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Abstract: Understanding direct and indirect relationships of environmental, socio-economic and
climate variables and the dynamics of epidemics is key to guiding targeted public health policy
and interventions. This study investigates the direct and indirect effects of environmental and
socio-economic factors on the COVID-19 dynamics in Africa (54 African countries from 2019 to
2021) using SEM approach. Specifically, the study aimed to: (i) assess the performance of two
SEM estimation methods (Lisrel and PLS-SEM) in relationship to sample size (100, 200, 500, and
1000) and level of model complexity (No, two, and four indirect effects) and (ii) use the most
performing SEM estimation method to examine direct and indirect effects of factors influencing
the number of cases and deaths of COVID-19 in Africa. The results highlight a positive spatial
correlation between factors such as temperature, humidity, age, the proportion of people aged over
65, and the COVID-19 incidence. Under the control of confounding factors, Lisrel turns out to be
the most performing method, identifying climate, demographic and economic factors as the main
determinants of COVID-19 dynamics. These factors have a direct and significant impact on the
incidence of COVID-19. An indirect relationship was also observed between economic factors and the
incidence of COVID-19 through air pollutants. The results highlight the importance of considering
these factors in understanding the spread of the virus to avoid further disasters.

Keywords: COVID-19 dynamics; PLS; Lisrel; fit measures; estimation methods; climate

1. Introduction

In 2019, the world experienced the emergence of the SARS-CoV-2 virus responsible for
the COVID-19 disease in Wuhan, characterized by its rapid spread and high mortality [1,2].
The COVID-19 pandemic caused more than 600 million cases and 6 million deaths glob-
ally [3], sparking global interest in understanding disparities in the distribution of cases
and deaths [4,5]. Global research has explored risk factors, highlighting the importance
of understanding vulnerable groups for targeted interventions [4]. Indeed, geographic
heterogeneity has led to questions about the links between the spread of the virus and envi-
ronmental, climatic, and socio-economic factors, notably temperature and humidity [6–8].
The influence of environmental and socio-economic factors on the dynamics of COVID-19
has been well demonstrated at several levels. It has also been reported that some of these
parameters and infections exhibit spatial and temporal autocorrelation [9]. Thus, individ-
ually assessing the relationship between these parameters and the dynamics of the virus
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could introduce biases into the estimates, particularly due to spatio-temporal autocorrela-
tions [9]. In this context, simultaneous consideration of environmental and socio-economic
factors could make it possible to reduce this bias and better assess their influence on the
dynamics of COVID-19. The Structural Equation Modeling (SEM) method has proved to
be the most appropriate for simultaneously modeling and estimating with more precision
the complex relationships between several dependent and independent variables [10]. This
method is an extension of traditional linear modeling techniques, combining factor analysis
and linear regression (multiple regression analysis or analysis of variance). SEM aims
to understand the relationship between latent constructs (factors), usually indicated by
different measures [11]. Two estimation methods predominate in practice for assessing
the links between variables in SEM namely Lisrel method and Partial Least Squares SEM
(PLS-SEM) [10]. Lisrel method is based on a covariance matrix and PLS-SEM is based on a
variance matrix (partial least squares). Usually, CB-SEM requires that the data be normal,
while PLS-SEM is quite lenient in this regard [11]. Nevertheless, it is crucial to note that
despite emerging debates about the two SEM methods, few studies have truly gone into
depth to compare their performance. The rare existing studies have often been limited
to summary comparisons (sample size and data distribution) and have been carried out
in contexts different from that of epidemiology [11]. Both the sample size and the level
of model complexity could have a significant impact on the performance of each of the
Lisrel method and Partial Least Squares SEM method, and the precision of the resultant
estimates especially in the field of epidemiology. The present study therefore aimed to
(i) assess the performance of the two methods in relationship to sample size and level of
model complexity and (ii) use the most performing method to explore direct and indirect
factors influencing the number of cases and deaths of COVID-19 in Africa.

2. Materials and Methods
2.1. Study Area

No African country has been spared by this pandemic, requiring every nation on the
continent to be considered. A spatial analysis of the distribution of incidence and mortality
rates of COVID-19 performed by [12] shows significant spatial variability in the intensity of
this pandemic across the continent. For example, the authors found 3 regions with a higher
incidence of COVID-19 including Egypt and Libya in the northeast, Morocco, Mauritania,
Senegal and Gambia in the northwest and Namibia in the south. Similarly, 2 regions with
a higher COVID-19 mortality rate were identified, namely in the north-east and north-
west parts of the continent, which correspond to regions with high COVID-19 incidence
rates. These results illustrate the heterogeneity of the intensity of COVID-19 across the
continent and the need to study the factors determining this variability. To provide a
comprehensive overview of the impact of the pandemic in Africa, taking into account
a variety of environmental and socio-economic contexts, all 54 African countries were
therefore considered.

2.2. Data Collection

From the literature review carried out, several variables have been identified as
the main determinants of the dynamics of COVID-19, including temperature, humidity,
concentrations of carbon dioxide ((CO2)), ozone ((O3)), sulfur dioxide (SO2), nitrogen
dioxide (NO2), particles with a diameter of less than 10 micrometers (PM10) and those
with a diameter of less than 2.5 micrometers(PM2.5). However, due to the unavailability
of specific environmental data, particularly those related to pollutants (PM2.5; (PM10);
(O3) and (SO2)), this study focused on four main environmental variables: temperature,
relative humidity, (CO2) and (NO2). In addition to environmental parameters, this study
also collected socio-economic data known for their potential impact on the dynamics of
COVID-19. These data include population density, the median age of the population at
the level of each country, expenditure related to imports and exports, the national Gross
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Domestic Product (GDP) from the industrial sector and then the total expenditure from
the tourism sector.

Apart from the above variables, the study took into account confounding factors
related to the management of the COVID-19 pandemic. These factors include, in particular,
the overall government response index, the containment and health index, and the vaccina-
tion policy characterized by the availability of vaccines in each country. These indicators
of government response are taken from the Oxford COVID-19 Government Response
Tracker (OxCGRT), which provides a range of government responses to the COVID-19
crisis. The purpose of including these indices is to control for them in the final model to
better assess the individual effect of the factors considered in this study. The response
variables were the incidence of COVID-19, in particular the number of cases and deaths. All
these variables were collected at the level of each of the 54 African countries and cover the
period 2019 to 2021. Table 1 summarizes the various variables, detailing the sources from
which these data were extracted, the effects of each variable, as well as previous studies
supporting the expected effects on the evolution of the pandemic.

Table 1. Data used, sources, and expected effects on the COVID-19 cases and deaths.

Parameters Sources Effects Authors
Dependent variable

Covid cases
World Health Organization (WHO).

Available online: https://covid19.who.int/data
(Accessed on 25 August 2023)

Deaths from Covid
World Health Organization (WHO). Available online:

https://covid19.who.int/data
(Accessed on 25 August 2023)

Independent variables

humidity (%) NASA. Available online: https://power.larc.nasa.gov/data
(Accessed on 2 September 2023) + [13]

Temperature (◦C) World Bank Available online: https://donnees.banquemondiale.org/
(Accessed on 3 September 2023) + [13]

Amount of CO2 (Kiloton)

OECD (2019, 2020). Available online: https://data.oecd.org/
(Accessed on 2 September 2023); Our World in Data (2021). Available online:

ourworldindata.org/
(Accessed on 2 September 2023)

+ [14,15]

Amount of NO2 (Kiloton)

OECD (2019, 2020). Available online: https://data.oecd.org/
(Accessed on 2 September 2023); Our World in Data (2021).

Available online: ourworldindata.org/
(Accessed on 2 September 2023)

+ [14,15]

Population United Nations. Available online: https://population.un.org/
(Accessed on 4 September 2023) + [16]

Proportion of seniors peoples (%) Our World in Data (2021) Available online: ourworldindata.org/
(Accessed on 4 September 2023) + [17]

Middle age (in year) Our World in Data (2021) Available online: ourworldindata.org/
(Accessed on 4 September 2023) + [17]

GDP manufacturing FAO. Available online: https://www.fao.org/faostat/
(Accessed on 13 October 2023) + [17,18]

Tourism
UNWTO Tourism Statistics Database. Available online:

https://www.unwto.org/tourism
(Accessed on 15 October 2023)

+ [17,18]

Importation World Tourism Organization Available online: https://stats.wto.org/
(Accessed on 31 August 2023) + [17,18]

Exportation World Tourism Organization Available online: https://stats.wto.org/
(Accessed on 31 August 2023) + [17,18]

Confounding factors

Overall government response index OxCGRT Available online: https://covidtracker.bsg.ox.ac.uk/
(Accessed on 18 March 2024) −

Containment and health index OxCGRT Available online: https://covidtracker.bsg.ox.ac.uk/
(Accessed on 18 March 2024) −

Vaccine availability OxCGRT Available online: https://covidtracker.bsg.ox.ac.uk/
(Accessed on 18 March 2024) −

+, − corresponding to the positive or negative impact of each parameter on the evolution of the pandemic
respectively.

2.3. Statistical Analyses
2.3.1. Assessing the Spatial Patterns of Environmental, Socio-Economic Variables and Cases
of COVID-19

A spatial analysis was carried out using QGis software [19]. The annual mean values
of various environmental, social and economic variables, as well as COVID-19 cases and
associated deaths, were mapped spatially. The Moran index [20] was used to assess the spa-
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tial dependence of each covariate. If the weight of the neighbor pairs (m = ∑n
i=1 ∑n

j=1 wij)
is equal to the number of individuals i, then m is equal to n. So, the Moran index can be
written as follows:

IMoran =
∑n

i=1 ∑n
j=1 wij(xi − x̄)

(
xj − x̄

)
∑n

i (xi − x̄)2 (1)

where, wij are the elements of the matrix of spatial interactions, defined in the form of
contiguity, distances or national borders; where each spatial unit (country) was associated
with a binary value. n is the total number of individuals in the sample.

The Moran index compares the covariance between spatially adjacent observations to
the total sample variance, with values ranging from −1 to 1, indicating perfect dispersion to
perfect correlation. A contiguity matrix was constructed to determine the spatial proximity
between units (countries) based on common borders. Results were interpreted using the
Moran plot, which represents the spatial correlation of variables, with a positive or negative
slope indicating positive or negative spatial autocorrelation, respectively. This analysis
helped to understand the spatial patterns in environmental, social and economic variables,
as well as the impact of COVID-19.

2.3.2. Comparing the Performance of the Lisrel and Partial Least Square Estimation Methods
Used in the Case of SEM Models

The evaluation of performance of the two estimation methods was assessed in relation-
ship to sample size and the complexity of the model. For the sample size, resampling was
performed to generate four sample sizes (n = 100; n = 200; n = 500 and n = 1000) from the
original data using bootstrap with replacement for SEM. The model complexity was related
to the number of indirect effects: a model with no indirect effects, a model with two indirect
effects, and a model with four indirect effects. Figure 1 summarizes the overall methodol-
ogy used to compare the two estimation methods. The performance of the two estimation
methods was evaluated using indices such as Comparative Fit Index (CFI), Goodness-of-fit
Index (GFI), Root mean square error of approximation (RMSEA) and Standardized Root
mean square residual (SRMR) which were calculated for each sample and each trained
model. An RMSEA or SRMR value between 0 and 0.05 indicates an excellent fit; between
0.05 and 0.08 it’s an acceptable approximation error [11]. A CFI value between 0.97 and
1 indicates a good fit, but it’s acceptable between 0.95 and 0.97. The value indicating
an excellent fit of GFI is between 0.95 and 1, but 0.90 and 0.95 means an acceptable fit.
The mean values of these indices were plotted against sample size and model complexity
which helped to identify the best-performing method. Pairwise multiple comparisons with
the Bonferroni method of adjusting p-values using the agricolae R package were further
performed to test the significance of the observed differences between both methods.

Figure 1. Flowchart of the comparative analysis of the two estimation methods.
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2.3.3. Assessing the Direct and Indirect Effects of Environmental and Socio-Economic
Variables on the Incidence of COVID-19 Using the Most Performing Estimation Method

To evaluate the real effects (direct and indirect) of the different variables on COVID-19,
the study used the most effective estimation method to model the relationship between the
studied variables, while including confounding factors to control their effects. The model
coefficients were estimated using the estimation method identified as the most efficient.

The analysis was performed using Rstudio software with SEMinR, cSEM, semPlot,
lavaan, dplyr and agricolae packages.

3. Results
3.1. Spatial Patterns of Environmental, Socio-Economic Factors and Incidence of COVID-19
3.1.1. Spatial Analysis

Figure 2 shows the spatial patterns of average values of climate (temperature and hu-
midity) and environmental (CO2 and NO2 emissions) variables from 2019 to 2021. Consid-
erable regional disparities are observed within each country for all variables (Figure 2a–d).
Indeed, regional variability highlights higher temperatures in the western zone and higher
humidity in the central zone (Figure 2a,b). Concerning climate parameters, significant
disparities emerge when comparing regions. Particularly, West Africa stands out with the
highest temperatures, ranging between 26.5 ◦C and 29.2 ◦C on average, while the southern
zone, particularly Lesotho (less than 16 ◦C on average) and South Africa (less than 19 ◦C
on average), records the lowest temperatures (Figure 2a). On the other hand, relative hu-
midity shows strong fluctuations among countries. Indeed, countries of the central Africa
(e.g., Equatorial Guinea, Rwanda, DRC Congo) and some countries of the west Africa
(e.g., Sierra Leone, Liberia, Guinea, and Togo) stand out as the regions with the highest hu-
midity rate (76–87%). In the eastern part, there are countries like Madagascar with the same
level of humidity (76–87%). On the other hand, the driest areas were mainly found in the
western Africa (e.g., Mauritania, Mali, Niger, Burkina Faso) and some in the center (Chad)
and the north (Sudan) with an average humidity of between 23–34%. These variations can
influence the transmission of COVID-19. CO2 and NO2 emissions (Figure 2c,d) show sig-
nificant differences among regions, indicating varying levels from one area to another with
higher levels in the northern, central and southern zones of the continent. Indeed, some
countries scattered in the different zones of Africa, notably Eritrea (East zone), Togo (West
zone), Egypt (North zone), DRC (central zone), and Zambia (southern zone), present high
levels of CO2 emissions, exceeding 159,000 kilotons, while the majority of countries in the
Western zone display significantly lower levels (less than 50,000 kilotons). It is noteworthy
that most of the countries with high CO2 concentrations also have high NO2 emissions,
such as Egypt, Algeria, DRC, Ethiopia, Eritrea, etc. (Figure 2c,d). This regional variability
in climatic and environmental parameters could have direct and indirect implications on
the dynamics of the pandemic.

The spatial models of economic factors over three years (2019–2021) match the find-
ings made on environmental and climatic parameters (Figure 3). Indeed, the spatial
analysis reveals significant spatial variations in expenditure related to imports and exports
(Figure 3a,b). In particular, it highlights that the countries of North Africa, such as Algeria,
Egypt, Morocco and Tunisia and those of the South (especially South Africa), display sub-
stantial economic expenditure compared to other regions. Concerning tourism expenditure
and the GDP of the industrial sector, projections confirm that countries in the North and
South (South Africa) maintain considerable levels, averaging over 9 billion (Figure 3c,d).
This could increase the risk of introduction and the spread of the virus through tourism.
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Figure 2. Spatial patterns of climate (temperature and humidity) and environmental (CO2 and NO2

emissions) factors by country. (a) Average temperature, (b) average humidity, (c) concentration of
CO2, (d) concentration of NO2.

Figure 3. Spatial patterns of average economics factors by country. (a) Imports expenditure,
(b) exports expenditure, (c) tourism expenditure and (d) GDP of the industrial sector.

Figure 4 shows the spatial analysis of the average total population and proportion
of senior people by country. The analysis of average populations across African coun-
tries highlights significant variations, with Nigeria emerging as the most populous nation
followed by densely populated countries like those in the eastern, central, and northern
regions. Conversely, smaller countries such as Seychelles, Mauritius, and Cape Verde
exhibit high population densities due to their compact size (Figure 4a). Notably, North
African countries like Tunisia, Morocco, and Libya have substantial proportions of elderly
populations (Figure 4b), suggesting higher vulnerability to COVID-19. Conversely, coun-
tries like Uganda and Zambia have lower proportions of elderly individuals, impacting
pandemic dynamics differently. This demographic diversity underscores the need for tai-
lored prevention and response strategies considering each country’s unique demographic
structure and susceptibility to COVID-19.
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Figure 4. Spatial analysis of average total population and proportion of seniors people by country.
(a) Population average, (b) Senior population and (c) young population.

The spatial patterns of the average incidence of cases and deaths due to COVID-19
(total number of cases and total number of deaths per 10,000 inhabitants) across African
countries also shows some differences in the intensity of this pandemic across the continent
(Figure 5). Indeed, by examining the map showing the cumulative number of cases
per 10,000 inhabitants per country, we see a small variation between the different zones
(Figure 5a). Thus, only South Africa stands out from other regions of the continent with a
total number of cases greater than 3 million for around 90,000 deaths in total. Furthermore,
the countries of the northern zone also stand out slightly from other countries, particularly
compared to the western part of the continent. These disparities, even slight, can be linked
to the different variables (environmental, economic and demographic) as described above.

Figure 5. Spatial patterns of incidence of COVID-19 by country. (a) average incidence of cases and
(b) average incidence of death due to COVID-19.

3.1.2. Spatial Autocorrelation Testing

The Moran index reveals significant trends. Temperature and relative humidity ex-
hibit a strong spatial positive correlation, indicating that geographically close regions,
particularly neighboring countries, tend to share similar values for these environmen-
tal parameters (Table 2). In contrast, carbon dioxide (CO2) and nitrogen dioxide (NO2)
emissions do not show significant spatial dependence, suggesting a relatively random dis-
tribution. Economic indicators such as import expenditure, exports, tourism expenditure
and manufacturing GDP do not show significant spatial positive correlation, suggesting
unpredictable spatial patterns for these activities. Furthermore, population density and
demographic variables, such as average age and the proportion of elderly people, show
a significant spatial positive correlation although relatively weak. Finally, the incidence
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of the pandemic, such as the number of cases and deaths per 10,000 inhabitants, exhibits
positive spatial dependence, indicating that geographically close regions tend to experience
similar impacts.

Table 2. Spatial autocorrelation index of each parameter.

Factors Moran I Stat E(X) Var Std.dev p-Value

Temperature (◦C) 0.424 *** −0.018 0.01 5.14 1.373 × 10−7

Relative humidity (%) 0.568 *** −0.018 0.01 6.598 2.073 × 10−11

CO2 (Kilotons) −0.097 −0.018 0.01 −0.907 0.818
NO2 (Kiloton) −0.035 −0.018 0.01 −0.186 0.574
Import −0.012 −0.018 0.006 0.078 0.468
Export −0.048 −0.018 0.005 −0.396 0.654
Tourism spending −0.016 −0.018 0.005 0.027 0.488
Manufacturing GDP −0.086 −0.018 0.006 −0.872 0.81
Population density 0.189 ** −0.018 0.007 2.485 0.007
Middle age 0.311 *** −0.018 0.01 3.789 7.56 × 10−5

Individuals over ≥ 65 years old 0.246 *** −0.018 0.006 3.238 0.001
Incidence cases of COVID-19 0.184 *** −0.018 0.002 0.498 0.003
Incidence deaths of COVID-19 0.326 *** −0.018 0.002 0.201 1.62 × 10−5

E(x) is the mathematical expectation of Moran’s I statistic. Note: ** = p < 0.01, *** = p < 0.001.

3.2. Performance of the Lisrel and Partial Least Square Estimation Methods in SEM Models
3.2.1. Comparison Based on Sample Size

The performance of the PLS-SEM and Lisrel estimation approaches in relationship with
sample size is shown in Figure 6. The average Comparative Fit Index (CFI) values show no
significant tendency to increase with sample size for each estimation method. In contrast,
the Goodness of Fit Index (GFI) values show a significant increase with sample size,
suggesting an improvement in the proportion of information explained by the covariance
matrix of the different factors in the model. The Root Mean Square Error of Approximation
(RMSEA) and Standardized Root Mean Residual (SRMR) indicators decrease as the sample
size increases, indicating an optimal fit of the model to the observed data. This trend is
evident for both the Lisrel and PLS-SEM approaches. These results highlight that as the
sample size becomes large, the models exhibit better efficiency, with a reduction in the
mean difference between observed and predicted values.

Figure 6. Performance of PLS-SEM and Lisrel based on sample size.

Nevertheless, comparing the two approaches reveals significant differences for the
four indices (Table 3). For the four performance indices, we observe a better performance
of the Lisrel approach compared to PLS-SEM. Therefore, it is plausible to conclude that
Lisrel stands out as the best-performing estimation method and the method performance
increases with sample size.
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Table 3. Multiple comparisons of the mean values of the performance indices of the two algorithms
(Lisrel versus PLS) in relationship to sample size (100, 200, 500 and 1000).

Size Algorithms
CFI GFI RMSEA SRMR

Mean SE Mean SE Mean SE Mean SE

Lisrel 0.830 a 0.006 0.726 c 0.006 0.171 c 0.003 0.12 ab 0.004
100 PLS 0.672 b 0.006 0.299 e 0.006 0.238 a 0.003 0.131 a 0.004

Lisrel 0.825 a 0.006 0.769 b 0.006 0.162 cd 0.003 0.103 bcd 0.004
200 PLS 0.663 b 0.006 0.279 ef 0.006 0.223 b 0.003 0.108 bc 0.004

Lisrel 0.852 a 0.006 0.813 a 0.006 0.149 d 0.003 0.085 d 0.004
500 PLS 0.676 b 0.006 0.351 d 0.006 0.219 b 0.003 0.098 cd 0.004

Lisrel 0.834 a 0.006 0.787 ab 0.006 0.168 c 0.003 0.09 cd 0.004
1000 PLS 0.662 b 0.006 0.264 f 0.006 0.239 a 0.003 0.106 bc 0.004

p-value 9.27−14 *** <2−16 *** 3.72−14 *** 2.22−5 ***
Comparative fit index (CFI), goodness-of-fit index (GFI), root mean square error of approximation (RMSEA) and
standardised root mean square residual (SRMR). The average of each parameter was calculated over the sample
size. The means of estimation methods with the same letters are not significantly different at 5%.

3.2.2. Comparison Based on the Number of Indirect Effects on Model

A comparative analysis of the performance of the PLS-SEM and Lisrel algorithms,
based on the number of indirect effects in the model was carried out (Figure 7). The detailed
results reveal similar trends to those observed for the influence of sample size. Looking
specifically at the Comparative Fit Index (CFI) and the Goodness of Fit Index (GFI), there
is a slight decrease in these indices with the increasing incorporation of indirect effects,
regardless of the estimation method. Indicating that as the model becomes more complex,
the fit between the specified model and the observed data decreases. On the other hand,
the RMSEA and SRMR indices show an opposite trend, with a significant increase of these
indices when the model becomes complex, i.e., from a simple structure (without indirect
effects) to a complex model (with 4 indirect effects). These observations suggest that the
average deviation between observed data and predictions becomes more pronounced as
model complexity increases with the inclusion of multiple indirect effects.

Figure 7. Performance of PLS-SEM and Lisrel based on number of indirect effects in model.

However, the comparative analysis between the two approaches reveals significant
divergences for most of the indices (Table 4). In particular, Lisrel performs better than PLS-
SEM for all performance indices. As a result, we can once again conclude that Lisrel stands
out as the most effective estimation method when it comes to more complex modeling,
involving the inclusion of several effects (Table 4).
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Table 4. Multiple comparison of the mean values of the performance indices of the two algorithms
(Lisrel versus PLS) in relationship to the number of indirect effects in the model.

Indirect
Effects Algorithms CFI GFI RMSEA SRMR

Mean SE Mean SE Mean SE Mean SE

0 Lisrel 0.841 a 0.006 0.779 a 0.018 0.161 b 0.005 0.097 a 0.007
PLS 0.666 b 0.006 0.297 b 0.018 0.233 a 0.005 0.113 a 0.007

2 Lisrel 0.839 a 0.006 0.776 a 0.018 0.160 b 0.005 0.097 a 0.007
PLS 0.678 b 0.006 0.309 b 0.018 0.226 a 0.005 0.105 a 0.007

4 Lisrel 0.826 a 0.006 0.766 a 0.018 0.166 b 0.005 0.104 a 0.007
PLS 0.662 b 0.006 0.288 b 0.018 0.230 a 0.005 0.114 a 0.007

p-value 2.67−15 *** 6.43−15 *** 8.79−10 *** 0.53
Comparative fit index (CFI), goodness-of-fit index (GFI), root mean square error of approximation (RMSEA) and
standardised root mean square residual (SRMR). The average of each parameter was calculated over the number
of indirect effects in the model. The means of estimation methods with the same letters are not significantly
different at 5%. *** p < 0.001.

3.3. Direct and Indirect Relationship between Environmental, Socio-Economic, and Climatic Variables
and Incidence of COVID-19 Using the Lisrel Estimation Method

The Lisrel estimation method was the most effective. Given the effect of sample size,
the most appropriate models are those with sample sizes of 500 and 1000. The analysis
of the relationship between the different parameters and the effect of COVID-19 was
therefore carried out using a sample of 1000. However, as the effectiveness decreases with
an increasing number of indirect relationships, this evaluation was carried out based on the
model with the fewest indirect relationships, namely the second model with two indirect
effects. The choice of this model arises from the fact that this study seeks to highlight
the direct (climate, Demographics, Air Quality, economics and confounding factors) and
indirect effects (Demographics and economics factors) of various factors on the incidence
of this pandemic.

A visual representation of the SEM model chosen for this study is presented as a path
diagram (Figure 8). This diagram distinguishes between observed variables (framed by
squares) and latent variables (represented by circles). It provides a graphical representation
of structural relationships, including causality (single-headed arrows), covariance (two-
headed arrows between two variables) and variances (two-headed arrows pointing to the
same variable) between the observed and latent variables of the SEM.

Parameter estimates reveal that among the factors having a direct and significant
influence on the incidence of COVID-19 under the control of confounding factors, there
are climatic, demographic and economic factors (Table 5). Indeed, the estimated regression
coefficient of climatic factors on the incidence of COVID-19 is 0.181, with significance at
the 0.1% threshold (Table 5). Figure 8 indicates that an increase in humidity and a drop
in temperature favor the increase of this pandemic, particularly in terms of the number
of cases and deaths per 10,000 inhabitants. Similarly, the estimated direct regression
coefficient of demographic factors on COVID-19 incidence is 2.01, with significance at
the 0.1% level (Table 5). This suggests that an increase in factors such as the average
age of the population and the proportion of people aged over 65 in a country increases
the scale of this pandemic, particularly in terms of the number of cases and deaths. per
10,000 inhabitants. Also, a direct, significant and positive relationship is observed for
economic factors (import and export expenditure, tourism expenditure and contribution
to industrial GDP at the national level) with a coefficient of 0.231. This indicates that an
increase in these factors is considered a source of the spread of this pandemic nationally.
Furthermore, even if the direct correlation between atmospheric pollutants (air quality)
and the incidence of COVID-19 is not significant, the results of the model reveal an indirect
influence of economic factors on the incidence of COVID-19 through pollutants. Thus, air
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quality seems to play a media role in the complex relationship between economic factors
and the dynamics of the pandemic.

Figure 8. Effects of different factors on the dynamics of Covid-19 in Africa using the Lisrel approach
v1= Incidences cases of COVID-19; v2 = Incidences of deaths from COVID-19; c1 = Average annual
temperature (◦C); c2 = Average annual relative humidity (%); d1 = Population density; d2 = Proportion
of senior people (more than 65 years old); d3 = Middle age (years); e1 = Total GDP from the industrial
sector (million USD); e2= Total annual expenditure on imports (million USD); e3 = Total annual
expenditure on exports (million USD); e4 = Total spending in the tourism sector per year (million
USD); a1= The amount of carbon dioxide (kiloton) in the atmosphere; a2= The amount of nitrous
oxide (kiloton) in the atmosphere; c f1 = Government response index; c f2 = Containment and health
index; c f3 = Vaccine availability.

Table 5. Estimation of regression coefficients between dependent and independent variables.

Estimate Std.err Z-Value p-Value

Direct effect on Covid-19

Climate 0.181 0.048 3.753 0.000 ***

Demographics 2.011 0.424 4.742 0.000 ***

Air Quality 0.002 0.018 0.071 0.943

Economics 0.231 0.037 6.324 0.000 ***

Confounding
factors 0.201 0.025 8.087 0.000 ***

Indirect effect : Air-Quality

Demographics 0.18 0.19 0.95 0.342

Economics 0.361 0.034 10.66 0.000 ***

Performance evaluation

Number of
observations 1000
Test statistic 15,618.67; p = 0.000 ***

RMSEA 0.167
SRMR 0.089

CFI 0.837
GFI 0.789

*** = p < 0.001.
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4. Discussion

The assessment of data reveals varying trends in environmental parameters over
three years (2019–2021) in the five main regions of Africa. Climate parameters such as
temperature and humidity generally remained relatively stable over this period. The slight
variations observed are consistent with the notion of a thirty-year normal in climatology,
indicating that significant changes in climatic parameters necessitate a longer observation
period [21]. Thus, the relative stability of climatic parameters at the regional scale suggests
that differences within these regions are mainly attributable to geographical and envi-
ronmental characteristics rather than short-term changes [22]. Nevertheless, these results
highlight the importance of considering these regional variations in the analysis of the
COVID-19 pandemic in Africa, as they may have direct implications on virus transmission,
virus survival in the environment, and the respiratory health of the population.

Concerning economic parameters, countries in the northern zone, in particular, recorded
higher import and export expenditures than other regions, indicating strong economic
interaction with the rest of the world. Tourism spending, reflecting international mobility
for leisure and travel purposes, showed a reduction in 2021 compared to 2019 across all
five zones. The significant drop in tourism spending can be attributed to the massive
impact of the COVID-19 pandemic on the tourism sector, resulting in travel restrictions,
border closures, and health security concerns [23]. The northern zone maintained higher
tourism spending, suggesting that it attracts more international travelers due to its heavy
dependence on tourism [24].

Moreover, countries in the northern zone, with higher average GDP have increased
industrial activity. However, industrial activities are often associated with emissions of air
pollutants, which affect air quality and potentially promote the transmission of respiratory
viral infections [25]. Given their economic dynamism, these northern countries appear to
be more exposed to the spread of COVID-19. Their strong economic interaction, combined
with intensified tourist and industrial activities that generate air pollution, may constitute
additional risk factors.

Data on the number of COVID-19 cases and deaths in different African zones reinforce
the importance of economic dynamics in the spread of the disease. The most affected
regions in 2020 were mainly the countries of the Northern zone, highlighting a correlation
between the intensity of economic exchanges and the spread of the virus. Trends in deaths
also showed an increase in regions with predominant economic activity. This aligns with
previous observations that economically dynamic areas face an increased risk of virus
transmission, requiring appropriate health measures to contain the pandemic [26].

Comparative analyses between PLS-SEM and Lisrel approaches, both based on sample
size and the number of indirect effects in the model, consistently highlight the superiority
of Lisrel. Looking at the various fit indices such as CFI, GFI, RMSEA, and SRMR, Lisrel
generally outperforms PLS-SEM. These findings suggest that Lisrel is more robust and
better suited to modeling the relationship between variables, whether in different sample
sizes or in more complex models with indirect effects. These results reinforce the conclusion
that Lisrel is emerging as the preferred estimation method in these specific data analysis
contexts where the aim is to confirm theories around the factors (climatic, environmental
and socio-economic) that influence COVID-19 dynamics. 19. These results support the
conclusions of previous studies which have specified that if the objective of the research
is to test and confirm theory, then the appropriate method is CB-SEM or Lisrel over
PLS-SEM [11,27].

The results of the analysis of the links between environmental and socio-economic
variables and the dynamics of COVID-19 in Africa, under the control of confounding
factors, from Lisrel, provide essential information. Firstly, the influence of climatic factors
(temperature and humidity) highlighted in the literature [13] was confirmed by the results
obtained. Furthermore, in other studies, it has been emphasized that the influence of
temperature is not linear. Thus, both positive and negative correlations between tempera-
ture and the number of infections have been observed in previous studies [28,29]. They
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found that infections increased with increasing temperatures between 23 and 34.5 ◦C and
decreased with temperatures between 14–23 and 34.5–39 ◦C. These results thus confirm the
direct influence of temperature on the known spread of this pandemic.

Then, the results show that economic factors such as manufacturing GDP, import and
export expenditures, tourism expenditures and demographic factors such as the average
age of the population and the proportion of people aged over 65 years in a country have a
significant influence on the dynamics of COVID-19. In particular, economic parameters
strongly influence the number of cases and deaths per 10,000 inhabitants, with increased
economic exchanges increasing the probability of transmission of the virus by human
contact and by air. This confirms the observation made by [26] by specifying that the
most developed countries and characterized by a strong economy are the most affected
by this pandemic. Thus, countries with robust economies tend to have greater mobility
of people. International trade, business travel and tourist travel are more common in
these regions. This increased mobility can make it easier for the virus to spread, as more
human contact means more opportunities for transmission. These results corroborate
the comments made by [30] when it specifies that even if the scale of the crisis varies
from one region of the world to another, all emerging and developing countries are the
most vulnerable in the world made of these exogenous shocks. Concerning demographic
factors (average age of the population, proportion of people aged over 65 and population
density), the Lisrel model showed a significant positive influence on the number of cases,
deaths per 10,000 inhabitants and the spread of COVID-19. These results confirm those
obtained by [16], according to which viral spread can vary considerably from one region
to another depending on population density. It is in the same sense that the [31] specifies
that the low intensity of COVID-19 in Africa is mainly linked to the low population
density and the lower age group. Finally, an indirect relationship was observed between
the economic factors mentioned and the incidence of COVID-19 through atmospheric
pollutants. This suggests that the influence of economic parameters, in particular through
industrial activities, is mediated by the emission of atmospheric pollutants. However, this
indirect relationship is not significant. However, the evolution of a pandemic is determined
by broader societal factors, such as the capacity to control the pandemic, the functioning
of the public health system, government risk management, transparency in information
flows, policy adherence, and vaccination efforts [32,33]. This confirms the influence of
the confounding factors noted by the model. In summary, these comprehensive analyses
shed light on the multifaceted dynamics of COVID-19 in Africa, highlighting the interplay
between climatic, economic, demographic and confounding factors.

5. Conclusions

Comparative analyses between PLS-SEM and Lisrel approaches, both based on sample
size and the number of indirect effects in the model, consistently highlight the superiority
of Lisrel. These findings suggest that Lisrel is more robust and better suited to modeling
the relationship between variables, whether in different sample sizes or in more complex
models with indirect effects.

The examination of data over three years (2019–2021) across African countries high-
lights significant trends in environmental and economic parameters linked to the spread of
COVID-19. Climatically, these regions maintained relatively stable levels of temperature
and humidity, suggesting that the observed short-term variations are mainly attributable
to geographic and environmental characteristics. However, these regional variations play
a crucial role in the transmission of the virus and the respiratory health of populations.
Economically, the countries of the northern zone stand out with high import and export
spending, as well as substantial tourism spending. The reduction in tourism spending
in 2021, due to the massive impact of the pandemic, highlights the direct consequences
on the tourism sector. Economically dynamic regions are more affected by the pandemic,
which is supported by data on COVID-19 cases and deaths. The results of the Lisrel model
indicate that climate, economic and demographic factors have a significant influence on the
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dynamics of COVID-19, confirming the preponderant role of these parameters in the spread
of the virus. Based on these results, it is recommended that various African governments
maintain and intensify their efforts to improve public health policies. This includes access
to safe, quality, effective, efficient, accessible and affordable vaccines for the entire popula-
tion. Awareness and education campaigns on the importance of vaccines and prevention
measures must be implemented proactively.
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