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ABSTRACT 
 
Background: COVID-19, a global pandemic ravaging many countries, shares some semblances with 
influenza, whose transmission can be affected by many factors. Atmospheric temperature and popula-
tion density have been identified as two key factors influencing the spread of viruses. Nigerian states 
with different weather patterns and varying populations across her states have recorded about 173,908 
COVID-19 cumulative confirmed cases between March 2020 and July 2021. 
 
Methods: Data sets of confirmed Covid-19 cases, average monthly temperature and population of each 
State, and Nigeria's Federal Capital Territory were obtained. A test of assumptions of linear regression 
was carried out and there is the presence of outliers in the dataset. M-estimator as an alternative to Ordi-
nary Least Square (O.L.S.) estimator for regression analysis was used to investigate the impacts of each 
State's population size and atmospheric temperature on the rate of COVID-19 cases confirmed. The 
spearman rank correlation coefficient was also used to investigate the strength of the relationship be-
tween the confirmed cases, the population and temperature. 
 
Results: Results show no multicollinearity (VIF=1.041) between the independent variables, and there is 
no autocorrelation as the Durbin-Watson test value gives 2.113 (approximately 2). There is a weak posi-
tive correlation between cumulative confirmed cases and population (r = 0.281), but a weak negative 
correlation exists between COVID-19 cumulative confirmed cases and atmospheric temperature (r = -
0.341). For OLS estimation method, only population is significant (β1= 0.002, p < 0.002) but the popula-
tion (β1= 0.0006, p < 0.05) and the atmospheric temperature ( β2= -683, p < 0.05) are both significant 
when M-estimation method was applied. 
 
Conclusion: The findings in this study show that population size and temperature are important factors 
in the spread of Covid-19. The spread of the pandemic may be partially suppressed with higher tempera-
tures but increases with an increased population. 
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1. INTRODUCTION 

Antecedent to the eruption of Coronavirus 2019 (COVID
-19) was the outbreak of two other β-coronaviruses; Se-
vere Acute Respiratory Syndrome Coronavirus, SARS 
CoV-1 in 2003 [1]  and the Middle East Respiratory Syn-
drome Coronavirus, MERS-CoV in 2012 [2]. COVID-19 
is a malignant respiratory disease with almost ascertained 
background from a bat. SARS-CoV-2, the carrier of 
COVID-19, has its origin from SARS-like corona species 
appearing larger than SARS, MERS, and Influenza at 125 
nm. [3]. COVID-19, an infectious respiratory disease 
with symptoms like fever, dry cough, and fatigue, gained 
its transmission power in Wuhan, Hubei Province of Chi-
na, with the first case reported in December 2019 [4, 5, 
6]. Since the first record in China, almost all edges of the 
world, including Nigeria, have been assailed by viru-
lence, and since then, its ravaging force has gained total 
dominance [7, 8]. The World Health Organization 
(W.H.O.) first declared COVID-19 as a disease of inter-
national concern on the 30th of January, 2020 [9]. On the 
12th of March, 2020, W.H.O. announced COVID-19 dis-
ease as a pandemic.  Economically buoyant countries 
such as the U.K., Italy, and the U.S., surprisingly, despite 
their diverse growth and advancement in healthcare sys-
tems, suffered the hugest transmission rates and deaths 
among their people. In these countries, innumerable fac-
tors like limited testing, inadequate contact tracing, quar-
antine measures, delayed public health responses, and 
population demographics and disease comorbidities con-
tributed to the high burden [10, 11]. Nigeria reported her 
first case, an Italian citizen in Lagos, on the 27th of Feb-
ruary 2020. In the second case, a Nigerian citizen traced 
to have had contact with the Italian confirmed in Ogun 
State on 09th March 2020 [12]. The former makes Nigeria 
the third African country to report her first case after 
Egypt with the first case on the 14th of February 2020 
and Algeria with her first case on the 25th of February 
2020. By the 30th of November, 2020, Nigeria's COVID-
19 confirmed cases had risen to 67,557 [13]. However, 
many have wondered why the number of confirmed cases 
of covid-19 in Africa has remained low compared to oth-
er continents despite significantly weaker health systems 
and a lower standard of living. Many researchers have 
tried to investigate the reasons for this. The youthful pop-
ulation of Africa, with a median age of fewer than 20 
years when compared with Europe and the United States 
(with median age greater than 38 years), has been sug-

gested as one of the factors contributing to the low num-
bers of severe COVID-19 cases and deaths in Africa [14, 
15]. Another factor suggested is warmer weather in Afri-
ca with a low level of sunlight enhancing the spread [16, 
17]. 

The spread of respiratory viral infections is influenced by 
the change in weather factors, as human coronaviruses 
have been discovered to be prevalent during winter [18]. 
Another author affirms that severe acute respiratory syn-
drome (SARS), caused by the coronavirus SARS-CoV, is 
affected by temperature [19]. Dowell opined that host 
behavioural patterns, pathogen prevalence, and climatic 
factors have a high propensity to contribute to infectious 
disease susceptibility [20]. It has also been established 
that the coronavirus can retain its infectivity for up to two 
weeks in a low temperature and low humidity environ-
ment, which might aid the virus transmission in a com-
munity located in a subtropical climate [21]. The underly-
ing mechanism patterns of climate determination that 
lead to infection and possible disease transmission are 
etiological factors such as the ability of the virus to sur-
vive external environmental conditions before staying in 
a host, changes in the host's physiological susceptibility, 
immune system function, social behaviour, and weather 
conditions [22, 23]. Temperature and rainfall were also 
identified as some of the weather conditions that predom-
inately influence outbreaks of these diseases [24]. A 
study considering about 429 cities in China reveals that 
temperature impacts the spread of COVID-19 [25]. An-
other study in Indonesia, however, invalidates this as it 
was found that there is no correlation between tempera-
ture and COVID-19 spread [26]. 

In a research carried out in the United States trying to 
study the effect of climate on COVID-19 spread rate, it 
was discovered that the mean COVID-19 replication rates 
(R.R.) were significantly lower in warm climate countries 
compared with cold countries. Similarly, the rate of 
spread (R.O.S.) was considerably lower in warm climate 
countries than in cold countries. Both R.R. and R.O.S. 
displayed a moderate negative correlation with tempera-
ture [27]. Another research reported that temperature was 
positively linked with mortality in Wuhan, China [28]. 
Adequate synthesis of 7-de-hydrocholesterol by human 
skin has been linked to sufficient exposure, reducing sus-
ceptibility to COVID-19 infection [29, 30].  
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In Nigeria, seasons range from harmattan (dry) to rainy 
(wet), with rainy seasons spanning from April to October 
and dry seasons from November to March [31, 32]. 
Changes in the temperature level across all-state in Nige-
ria might affect susceptibility via immune response rather 
than the virus among various populations with different 
weather temperature levels, thus suggesting that transmis-
sion dynamics could be independent of weather [7]. In 
Lagos state, the economic capital of Nigeria, research 
shows that atmospheric temperature has a significant 
weak negative correlation with COVID-19 transmission. 
Similarly, temperature and cumulative mortality have a 
significant weak negative correlation [33]. On the other 
hand, several researchers have tried to establish the rela-
tionship between population densities and COVID-19 
spread. Some of this work concluded that these two fac-
tors positively correlate [34]. At the same time, some re-
search presumes that population density has no impact on 
the spread of the disease [35, 36]. Another finding involv-
ing 81 provinces in Turkey shows that population density 
effectively spreads the virus [37]. Nigeria's first dozen 
cases of COVID-19 had their roots in crowded places 
with people. This led to a suspension of several social 
activities, disallowance from religious and other highly-
crowded gatherings, and implementation of a social dis-
tancing rule was agreed to have minimally settled this 
[38].  

Since it is a general assumption that density is associated 
with higher rates of transmission, infection, and mortality 
from highly contagious diseases such as COVID-19 [39, 
40], this study investigates the influence of weather tem-
perature and population on the record of COVID-19 con-
firmed cases in Nigeria. 

 

2. METHODS  

2.1 Study Location 

Nigeria is located on the western coast of Africa, bor-
dered to the north by Niger, to the east by Chad and Cam-
eroon, to the south by the Gulf of Guinea of the Atlantic 
Ocean, and on the west by the Benin Republic. Nigeria is 
divided into six geo-political zones, with thirty-six states 
and the Federal Capital Territory. Nigeria is the most 
populous African country, with an estimated population 
of about 200 million people. 

 

2.2 Data extraction:  

The data for a daily number of confirmed cases from 
March 2020 to July 2021 for each of thirty-six states and 
Nigeria's federal capital territory were extracted from the 
Nigeria Centre for Disease Control (NCDC) [31]. Nigeria 
states' monthly averaged temperature data from the same 
time interval were retrieved from the Weather spark offi-
cial website [41]. Nigeria's most recent population by 
state data were extracted from the National Bureau of 
Statistics [42].  

2.3 Analysis of Data:  All the acquired data are exported 
to excel with each State with their corresponding con-
firmed cases and temperature for each of the months con-
sidered (March 2020 – July 2021), and then the popula-
tion values. This study carefully investigates the impact 
of the independent variables (average temperature and 
population size) on the dependent variable (covid-19 con-
firmed cases). The equation for multiple linear regression 
is given as: 

y = β0 +β1 X1 +β2X2 +ε                                                (1) 

where y is the confirmed cases, X1 is the temperature, X2 

is the population, and εis the error term. Hence, the multi-
ple linear regression in this study is given as: 

confirmed cases = β0 +β1 temperature +β2 population (2) 

The descriptive statistics of the data set were obtained. 
The Ordinary Least Square Estimator (O.L.S.E.) is Best 
Linear Unbiased Estimator (BLUE) if all of the assump-
tions of the classical linear regression are satisfied. How-
ever, this is not true if one or more assumptions of the 
classical linear regression are violated. One of the as-
sumptions that must be satisfied is that the two independ-
ent variables used in this study (temperature and popula-
tion) are not related. If there is a high correlation between 
the independent variables (multicollinearity) and the 
O.L.S.E. is used to estimate the parameters, then the vari-
ance of the regression estimates becomes inflated [43]. 
Outliers in a dataset render the O.L.S.E. unreliable and 
inefficient [44]. However, some robust regression estima-
tors have been proposed to handle the problem of outliers 
in a dataset. One of the most common general robust re-
gression methods is M-estimation, introduced by Huber 
[45]. Robust Regression is an essential statistical method 
used to handle datasets that contain outliers. 

3.  RESULTS AND DISCUSSION  

During this study (27th of February 2020 to 31st of July 
2021), Nigeria recorded a maximum cumulative inci-
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dence of 63,782 COVID-19 confirmed cases from one of 
her states (Table 1; Figure 2a). There were Nigerian 
states with very few confirmed cases records, with less 
than 0.5% of total cases (Table 2, Figure 2b). An ob-
served growing pattern in the number of COVID-19 cases 
monthly and across the two seasons (dry and wet) in Ni-
geria is likely to be associated with meteorological fac-
tors like atmospheric temperature and demographic fac-
tors like the population size of the states. The minimum 
and maximum atmospheric temperatures across all Nige-
rian states within this period are 25.18°C and 32.31°C, 
respectively, whereas the minimum and maximum  

population of the State are 2,277,961 and 15,076,892, 
respectively (Table 1). The minimum and maximum 
Covid-19 confirmed cases by states are 5 and 63,782, 

re-

spectively. There was an average cumulative incidence of 
4,700 ± 10,646 confirmed cases. 

The diagnostics test of multicollinearity to confirm if the 
independent variables (atmospheric temperature and pop-
ulation by states) exhibit a very high or perfect linear re-
lationship was carried out (see Table 3) with the Variance 
Inflation Factor (V.I.F.) estimated to be 1.041 (V.I.F. < 
10). This shows that there is no multicollinearity between 

the independent variables. A test for autocorrelation was 
also carried out to evaluate the relationship between suc-
cessive values of the same variable using the Durbin-
Watson test. It is estimated to be 2.113 (approximately 2), 
which affirms that the assumption of no-autocorrelation 
was satisfied. However, inconsistency of some observa-
tions with other observations summed up to a violation of 
the Normal-distribution of residuals generated for all the 
combined variables.  

Figures 2a and 2b show that the top-five states with lead-
ing COVID-19 confirmed cases are Lagos, F.C.T., Kadu-
na, Plateau, and Rivers States. The bottom five states 
with the least COVID-19 confirmed cases starting from 
the least are Kogi, Zamfara, Cross River, Kebbi, and 
Yobe States, respectively. 

Consequently, this imbalance in the model suggests that 
the Ordinary Least Square (O.L.S.) estimator is not effi-
cient. The method of O.L.S., as seen in Table 3, shows 
that the cumulative confirmed cases for each State are 

Variables Mean ± SD Minimum Maximum 

Confirmed 

cases 

4,700 ±10,646 5 63,782 

Population 5,268,934 ± 

2,515,299 

2,277,961 15,076,892 

Temperature  28.69±1.797 25.18 32.31 

Table 1: Summary of COVID-19 confirmed cases and 
other meteorological and demographic factors 

Figure 1: Box plot showing States with inconsistent observa-
tions of cumulative confirmed cases. 

Figure 2a: Graph of Nigeria's top-five states with leading 
COVID-19 confirmed cases  

Figure 2b: Graph of Nigeria's bottom-five states with the 

least COVID-19 confirmed cases. 
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only significantly associated with the population of the 
corresponding states, with an adjusted R2 value (21.9%).  

This is, however, contrary to what the M-estimator in 
Table 4 reveals. This may be due to irregularities brought 

about by the presence of observations inconsistent with 
others, as Fig. 1 suggests. Observations from Lagos (1), 
F.C.T. (3), Plateau (13), Rivers (16), and Kaduna (5) in 
the y-direction are outliers. The O.L.S. estimator is ex-
tremely sensitive to multiple outliers in linear regression 
analysis. A single outlier can easily be biased because of 
its low breakdown point [46]. The breakdown point is the 
percentage of outliers allowed in a dataset for an estima-
tor to remain unaffected [47]. Depending on the estimates 
of the least square technique reported with data consisting 
of outlying observations can therefore be misleading [48]. 
Data transformation is one of the ways to handle the in-
fluence of outliers, but straightforward interpretation may 
be difficult using transformed data [49]. Removing outli-

STATES CASES (RANK) POPULATION 
(RANK) 

TEMPERATURE
(RANK) 

CASES (% OF TOTAL) 

LAGOS 1 2 14 36.676 
FCT 2 29 29 11.496 
KADUNA 3 3 24 5.256 
PLATEAU 4 26 37 5.239 
RIVERS 5 6 23 4.379 
OYO 6 4 18 4.091 
EDO 7 25 25 2.845 
OGUN 8 16 19 2.749 
KANO 9 1 8 2.317 
ONDO 10 19 32 2.032 
KWARA 11 33 17 1.860 
DELTA 12 11 22 1.542 
OSUN 13 18 20 1.505 
AKWA IBOM 14 14 31 1.466 
ENUGU 15 23 35 1.432 
NASARAWA 16 36 15 1.381 
KATSINA 17 5 7 1.239 
GOMBE 18 32 12 1.235 
EBONYI 19 35 26 1.175 
ANAMBRA 20 13 27 1.103 
ABIA 21 28 33 0.978 
IMO 22 15 30 0.971 
BAUCHI 23 7 10 0.893 
BENUE 24 10 16 0.785 
BORNO 25 8 1 0.773 
ADAMAWA 26 24 3 0.652 
TARABA 27 34 11 0.576 
EKITI 28 31 36 0.558 
NIGER 29 12 21 0.551 
BAYELSA 30 37 28 0.542 
SOKOTO 31 17 2 0.452 
JIGAWA 32 9 5 0.323 
YOBE 33 30 4 0.287 
KEBBI 34 22 3 0.259 
C/RIVER 35 27 34 0.241 
ZAMFARA 36 20 9 0.143 
KOGI 37 21 13 0.003 

Table 2: Rank of Nigeria states in Cases, Population, Temperature and Cases (% of Total) 

Variables Confirmed 

Cases 

Population Temperature 

Confirmed 

Cases 

1 0.281 -0.341 

Population 0.281 1 0.257 

Temperature -0.341 0.257 1 

Table 3: Spearman's correlation test between confirmed cases 
and other meteorological and demographic factors 
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ers from the database directly is another simple practice 
to avoid the problem. This can lead to a specification er-
ror in linear regression and potential threats to internal 
validity [50, 51]. In this study, since there is no compel-
ling reason to exclude those outliers from the analysis as 
suggested by some authors, robust regression as an alter-
native to O.L.S. was used to accommodate those outliers.  

Table 2 shows the hierarchy by the rank of all the Nigeri-
an states regarding the population size and atmospheric 
temperature. Table 3 presents the spearman's rank corre-
lation test used for investigating the agreement on the 
results ranking between cumulative confirmed cases and 
individual state populations and their respective atmos-
pheric temperature. This test is an alternative to the Pear-
son correlation coefficient since the Spearman rank is less 
sensitive to outliers due to the utilisation of ranks rather 
than actual observations of variables in concern. It goes 
beyond linear associations and always captures the 
strength of monotonic relationships [52]. It appears from 
Table 3 that a weak positive correlation exists between 
COVID-19 cumulative confirmed cases and Nigeria's 
population by State (r = 0.281). However, a weak nega-
tive correlation exists between COVID-19 cumulative 
confirmed cases and atmospheric temperature (r = -
0.341). 

Table 5 shows the result of the robust regression estima-
tion with the M-method for the relationship between 
COVID-19 cumulative confirmed cases and population 
by states and average atmospheric temperature for states 
in Nigeria. A significant relationship exists between cu-
mulative confirmed cases and Nigeria's population by 
State (β1= 0.0006, p < 0.05), implying that for every unit 
increase in a state’s population, the cumulative confirmed 
cases will increase by 0.06%. Similarly, a significant rela-
tionship exists between cumulative confirmed cases and 
atmospheric temperature ( β2 = -683,  p < 0.05), implying 
that for every unit increase in atmospheric temperature of 
a state, the cumulative confirmed cases will reduce by 
683 persons. In contrast, the influences of other factors on 

cumulative confirmed cases of Nigerian states are en-
closed in the estimate of the constant ( β0 = 19,222).  

Table 4 presents the Ordinary Least Square (O.L.S.) esti-
mation method. From the result, only population size is 
significantly contrary to the M-estimation method, where 
the constant, the population size, and the temperature are 
all significant. It is imperative to discuss the implication 
of reliance on the results of the ordinary least square, 
which suggests a significant relationship between cumu-
lative confirmed cases and population only. The estimator 
in this sense might be misleading as it discards truly ex-
isting significant influence of atmospheric temperature 
and some other factors on COVID-19 cumulative con-
firmed cases (β2 = -1,252, p > 0.05; β0 = 29,248, p > 
0.05). 

The findings in this study are in line with those from [53], 
who measured a negative correlation between the COVID
-19 transmission and atmospheric temperature in Lagos, 
Nigeria. It is also considered close to what Hassan et al. 
[54] found: about 70% of COVID-19 confirmed cases are 
concentrated in Lagos, F.C.T., Edo, Oyo, Delta, and Ka-
no (Table 2). Some other studies reported a significant 
association between the spread of covid-19 and tempera-
ture [28, 55, 56, 57]. Another study also concluded that 
atmospheric temperature lowered the early spread of the 
novel disease [58].      

In theory, it is believed that densely populated areas are 
potential hotspots for the rapid spread of emerging infec-
tious diseases due to closer contact and more interaction 
among residents [59]. The findings in this work concern-
ing the population and spread of Covid-19 are consistent 

Model ꞵ Std Error p-values VIF Durbin Wat- Adjusted R2 

Constant 29,248 25144.761 0.253   
1.041 

  
2.113 

  
21.9% Population 0.002 0.001 0.002*** 

Temperature -1,252 890.394 0.169 

Table 4: Regression estimates with Ordinary Least Square (OLS) method  

** Significant at 1%  

Model ꞵ P-values 

Constant 19,222 0.0027*** 

Population 0.0006 0.0004*** 

Temperature -683 0.0027*** 

Table 5: Robust regression estimates with the M-estimation 
method 

** Significant at 1%  

Owolabi et al Pan African Journal of Life Sciences (2022): 6(2): 486-494 



 

492 

with some researchers in Iran, where population density 
and movement variables significantly influenced the in-
fection rate [60]. Another Brazil study suggests that the 
number of Covid-19 confirmed cases were mainly related 
to the number of arriving flights and population density, 
and cases kept increasing with both factors [61]. 

This study has taken considerable time to cover Nigeria's 
two seasons. This is an edge and an additional contribu-
tion to the body of knowledge that is already in existence 
on the impact of atmospheric temperature and population 
on the covid-19 spread. However, this study did not con-
sider preventive practices within the State and the popula-
tion of the State and how committed each state is to en-
forcing these measures. This is another factor affecting 
the number of cases associated with each State. 

In conclusion, COVID-19 is no longer a new infection, as 
many studies have scrutinized its understanding of trans-
missibility and susceptibility. The findings in this re-
search affirm the long-time existing relationship between 
the cumulative confirmed cases and population size. This 
implies that the rapid spread of Covid-19 might be expe-
rienced in states with high population sizes. The weak 
positive correlation between cumulative confirmed cases 
of covid-19 and population size helps us understand how 
some states with a comparable population size may suffer 
differently in the transmission rates of COVID-19. States 
and Cities that are densely populated need to take note, 
especially as the third world wave of Covid-19 beacons 
with some indications.  

The findings in this study also establish a degree of rela-
tionship between the cumulative confirmed cases of 
covid-19 and atmospheric temperature. The weak nega-
tive correlation suggests high temperature might reduce 
the spread of the disease but ascertains the possibility of 
the variation of COVID-19 rate of transmission within 
the circle of states with a similar degree of hotness and 
coldness in the atmosphere. This study further reveals 
how misleading it can be when the Ordinary Least Square 
estimation method is used to estimate parameters in a 
linear regression model, especially when there are obvi-
ous outliers in the datasets.  
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