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Abbreviations: WHO, the World Health Organization; SARS-
CoV-2, corona virus 2 that causes severe acute respiratory syndrome.

Introduction
Corona viruses are a family of viruses known since the mid-1960s. 

These viruses cause respiratory infections in humans and animals. 
Generally, coronavirus infections cause mild to moderate illnesses - 
the common cold.1

The WHO was informed on December 31st, 2019, about the 
existence of cases of pneumonia with unidentified origin in China, 
Hubei Province, specifically in the city of Wuhan.2 In subsequent 
weeks, the etiological agent was identified as a new corona virus that 
was called SARS-CoV-2 and the disease caused by this agent called 
COVID-19. In the first months of 2020, cases of COVID-19 infection 
were identified in several countries around the world. On March 11st, 
2020, the outbreak of this disease was declared a pandemic by the 
WHO.3

The outbreak of corona virus disease 2019 (COVID-19) in the 
world was first diagnosed in the city of Wuhan, Hubei province in 
China and has spread gallopingly to all provinces of China including 
28 other countries in the world. In China, the country where the 
disease originated, on February 23rd, 2020, more than 77,000 cases 
of infection by the disease had been reported, and from the analysis 
carried out, 60% of confirmed cases were reported in the city of 
Wuhan.

To ensure control of the pandemic and reduce the spread of the 
corona virus, several countries including Mozambique have declared 
a state of emergency and different prevention measures are being 
implemented to control and provide a timely response to the pandemic, 
including early diagnosis of cases of the disease.

In Mozambique, the first reported case of COVID-19 infection 
was registered in the capital of the country, Maputo, on March 22nd, 

2020, in a man, over 75 years of age, with Mozambican nationality, 
who returned from a trip to the United Kingdom in mid-March.

This is an imported case of infection with the new Coronavirus, 
diagnosed in people who entered the country from abroad (countries 
of high endemicity) and due to weak surveillance, lack of means of 
diagnosis and reduced mechanisms of protection, until then allowed 
the spread of the disease throughout the country with a greater 
incidence in the cities of Pemba, Nampula, Matola and Maputo City.

Following the accelerated spread of COVID-19 cases, the country 
recorded the first death from the disease on May 25th, 2020, in 
Nampula, in the northern province of Mozambique. It was a 13-year-
old child, whose sample was collected on May 20th in that province.4

For a robust spatial presentation of data from the problem under 
study, in addition to different tools that allow data manipulation, it 
is essential to use GIS due to its ability to gather a large amount of 
conventional data of spatial expression, providing adequate structuring 
and integration for manipulating geographic information.5,6

The main objective is to build a model of analysis and 
visualization of COVID-19 data in Mozambique. We considered 
the purpose of providing evidence that explains the current stage 
(from the notification of the first case of COVID-19 in Mozambique 
(March 22nd, 2020) until May 31, 2022) of the country regarding 
the evolution of COVID-19 cases. We focused our study on the 
provinces of Maputo, Nampula, Cabo Delgado and Niassa. The work 
used qualitative and quantitative data to allow decision-making in 
the health area on measures to prevent the pandemic and the trend of 
cases and deaths from the disease.

The outline of this work consists in six sections. Section 2 describes 
some preliminary details about the COVID-19 pandemic. In Section 
3 are presented some possible data analysis models. Fourth Section 
details the multiple linear regression. The fifth Section corresponds to 
the empirical part of the work, where is described the used data and its 

Biom Biostat Int J. 2024;13(1):7‒14. 7
©2024 Teodoro et al. This is an open access article distributed under the terms of the Creative Commons Attribution License, which 
permits unrestricted use, distribution, and build upon your work non-commercially.

COVID-19 infection: a Mozambican case study
Volume 13 Issue 1 - 2024

M. Filomena Teodoro,1,2 Teresa A. Oliveira,3,4 
Francisco Arune5 
1CINAV- Center for Naval Research, Portuguese Naval Academy, 
Military University Institute, Portuguese Navy, Portugal
2CEMAT - Center for Computational and Stochastic 
Mathematics, Instituto Superior Técnico, Lisbon University, 
Portugal
3Department of Science and Technology, Universidade Aberta, 
1269-001 Lisboa, Portugal
4CEAUL (Center of Statistics and Applications of the University 
of Lisbon), 1649-014 Lisboa, Portugal 
5Department of Science and Technology, Universidade Aberta, 
1269-001 Lisboa, Portugal

Correspondence: M. Filomena Teodoro, CINAV- Center for 
Naval Research, Portuguese Naval Academy, Military University 
Institute, Portuguese Navy, Portugal and CEMAT - Center for 
Computational and Stochastic Mathematics, Instituto Superior 
Técnico, Lisbon University, Av. Rovisco Pais, n. 1, Portugal, Tel 
+351927348873, 
Email 

Received: January 26, 2024 | Published: February 15, 2024

Abstract

In China, the country of COVID-19 origin, until February 23rd, 2020, more than 77000 
cases of COVID-19 infection were reported, and 60% of confirmed cases were reported 
in the city of Wuhan. Mozambique declared a state of emergency in March 2020, different 
prevention measures were implemented to control and respond in a timely manner to the 
pandemic, including the early diagnosis of cases of the disease. The present work reports 
some details about a larger project with the main objective of computing models of analysis 
and visualization of COVID-19 data in Mozambique. The topic falls within the area of 
Statistics with the purpose of providing evidence that explains the stage of the country 
regarding the evolution of COVID-19 cases, (from the notification of the first case of 
COVID-19 in Mozambique on March 22nd, 2020, until May 31st, 2022) with the focus 
on the provinces of Maputo, Nampula, Cabo Delgado and Niassa. The work considered 
qualitative and quantitative data to allow decision-making in the health area on measures to 
prevent the pandemic and the trend of cases and deaths from the disease.
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presented the estimated model by multiple linear regression approach. 
Also, it is described the model validation process and summarized 
the residual analysis. The manuscript ends with some discussion and 
some conclusions. 

Preliminaries
The COVID-19 pandemic is a major public health threat globally. 

There were 332930 cases and 14510 deaths confirmed worldwide on 
March 23rd, 2020. Since initial identification in China, the spread 
of the disease has been rapid, with 182 of 202 countries reporting at 
least one case. Country experience to date has highlighted the intense 
pressure that the COVID-19 pandemic places on national healthcare 
systems, with demand for intensive care beds and mechanical 
ventilators.4–7

Several governments of countries hit by the COVID-19 pandemic 
have been introducing policies and strategies that aim to combat and 
control the new normal of the disease, based on a model of analyzing 
the behavior of pandemic cases with assumptions of social distancing, 
isolation, as well as monitoring of positive cases and their contacts.

However, it is not enough to analyze the problem of the 
COVID-19 pandemic by looking only at the attitudes and behavior of 
the population susceptible and exposed to the disease,8,9 but it is also 
essential to analyze the problem under study from an environmental 
perspective that is, the analysis models must incorporate the region 
(physical space) and temperature, among others, as variables.10

Many uncertainties exist about the underlying determinants 
of the severity of COVID-19 infection. However, very clear risk 
factors for the disease include age, with older people more likely to 
require hospitalization and subsequently die as result of infection 
and underlying comorbidities, including hypertension, diabetes and 
coronary heart disease that exacerbate symptoms.11

The epidemiological consequences of the estimated mixture 
patterns are assessed by simulating the age distribution of infected 
individuals during the initial phase of an epidemic in a fully 
susceptible population. This distribution was obtained by computing 
the eigenvector of the matrix of the next generation associated with 
the contacts, considered for any possible age of the index case in the 
community, and assuming an age-independent transmission rate per 
contact, under the so-called “Hypothesis of social contact (Imperial 
College COVID-19 Response Team, 2020)”.6

According to the same source, it is worth highlighting that the age 
distribution of cases during the initial phase of the epidemic does not 
depend either on the choice of the duration of the infectious period, 
nor on the considered value of the basic reproductive number.12 This 
means that the timing and severity associated with an infection are 
generally disease-specific, although the impact of mixing patterns on 
the age distribution of cases is mainly caused by the type of contacts 
relevant to the infection, transmission of infections and socio-
demographic structure of the considered population.13 The work 
uses qualitative and quantitative data to allow decision-making in 
the health area on measures to prevent the pandemic and the trend of 
cases and deaths from the disease. Another interesting contribution 
about the COVID-19’s epidemiological and demographic issues in 
Africa can be found.14

COVID-19 data analysis models
Mathematical modeling as well as statistical modeling seek to 

define models that describe any process (or Data can be analyzed in 
several ways. In detail, we can characterize them according to their 

temporal characteristics (static or dynamic), distribution, size, their 
nature (hydraulic, geological, accounting, linguistic, etc.), geographic 
location, among other forms.

Currently, there is a range of techniques that allow data modeling 
and visualization used to map information. In data modeling, before 
choosing the techniques to be used for data analysis, it is a priority 
to identify the appropriate mathematical model. However, the model 
must conveniently “translate” the relationship between the variables 
and, therefore, the real world and the respective data.

It is essential in statistical (scientific) modeling to eliminate 
possible noise (bias in data with abnormal characteristics when 
analyzed over time) through filtering, cleaning, and normalizing the 
database.

In problems where the objective is to analyze and study the 
relationship between variables (predictive and predictive), regression 
models are used. There are several statistical analysis methodologies15 
that allow explaining or describing the relationship between a variable 
of interest (response variable) and one or more variables (explanatory 
variables).

To understand and predict trends in COVID-19 cases, there are 
several data analysis models that can be applied. Below we present 
some of the most common and effective models that can be used to 
analyze COVID-19 data.

SIR and variant epidemiological models (SEIR, SIRD, etc.): 
These models are used to understand the spread of infectious diseases 
in a population. They divide the population into compartments 
(Susceptible, Exposed, Infected, Recovered) and use differential 
equations to model transmission rates, incubation, recovery, etc. These 
models are used to predict the evolution of the disease, understand the 
impact of control measures (such as isolation), and estimate the basic 
reproduction rate.16–18

Exponential and logistic growth models: These models are often 
used to predict the initial spread of a disease, such as COVID-19. 
They are based on an exponential growth rate that eventually reaches 
a limit (logistic model) as the population becomes susceptible.19–21

Time series models: these models analyze data over time to identify 
seasonal trends and patterns. They can be used to predict future 
numbers of cases, deaths or other indicators related to COVID-19 as 
well as to understand and predict patterns in temporal data, such as the 
evolution of a variable over time.22,23

Network models: these models consider the structure of the social 
network and contacts to understand how the disease spreads in 
interconnected communities. They can be useful for analyzing the 
effectiveness of social distancing measures.24

Risk analysis models: these models assess the risk of disease spread 
based on demographic, behavioral, geographic factors, among 
others.25

Spatial analysis models: using geoprocessing and GIS (Geographic 
Information Systems) techniques, these models help to understand 
how COVID-19 spreads geographically and how local factors can 
influence the spread.26 Generally, spatial analysis of epidemiological 
events involves the study of patterns and processes in relation to 
their location in geographic space. There are several approaches and 
models in spatial analysis, and the specific equation will depend on 
the type of model being used to highlight the effect of the disease, for 
example, the spatial interpolation method denominated Kriging.

https://doi.org/10.15406/bbij.2024.13.00408
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Kriging is a spatial interpolation method that estimates values at 
unsampled locations based on spatial relationships between sampled 
points.27 In a spatial regression model, the relationship between 
the dependent variable and the independent variables is adjusted 
taking spatial dependence into account.27–29 Also, we can consider 
longitudinal models to include the spatial dependence.30

Regression models: Regression - is a statistical technique that seeks 
to identify relationships between variables, allowing the prediction 
or understanding of how a dependent variable is influenced by one or 
more independent variables.31

When analyzing COVID-19 data, regression models can be applied 
in several ways, as is the case in predicting cases, analyzing risk 
factors, evaluating interventions developed to control the pandemic, 
analyzing the impact of interventions and among other aspects that 
allow the understanding of the phenomenon under study.

Below it is characterized the context of each approach:

•	 Case Forecasting: Regression models can be used to predict 
the future number of cases, deaths or other indicators related to 
COVID-19 based on historical data. These forecasts can assist 
in allocating resources, planning public health measures and 
making decisions.

•	 Analysis of risk factors: Regression models can help identify 
which factors (such as age, sex, comorbidities, population density, 
social distancing measures) are associated with a greater risk of 
infection or complications from COVID-19. This is essential to 
protect more vulnerable groups.

•	 Evaluation of interventions: Regression models can be used to 
evaluate the effectiveness of control measures, such as lockdowns, 
use of masks or vaccination campaigns. They can help understand 
how these interventions affect the spread of the disease.

•	 Impact analysis: Regression models can be used to evaluate the 
impact of different scenarios or variables on disease behavior. 
This is especially useful for anticipating the impact of changes in 
healthcare policies.

•	 However, it is important to keep in mind that regression models 
have limitations. They assume linear relationships between 
variables, may be sensitive to outliers. Regression models still are 
a valuable tool for understanding COVID-19 patterns, allowing 
predictions to be made that enable evidence-based decision 
making.32,33

Multiple linear regression

Multiple linear regression aims to study the relationship between 
two or more explanatory variables that are presented in linear form, 
and a metric dependent variable. Multiple regression is appropriate 
when the investigator seeks to understand how multiple independent 
variables (factors) are related to a continuous dependent variable. For 
the particular case of this study, multiple regression can be used to 
analyze how age, sex, comorbidity and social distancing measures are 
related to the number of COVID-19 cases in the country and particles 
in the four provinces under analysis.

Assumptions of the multiple linear regression model: 

1.	 The dependent variable is a linear function of a specific set of 
variables and the error.

2.	 The expected value of the error term is zero.

3.	 The error has a normal distribution and does not present auto-
correlation or correlation with any explanatory variable.

4.	 Observations of explanatory variables can be considered fixed in 
repeated samples.

5.	 There is no exact linear relationship between the explanatory 
variables and there are more observations than explanatory 
variables.

In multiple linear regression it is assumed that there is a linear 
relationship between a variable Y (the dependent variable) and k
independent variables, ( )1,...,jX j k= . Independent variables are 
also called explanatory variables or regressors, once they are used 
to explain the variation in Y . They are often also called predictor 
variables, due to their use to predict Y .

The conditions underlying multiple linear regression are 
analogous to simple linear regression:

The independent variables ( )1,...,jX j k=  are non-random (fixed);

For each set of ( )1,...,jX j k=  values there is a subpopulation of Y
values. To construct confidence intervals and hypothesis tests, it must 
be assumed that these subpopulations follow a normal distribution;

The variances of the subpopulations of Y are equal;

The Y values are statistically independent. In other words, when 
extracting the sample, it is assumed that the Y values obtained for 
a given set of ( )1,...,jX j k=  values are independent of the Y values 
obtained for any other set of ( )1,...,jX j k=  values.

The multiple linear model is, in its most general form, expressed 
by equation (1):

0 1 1 2 2 ... .k kY X X Xβ β β β ε= + + + + +                                          (1)

The errors 1,...,  nε ε are independent and identically distributed 
( )ü with n the sample size. The errors have null expected value and 
are homoscedastics:

( ) 0iE ε = ,     ( ) 2
iü ε σ=                                                           (2)

With 1,2,..., . i n=

The estimator of Y is given by Ŷ . The estimate of Y is given by 
ŷ  and is computed as displayed in formula (3):

( )
^ ü

1 10 1,..., ... .ˆ k kki x x x xy f β β β= + + +=                                   (3)

In a linear model, to each regressor is assigned a numerical weight, 
called a regression coefficient, regression slope, or simply regression 
weight, which determines how much that explanatory variable 
contributes to the estimate ŷ . These regression weights are derived 
by an algorithm that produces a mathematical equation or model for 
y that best fits the data, using some type of best-definition criteria 
(usually minimal square errors).

The theory of linear statistical modeling presents limitations. It 
assumes normality, but the distribution of the response variable can 
be non-Gaussian. To solve this problem (non-normal distribution) the 
generalized linear model cam be used.

The multiple linear model34 is a particular case of generalized linear 
models (GLMs). GLMs are an extension of the linear model.35 where 
the distribution of the response variable does not have to be normal, 
but rather another distribution from the exponential family (and the 
function that relates the expected value and the vector of explanatory 
variables can be any differentiable function for a probability density 
function written in general form given by equation 4:

( ) ( )
( ) ( )| ; exp ;

y b
f y c y

a
θ θ

θ ϕ ϕ
ϕ

 − = + 
  

,                                         (4)
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where

θ - is the location parameter,

ϕ - is the dispersion parameter,

( ).a , ( ).b and ( ).c - are known real functions.

The Explanatory Power of the Regression Model is given by 2R .

The fraction of the sample variance of iY  that is explained 
(predicted) by the regressions is designated by 2R  Likewise, 2R
considers “the proportion of the variation in the sample of the 
dependent variable explained by the explanatory variables”. 2R is 
used as a measure of the degree of adjustment”.

The explanation (determination) coefficient is obtained by 
formula (5):

2 SSRR
SST

=                                                                                       (5)

The adjustment or explanation coefficient can vary between 0  
and 1  (0 to 100%), however it is practically impossible to obtain an 
explanation coefficient equal to 1, since it is unlikely that all points 
will fall on a straight line. Notice that when the explanation coefficient 
is 1, there will be no residuals for each observation in the sample 
under study. However, if the explanatory variables are not adequate 
to explain the behavior of y , the explanation coefficient will be close 
to 0 . Therefore, as regression errors are minimized, the explanation 
coefficient will increase.36–38

Empirical application
Data

In the present study, to allow the analysis and comparison of the 
epidemiological profile of COVID 19 cases in Mozambique, four 
of the eleven provinces of the country were considered, namely 
Niassa, Cabo-Delgado, Nampula and Maputo. The inclusion and 
exclusion criteria for other provinces was based on the reasoning of 
the epidemiological profile with community transmission and the 
evolution of COVID-19 cases. The situation in Cabo-Delgado may 
present a different pattern due to insurgencies.

The four selected provinces presented a higher number of cases 
and deaths from the disease and a profile with an increasing trend until 
a certain period and shortly after the change in the profile presenting 
a curve of deceleration of cases. The climatic conditions of each 
province allowed a succinct analysis of the problem under study. This 
work was based on data reported from the notification of the first case 
of COVID-19 in Mozambique (March 22nd, 2020) until May 31st, 
2022, considering this period as a cohort period for the study.

With the registration of a new wave of the disease reported in mid-
January 2021, the provinces in question registered an increase in new 
COVID-19 infections and a galloping increase in cases and deaths in 
the first two months of 2021, taking a new epidemiological profile 
regarding records of new cases of people infected by COVID-19.

In these terms, the study was based on the analysis of data from 
the COVID-19 pandemic from the registration of the first case of 
the disease (2020) until April 2021 (the period in which pandemic 
vaccination began).

The considered database was compiled and standardized. It 
was built based on data obtained by the Provincial Health Services 
of the four provinces under study, with the objective of identifying 
and selecting analysis models and visualization mechanisms. This 

dataset covers a two-year period, from 2020 to 2022, and offers a 
comprehensive view of several variables related to population health.

The database includes demographic information, health status and 
other factors relevant to understanding the overall COVID-19 picture. 
The available variables cover a wide range of topics, from age and 
gender to location.

This database serves as a valuable source of information for 
researchers, health professionals and academics interested in exploring 
and understanding the various aspects related to population health in 
the context of the pandemic during the period considered. Before 
we proceed to the modeling step we have performed an exploratory 
multivariate data analysis.39–41

The model 

For the particular case of this manuscript, the influence of certain 
variables that contributed to explaining the variability of COVID-19 
cases in the country and, in particular, in the considered four 
provinces for the analysis of the pandemic, was investigated. Multiple 
regression provides diagnostics that can determine whether such 
effects exist based on empirical or theoretical argument. Indications 
of a high degree of inter-relationships (multicollinearity) between the 
independent variables may suggest the use of multiple scales.

A statistical relationship is characterized by two elements: 

•	 When multiple observations are collected, more than one value of 
the dependent measure will generally be observed for any value 
of an independent variable.

•	 Based on the use of a random sample, the error in predicting the 
dependent variable is also considered random, and for a given 
independent variable, we can only expect to estimate the mean 
value of the dependent variable associated with it.

However, before starting with the analysis of the dependent 
variables that influenced the variation in the number of cases of 
COVID-19 infection, it is worth mentioning that the provinces taken as 
a sample showed community transmission over time, which provided 
an acceleration in the increase in number of COVID-19 cases. In 
addition to endogenous factors (household income, the insurgency in 
Cabo Delgado – armed attacks, non-compliance with safety standards 
– social distancing and mandatory collection) socio-economic and 
political factors negatively influenced the epidemiological profile of 
COVID-19.

To analyze the epidemiological profile of COVID-19 in 
Mozambique and in the provinces under analysis, it is important to look 
at the multiple factors that influenced the transmissibility behavior of 
the disease in different geographical areas of the Indian Ocean region 
(Mozambique). It was followed the Multiple Linear Regression 
approach to allow the determination of the value of response variable 
Y based on multiple influencing variables (predictors) considering the 
expression given by formula (1).

To understand the variability in the number of COVID-19 cases 
in Mozambique and in particular in the provinces of Niassa, Cabo 
Delgado, Nampula and Maputo Province, variables that influence the 
number of cases and which condition the epidemiological profile of 
the pandemic were taken as following:

•	 Age of the susceptible population (Child, Young, Adult or 
Elderly) ,

•	 Gender of susceptible population (Male, Female),

•	 Province - Geographic area (Urban or Rural).

https://doi.org/10.15406/bbij.2024.13.00408
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Deplorable living conditions, weak community involvement 
in health activities, climatic/environmental factors (temperatures), 
socio-economic factors (poverty) and non-compliance with 
prevention standards (social distancing and mandatory collection) can 
be analyzed in isolation as well as a part of factors that influence the 
disease transmission chain.

To analyze the correlation between the variables (influencing 
factors) under study, a statistical measure was taken that shows the 
degree of relationship or association between the variables, one 
is denominated dependent or explained, the other ones are called 
independent (or explanatory or predictor variables). It was considered 
the following notation:

Y - COVID-19 cases as dependent or explained variable,

1X - Geographic area as independent or explanatory variable, 

2X – Gender as independent or explanatory variable,

3X – Age as independent or explanatory variable,

without ruling out the possibility of other external factors of 
influence, such as social distancing.

From the analysis of the variables, one mathematical model that 
contribute to explain the epidemiological profile of the COVID-19 
pandemic in Mozambique, followed the theoretical formula (1). The 
estimated model is given in equation (6):

3 474.32 409.53ˆ üüüüüüüüüüüüüü= − − −    (6)

The inclusion of the variable “geographical area – Province” in the 
model was to seek an explanation about the variation in the number of 
COVID-19 cases in the country and in the provinces under analysis. 
This variable inclusion translate the concentration of mass population 

in the areas urban areas or poor access to real-time prevention 
resources, as well as non-compliance with pandemic control policies.

Residual analysis, whether with residual plots or statistical tests, 
provides a simple but powerful set of analytical tools for examining the 
adequacy of our regression model. However, too often these analyzes 
are not done and violations of assumptions are left intact. Thus, users 
of the results are not aware of the potential inaccuracies that may 
be present, which range from inadequate tests of the significance of 
coefficients (showing significance where none exists or the opposite) 
to biased and inaccurate predictions of the dependent variable.

The model adjustment of the original series, the residuals of the 
observations show a determination about the trend of COVID-19 
cases in Mozambique.

The Figure 1 allows to analyze linearity, normality of residuals, 
homoscedasticity. The top left graphic of Figure 1 presents the residual 
stage of adjusted values to analyze the linearity of the residuals of the 
linear regression model of the driving factors of the problem under 
study. However, the model residuals show some strange observations.

The top right graphic of Figure 1 displays standardized residues 
versus theoretical gaussian quantiles. The normality of residuals is 
not rejected, the concentration of points shows residuals are mainly 
close to the line. 

Regarding the analysis of homoscedasticity, in the bottom left 
graphic of Figure 1, the residuals variability seems close to a constant 
(exception to the strange observations) which it’s in agreement with 
the variance of the error terms (Ɛ) be constant in the range of values 
of the independent variable. The residuals do not present a triangular 
pattern around the regression line, which allows us to state that the 
residuals do not present heteroscedasticity.

Figure 1 Graphical analysis of linear model assumptions.

https://doi.org/10.15406/bbij.2024.13.00408
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Regarding the analysis of data, we could identify and analyze 
strange observations. 

Also, we can observe that at the bottom right graph of Figure 
1, we find the leverage associated to standardized residuals. It is a 
diagnostic tool for influent observations. Notice that leverage refers to 
the extension to which the coefficients in the regression model would 
change if a particular observation is removed from the dataset. We can 
observe only one influent observation closest to the border of Cook’s 
distance (n. 5), falling outside of the dashed line. It means that it is 
necessary to remove it and estimate again the model. 

A key issue in interpreting the regression statistical variable is the 
correlation between the independent variables. This is a data problem, 
not a model specification problem. The ideal situation for a researcher 

would be to have several independent variables that are highly 
correlated with the dependent variable, but with little correlation 
between themselves. To perform the diagnostic of multicollinearity 
it was evaluated the tolerance value VIF parameter, which directly 
expresses the degree of multicollinearity with an impact on the 
estimation process. When the standard error increases, the confidence 
intervals around the estimated coefficients become larger, making 
it more difficult to demonstrate that the coefficient is significantly 
different from zero.

The VIF values show that there is no strong association between 
the independent variables (Province, Gender and Age): are equal 
to 1.0. This fact allow us to claim that there is no multicollinearity 
between the variables (factors associated with the behavior of COVID 
19 cases). The same result is confirmed in Figure 2. 

Figure 2 Analysis of multicollinearity through visualization.

Discussion and conclusion 
This work results from a study about Covid – 19 infection in 

Mozambique. In the present manuscript we revisit some background 
about COVID-19 pandemic. We also got a model by GLM approach38 
that provided the distribution of COVID-19 cases in different age, 
gender and geographical area groups of the infected population. It 
is useful to understand how the pandemic affects different groups of 
people by age, gender and local which will contribute to formulate 
health policies aiming to control the spread of the pandemic. 

In general, the data shows that youth and adults up to 39 years of 
age are the age group most infected by the corona virus in both social 
strata (male and female). Due to the characteristics of the country’s 
population (smaller elderly population), the male population aged 

between 25 to 39 years old is the one more exposed to the risk factors 
of contracting COVID-19 in the 4 provinces under analysis. This 
issue can be justified by the mobility of this layer in search of living 
conditions without sparing efforts under the motto “stay at home”, one 
of the methods used to control the spread of the disease.

The distribution of COVID-19 cases in the province of Cabo 
Delgado evidenced that the population in the age group between 
25 and 34 years of age is the most infected by COVID-19, with a 
percentage around 33% of the total cases reported by the province, 
with emphasis on males, with a percentage of around 20%.

The distribution by age and gender of COVID-19 cases in 
the province of Niassa is not similar to Cabo Delgado case. The 
population considered vulnerable to COVID-19 was mostly female, 
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aged between 20 and 34 years old. Between the 44% of the young 
population that became infected with the corona virus, around 22% 
were women.

The age characteristic of Maputo province presents a high-risk 
population concentration for the age groups from 20 to 44 years. 
The distribution of COVID-19 cases in this province does not show 
greater variability between females and males, despite the dominance 
of cases in the 40 to 44 age group being female. It is notable that the 
male population aged between 25 and 34 years old is the one that 
smoothes the curve of cases of the disease in the young population 
most infected by COVID-19 with a percentage of 14%.

The distribution of COVID-19 transmission in Nampula province 
shows a contamination situation similar to that of other geographic 
areas (Cabo Delgado, Niassa and Maputo) in which the population 
most affected is in the age group between 20 and 44 years old and with 
a greater weight for male individuals.

It should be noted that the population in the age group between 
25 and 34 years is the most vulnerable and infected by COVID-19, 
with a percentage of around 30% of the total cases reported in the 
province, with emphasis on males with a percentage of around 15%. 
As extension of this manuscript we will present another models using 
some of the techniques described in section 3. 

Also, we will evidence the comprehensive and accessible 
visualization of data and/or complex information, allowing people 
to understand patterns, trends and information relationships 
intuitively; simplifying complex data and/or information and making 
communication more effective; data visualization allows informed 
decision-making, that is, people make decisions based on evidence, 
as it is possible to highlight data patterns as well as anomalies and 
unusual points (normal patterns) that allow for accurate analysis of 
data.5,29,42–47
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