandemic have caused serious implications on
mental health in young and old age group because of continuous staying away from social
interactions due to lockdown and movement restrictions. Notwithstanding to say, the
pandemic has impacted all matters of the world currently and recovering back to nor-
malcy seems far from reality. Such a situation is also partly because of the growing glob-
alization and increasing international trade which can rapidly spread the infectious dis-
eases like COVID-19 [3].

Currently as the COVID-19 cases are increasing at an alarming rate, reducing the
spread of infection from various modes is very much crucial to essentially control the in-
cidence rate. At this juncture, studying the viability and stability of the virus to sustain in
diverse physiological and environmental conditions will necessarily provide clues on the
transmission phenomena. There are many previous studies reported by researchers inves-
tigating the factors influencing the COVID -19 incidence rates. Studies by Chan et al. [4]
states that SARS-CoV-2 has different viability durations depending on the pH levels while
the virus is very effectively transmitted through airborne medium in both outdoor and
indoor environments [5]. According to study by Alam [6] reveals countries having high
population density are more prone to transmit airborne infectious disease as observed in
case of Bangladesh. Moreover, urbanization and migration of population from rural to
cities adds significance to the existing problem. While Wong and Li [7] also report from
their observations that population density has substantial contribution in disease trans-
mission and spread within communities.

Extensive research on COVID -19 disease transmission gained importance subse-
quently to investigate the factors and determine the role of various parameters that influ-
ence the incidence rate and infection spread. Various researchers Yao et al. [5], Azuma et
al. Babu et al. Coccia, Ma et al. Ogen, Zhu et al. Zoran et al. Domingo et al. [§-15] have
tried to examine environmental parameters such as particulate matter, carbon monoxide,
ozone, and oxides of nitrogen in the air having association with the disease transmission
and incidence rates in different countries. While Abed and Lashin [16] explains from their
investigation that population density and air pollution are the principle driving forces
known to cause infection spread. In addition, meteorological and climatic factors such as
temperature, relative humidity, precipitation, wind speed etc. are examined by various
researchers Makama and Lim, Yang et al. Rosario et al. Qi et al. Pani et al. Guo et al. He at
al. [17-23] reported varying level of influence on disease transmission and incidence in
different countries that are investigated.

Kursheed et al. 2021 [24] States that environmental conditions such as temperature
and ambient factors have role in transmission and infection spread. In this perspective,
the role of various factors in understanding the transmission and infection spread of
SARS-CoV-2 is very critical to sustain measures to contain the incidence rate, hence the
authors would like to precisely examine the role of population density and virus life ex-
pectancy and understand the significance of these parameters apart from other factors in
predicting the confirmed cases in different countries.

2. Research Methods

The main objective of the study is to define the role of the parameter’s population
density, temperature, relative humidity, and active time and to identify the predictor var-
iable for cases per million population. The information comprising the population density,
temperature, relative humidity, cases per million population and active time are collected
for 83 countries spanning different geographical locations (Table 1).
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Table 1. Countries from different geographical regions considered for the study.

Regions Parameter studied Countries/cities
Asia, Africa, Eu- Population density Uganda, Burundi, Chad, Rwanda, Romania, Algeria, Uzbekistan,
rope, North Amer- Cases per million Kenya, Poland, Madagascar, Mali, Mozambique, Afghanistan, Benin, Si-
ica, South America, population erra Leone, Serbia, Nicaragua, Guatemala, Croatia, Indonesia, El Sal-
Central America, Temperature vador, Germany, Burkina Faso, Bangladesh, Hungary, Central African

Caribbean, Oceania

Relative humidity Republic, Bulgaria, Senegal, Vietnam, Cuba, Norway, Lithuania, Neth-

Active time erlands, Jamaica, Ukraine, Austria, Zambia, Togo, Pakistan, Philippines,
Azerbaijan, Denmark, Finland, Honduras, Nigeria, Ghana, Haiti, Ka-
zakhstan, Somalia, Ireland, Tunisia, Georgia, Belarus, Costa Rica, Ecua-
dor, Mauritania, Egypt, Switzerland, Liberia, Morocco, Guinea Bissau,
Cameroon, Thailand, France, Spain, Italy, Belgium, Latvia, Lebanon,
Malaysia, Gabon, Greece, United Kingdom, Trinidad and Tobago, An-
gola, Libya, Portugal, Venezuela, Paraguay, Colombia, Argentina, Mex-
ico, Canada.

To achieve the study objectives, the researchers decided to utilize content analysis
method to collect primary data related to COVID 19 from 83 countries. Content analysis
is a popular method of data analysis that supports building theoretical framework. Con-
tent analysis is viewed simply as a systematic tool that examines communicated texts,
current and historical data, and presented graphs either in hard or electronic format (Eri-
yanto, 2011, cited in [25] The purpose of content analysis to reduce the volume and the
complexity of the available data and enable the researcher to identify themes, elicit an
understanding, and draw valuable conclusions from the presented data [26,27].

The required data for all the above parameters are collected for the month of August
2020. Information on country population, population density is collected from [28] for
all the countries and the COVID-19 cases per million population are taken from [29]. The
information on temperature and relative humidity are gathered referring to [30,31]. To
understand the parameter units, population density refers to the number of persons living
per sq. km of land area while relative humidity is denoted in percent (%), temperature in
degree Celsius.

2.1. Statistical analysis

Descriptive analysis for the data variables was computed using NCSS data analysis
software version 2021 and details are presented in Table 2. The quantitative data was an-
alysed to calculate the mean, standard deviation, standard error, minimum and maximum
values, variance and range for all the parameters and are presented in Table 3. Correlation
tests and linear regression analysis to know the relationship between the variables was
performed using SPSS statistical software version 26 and scatter plot diagrams for esti-
mating the regression line graph was done with NCSS software. Spearman correlation
analysis was performed to test the correlation coefficient between the variables and the
association are tested for significance at .01 and .05 level. Linear regression analysis to
determine the predictor variables for cases per million population was performed using
NCSS data analysis software.

3. Results

The parameters that were examined in this study are number of cities, population
density, temperature, relative humidity, activation time in days and minutes and cases
reported per million population during April to July and August 2020. Population density
refers to the number of persons living per square kilometer of the total geographical area
of a country. Activation time in day/minutes indicate the SARS-CoV-2 life expectancy pe-
riod that might have a significant impact on the incidence rate was also investigated. The
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data related to these parameters were collected from 83 different countries globally during
the two different periods to understand the extent of relationship and the influence on the
cases per million population (Table 1).

3.1. Descriptive statistics

From the data set comprising of 83 countries, the total number of cities account to 400
with an average of 4.81 + 6.75 (n=83) with a minimum of 1 and maximum of 38 cities. The
mean population density for the data set shows 137.10 + 166.84, (n=83) persons living per
sq. km. The minimum population density is 4 person per sq. km which was observed in
Canada and Libya while the maximum was found in Bangladesh. The mean temperature
recorded shows 22.59 °C + 5.11 °C (n=83) with a minimum temperature of 12.7 °C and
maximum of 31.7 °C in the data set. The mean relative humidity is observed to be 70.68 +
10.04 % (n=83) with lowest of 41% and highest of 88%. The activation time denoting the
virus life expectancy in days shows a mean of 7.35 + 5.08 days (n=83), with minimum of
1.64 days and maximum of 18.71 days of activation duration. The mean number of cases
reported per million population during April to July and August was 960.80 + 1132.13
(n=83) and 1807 + 1918.82 (n=83) respectively. The minimum and maximum cases reported
during April to July are 0 and 6531 while the minimum and maximum in August were 8
and 7250 respectively (Table 2).

Table 2. Descriptive details of the parameters studied in the data set countries.

Variables
Descriptive data Population Temperature  Cases/million pop- Relative hu-  Activation time
density (°C) ulation (August) midity (%) (days)
Mean 137.10 22.59 1807.50 70.68 7.35
Standard devia- 166.84 5.11 1918.92 10.04 5.08
tion
Minimum 4 12.7 8 41 1.64
Maximum 1127 31.7 7250 88 18.71
Variance 27836.34 26.18 3682268 100.88 25.88
Standard error 18.31 0.56 210.62 1.10 0.55
Range 1123 19 7242 47 17.07
Count (n) 83

3.2. Comparative analysis

Comparative analysis of the parameters between the variables of study were exam-
ined with reference to the cases reported per million population in the data set countries.
Population density of the data set countries is taken as standard variable to observe the
trend with cases per million population in both the periods and the activation time in days.
For the comparative analysis, population density of countries was grouped into 4 ranges,
the lowest population density was 4 persons per sq. km and the highest was 1127 persons
per sq. km.

Countries in the population density range of 0 to 100 person per sq. km the mean
cases reported per million population in August was 1841.51 + 2056.27 (n =47), with min-
imum of 45 and maximum of 7250 cases per million population. While during April to
July the mean cases were 1058.6 + 1234.1 with minimum of 0 and maximum of 6531 cases
per million population. The mean activation time was 8.26 + 5.34 with minimum of 1.64
and maximum of 18.71 days of virus life expectancy. The mean cases per million popula-
tion reported in countries with population density between 100 to 200 persons per sq. km
was 1758.2 + 1680.9 (n=19) having minimum of 27 and maximum of 5106 cases in August
while during April to July was 852.8 + 834.8 having minimum of 8 and maximum of 2877
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cases. The mean activation time was 6.23 + 4.30 having minimum of 2 and maximum of
14.95 days of virus expectancy.

In the population density ranging from 200 to 300 persons per sq. km the mean cases
reported per million population in August was 1933.4 + 1935.4 (n=9) with minimum of 8
and maximum of 4563 cases and during April to July the mean was 805.4 + 900.5 having
minimum of 0 and maximum of 2825 cases. The mean activation time was 6.79 + 5.40 hav-
ing a minimum of 1.9 and maximum of 13.7 days of expectancy observed in the density
range. The mean cases per million population countries having population density be-
tween 300 to 400 persons per sq. km was 3417.6 + 2593.9 (n=3) having minimum of 1090
and maximum of 6214 cases in August and during April to July was 1438.6 + 576.2 having
minimum of 487 and maximum of 2212 cases. The mean activation time was 5.63 + 5.80
with minimum of 1.8 and maximum of 12.3 days. In the population density between 400
to 500 persons per sq. km, the mean cases were 1341.3 + 1746.6 (n=3) having minimum of
34 and maximum of 3325 cases in August while during April to July, was 657.3 + 664.7
with minimum of 22 and maximum of 1348 cases, while the mean activation time was 6.73
+5.38 with minimum of 2.3 and maximum of 12.75 days of virus expectancy. Lastly coun-
tries having population density above 500 persons per sq. km, the mean cases were 836.6
+676.5 (n=3) having minimum of 163 and maximum of 1516 cases in August and during
Apiril to July the mean cases was 514.6 + 572.6 having minimum of 100 and maximum 116
cases. The mean activation time were 4.23 + 2.64 with minimum of 1.7 and maximum of
6.98 days of virus expectancy in the density range (Table 3).

Table 3. Descriptive statistics of the parameters at different population density ranges in the data
set countries.

Density range Descriptive Count Populafion den- Cases/mil?ion popula- Active time (days)
(persons/sq. km) data sity tion
Mean 49.02 1841.51 8.26
S.D 29.18 2056.26 5.34
0 to 100 Minimum v 4.0 45.0 1.64
Maximum 99.0 7250 18.71
Mean 130.1 1758.2 6.23
S.D 29.8 1680.9 4.30
101 to 200 Minimum 19 101 27 2
Maximum 200 5106 14.95
Mean 249.2 1933.4 6.79
S.D 33.15 1935.4 5.40
201 t0 300 Minimum ? 200 8 1.9
Maximum 296 4563 13.7
Mean 506.6 1865.2 5.54
301 above up to S.D 9 256.6 1990.6 4.31
1200 Minimum 310 34 1.7
Maximum 1127 6214 12.75

Analysis between number of cities and the population density indicates no direct
proportional relation to each other as countries with a greater number of cities does not
have high population density and vice versa. It is observed that the countries having high
cases per million population during both the periods are not in the range of high popula-
tion density.
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Cases per million population

3.3. Statistical analysis

The statistical analysis to determine the relationship among population density, ac-
tive time and cases reported per million population in 4 specific density ranges are com-
puted with Spearman correlation and scatter plots to determine the regression pattern.
Countries having population density in the range of 0 to 100 persons per sq.km show
negligible positive correlation r = .036, p = .808, n=47 with cases per million population
indicating no significant relationship is observed to be found between the variables in the
specific density range (see Figure 1), while the relation between active time of countries
in the density range show moderate positive correlation with cases per million population
r=.596, p < .01, n= 47 revealing an increase in active time in days will significantly affect
the rise in cases within the density range countries (see Figure 2).
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Figure 1. Relationship of cases reported per million population with population density at 0 to 100
density range.

Countries having population density in the density range of 101 to 200 persons per
sq. km show very weak negative agreement with cases per million population r =-.182, p
=.962, n=19, indicating non-significant association between the two variables while the
correlation of active time of countries in the density range reveals strong positive agree-
ment with cases per million population r = .653, p = .002, n=19 indicating the significant
correlation between the variable at « .01 level (see Figure 3). Correlation between the pop-
ulation density and cases per million population in 201 to 300 persons per sq. km shows
moderate negative disagreement r =-.417, p =181, n =9 while the association of active time
with cases per million population reveals very high positive correlation r = .962, p < .01,
n=9 indicating a significant relationship between the variables at a .01 level (see Figure 4).
Relationship among population density and cases reported per million population in
countries having above 300 up to 1200 persons per sq. km reveal moderate negative disa-
greement between them r = -.467, p = .205, n =9 indicating no signification relationship in
these variables, whereas the association of active time with confirmed cases shows weak
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positive disagreement r =200, p = .606, n=9 indicating no significant linear correlation oc-
curs between active time and cases per million population tested in the density range (see
Figure 5).
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Figure 2. Relationship of cases reported per million population with active time (days) at 0 to 100
density range
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Figure 3. Relationship of cases reported per million population with active time (days) at 101 to
200 density range
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Figure 4. Relationship of cases reported per million population with active time (days) at 201 to

300 density range.
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Figure 5. Relationship of cases reported per million population with active time (days) above 300

up to 1200 range.

Statistical analysis was performed to test the relationship between the variables and
understand the factors that closely influence the cases reported per million population.
Spearman correction test was performed to know the degree of association and whether
the relationship is significant with the population density, temperature, relative humidity,
activation time (days) and the cases per million population observed in August 2020 (Ta-

ble 4).
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Table 4. Summary of descriptive and correlation matrix pair wise among the variables of the

study.
(;ases/mll— l.’opula— Tempera-  Relative  Activation
Mean S.D lion popu- tion den- . .
. . ture humidity time
lation sity
Cases/mll%lon pop- 1807.5 1918.92 1,000
ulation 0
Population density?  137.10 166.84 -.026 1.000
Temperature 22.59 5.11 -.558 178 1.000
Relative humidity 70.68 10.04 -229 119 122 1.000
Activation time ? 7.35 5.08 .604 -211 -.930 -436 1.000

Significant at a .01 and .05 level.

Spearman correlation between the population density and cases reported per million
population shows negligible negative association r = -.026, p = .812, n=83 indicating no
significant relation exists between the density of persons per sq. km with the number of
cases in the data set countries (see Figure 6). Correlation among temperature and cases
per million population in August indicates moderate negative association r=-.558, p < .01,
n= 83 with significant relationship at a .01 level (see Figure 7).
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Figure 6. Scatter plot graph between population density and cases per million population reported
in August 2020.
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Figure 7. Regression analysis plot of temperature and cases per million population reported in
August 2020.

Relative humidity shows weak negative correlation with cases per million popula-
tion r =-.229, p = .038, n= 83 indicating significant relationship at a .05 level which reveals
that with increase in relative humidity there is drop in cases reported per million popula-
tion as observed in the data set countries (see Figure 8). While the correlation between
activation time and cases per million population shows strong positive association r = .604,
p < .01, n=83 implying a considerable increase in the virus life expectancy denoted by ac-
tive time of pathogen will cause significant increase in cases per million (see Figure 9).
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Figure 8. Regression analysis plot of relative humidity and cases per million population reported
in August 2020.
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Figure 9. Regression analysis plot of active time in days and cases per million population reported
in August 2020.

Further analyzing the association among predictor variable, the results show high
negative correlation between temperature and activation time r = -.930, p < .01, n=83 im-
plying a significant increase in ambient temperature will affect in reducing the virus life
expectancy and vice versa (see Figure 10). Activation time and relative humidity shows
medium to moderate negative correlation r = -.436, p < .01, n=83 indicating a significant
variation in relative humidity will result in effecting the virus life expectancy (see Figure
11).
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Figure 10. Regression analysis plot of active time and temperature in data set countries reported in
August 2020.
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Figure 11. Regression analysis plot of active time and relative humidity in data set countries re-
ported in August 2020.

Linear regression analysis was performed to know the variables that predict con-
firmed cases per million population in the data set countries. The results show 36.2 % of
variance in the cases per million population are influenced by population density, tem-
perature, relative humidity, and activation time F (4, 78) = 11.08, p < .01, R?= .362. Analysis
of individual predictors reveals that population density ( =.093, t = .998, p =.321), tem-
perature (3 = -.019, t = -.058, p= .954), relative humidity ( =.013, t = .102, p = .919) and
activation time (8 = .600, t = 1.754, p = .083) all does not significantly predict the cases
reported per million population in the data set countries at a .05 level. From the regression
analysis it is inferred that among the variables that are considered, no parameter is ob-
served to be closest predictor to influence the confirmed cases reported in the countries.

4. Discussion

This study explicitly looks at two primary parameters, the population density and
active time represented as virus life expectancy along with the secondary parameters’
temperature and relative humidity. These parameters are tested to know how they serve
as factors determining the cases reported in the data set countries. Though there are stud-
ies done by various researchers considering these parameters, however there are no
known reports found in the literature on using active time in terms of the virus life expec-
tancy and its role on the confirmed cases of COVID-19 in any country. In this backdrop
the result of this study perceives importance and provides worthful knowledge to the
existing literature on COVID-19 pandemic.

The intensity of the disease caused by the SARS-CoV-2 all over the world are at-
tributed to many factors, one predominant factor is the population density calculated as
persons living per sq. km of the total land area of a country, though not to disregard coun-
try population and number of cities in each country. Examining the influence of popula-
tion density on cases reported per million population during August in the countries of
our subject (Table 1), our outcomes contradict with findings reported by, Kadi and
Khelfaou, Pirouz et al. Ahmed et al. Jahangiri et al. [32-35] claiming that population den-
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sity effectively predicts disease spread. Remarkably, the density of people varies over pe-
riod of time, depending on the migration pattern and movement between urban and rural,
as positive cases of COVID -19 are not just confined to cities but has spread over to rural
side.

Under the assumptions stated in literature, where population tends to be more con-
centrated in urban environments, the reports of confirmed cases normally should be high
than rural communities, but such a trend is not observed in the current pandemic situation,
thus justifying the explanation by. Hsu [36] studies under large scale prove that essential
factors such as city size, socioeconomic conditions of people, health care provisions, extent
of preventive measures like social distancing, use of personal hygiene etc. are very im-
portant factors that should be evaluated alongside the population density to assess the
realistic effect on the COVID -19 transmission and spread.

Further, population density of countries examined even at different density ranges
does not sufficiently prove to be significantly correlated with confirmed cases justifying
that number of persons inhabiting in unit area categorically is not a good measure to
gauge the disease incidence rate, which is consistent with the studies by Carozzi et al.
Hamidi et al. [37,38] however to some extent, population density depending on the nature
of other parameters can associate with COVID -19 to moderate extent [39].

Our results indicate active time which represents the virus life expectancy in the en-
vironments is known to show significant association with COVID-19 in overall analysis
and, also at corresponding population density ranges. The minimum and maximum ac-
tive time in days was observed in countries having a population density range of 0 to 100
persons per sq. km which correspondingly also reported the maximum cases per million
population over other density ranges. To denote that temperature is central factor affect-
ing the active time observed in the entire data set countries as our results show that with
decrease in active time in days there is a corresponding increase in the temperature ob-
served gradually from lower density to higher density range indicating a significant in-
verse relationship between both these parameters.

Referring to Table 3, at the average highest temperature of 24.0 °C, the average active
time 12.75 in days is found to be lowest while at the average lowest temperature of 21.9
°C, the average time 18.75 is found to be the highest. From this justification we can say
that temperature and active time denoting the virus life expectancy are focal points. In
Addition, one interesting conclusion that can be drawn from the observations in Table 3
with increase in average population density across the different density ranges, the aver-
age active time of virus expectancy tends to decrease contradicting the presumptions sur-
rounding the role of population density on COVID -19 cases.

In conclusion, the results confirm that active time representing the virus life expec-
tancy in days correspondingly influences the cases per million population reported in Au-
gust 2020 as well has high significant association with COVID -19 at all the 4 density
ranges from the observations in Table 4. From the parameters examined in the study, we
can clearly denote that active time is a very close associate variable next to ambient tem-
perature in determining the fluctuations in the COVID-19 in terms of assessing the num-
ber of cases per million population, however population density shows very rare relation-
ship without any consistent influence on the disease incidence rate. In this backdrop, our
results on temperature effect on active time and its subsequent influence on confirmed
cases apparently agree with findings of [9,40,41].

Disregarding, the obtained results show disagreements with the previous studies,
the nature of countries chosen, data range and duration of observations would not be rea-
sonable to generalize the outcomes of this study to other geographical locations. On the
contrary it is also important to understand that with strict preventive measures which are
enforced by all nations, such as social distancing, lockdowns, and prohibiting large gath-
erings can reduce the effect of high population density on COVID -19, in such a scenario,
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considering population density variable as factor to study the disease incidence rate be-
comes insignificant.

5. Conclusion

Coronavirus disease currently is gripping the entire world which led to a serious sit-
uation of despair. Ever since, the disease was first detected during the end of year 2019,
the world has lost more than 3 million population. The present study attempts to under-
stand the factors among population density, temperature, relative humidity and active
time that closely influence the cases reported per million population due to transmission
and spread of infection caused by the SARS-CoV-2 pathogen. The results of the analysis
are subjected to observations recorded in the parameters during August 2020. The out-
comes of the study spanning over 83 countries indicates that there is significant positive
correlation between the cases reported per million population with active time of virus
life expectancy in days whereas the temperature is known to have inverse relationship
with the active time of virus, though no parameter examined in our study significantly
predicts the cases per million population reported in the data set countries.

On the other hand, evidence from various literature shows density of population is a
factor has affinity to determine the disease incidence rate, while our analysis demonstrates
that with the increase in the average population density across the 4 density ranges, there
is a drop observed in both the average and maximum active time of virus, as a result
indicating that population density does not sufficiently prove as driving factor for the
cases reported in the population. This is because population density is dynamic factor
bound to fluctuate with standard of living, economic status, awareness on personal and
community hygiene and, also the strict preventive measures enforced in different coun-
tries reduces the probability of transmission and spread from person to person. However,
despite elaborate studies are done on factors such as meteorological, environment and
climatic on COVID- 19 incidence rate, intricate studies are needed to confirm the role of
population density and other parameters and to understand the extent of influence each
parameter has on the COVID-19 transmission and spread of infection in different geo-
graphical settings.
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