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Abstract

The COVID-19 pandemic has spread rapidly across the world and caused several economic, social, 
and demographic impacts, even though there were strong geographical disparities. This study aims to 
assess the effect of socio-demographic factors and the use of non conventional medicines on COVID-19 
risk perception in West Africa using Structural Equation Modeling (SEM) approach. A quantitative 
survey was conducted in four countries (Benin, Togo, Ghana and Côte d’Ivoire). Data were collected 
on demographic characteristics, COVID-19 risk perception (risk feeling and risk analysis), affective 
attitude, trust predictors and non-conventional medicine. Nominal polychotomous logistic regression, 
binary logistic regression and partial least squares were used for the data analysis. Among the 
respondents 59.11% from the in-person survey, 28.08% were from Benin, 32.84% from Côte d’Ivoire, 
24.96% from Togo and 14.12% from Ghana. The results showed a very high level of risk perception 
within the countries. Participants aged between 18 and 40 used less non-conventional medicine. Also, 
people with a low level of education or no formal education often perceive a higher risk associated 
with COVID-19 and use more non-conventional medicine than others. The PLS-SEM model’s loadings 
were higher compared to those of the Consistent PLS (PLSc-SEM), but the Consistent PLS showed 
robust values in the structural model with lower RMSE than the linear model. Our results also 
indicated that non-conventional medicine has a positive relationship with COVID-19 risk perception. 
For decision-makers and health workers, this research underscores the importance of unconventional 
medicine and the emotional state of local population in managing epidemic.

Keywords: consistent PLS; goodness-of-fit index; socio-demographic; prediction; linear model

1. Introduction
The COVID-19 pandemic, caused by the highly contagious SARS-CoV-2 virus, has evolved into a

global crisis [1]. As of February 1, 2023, it has affected 670,597,192 people and resulted in 6,832,607
deaths, justifying its classification as a pandemic by the World Health Organization [2]. Stringent
preventive measures, including barrier methods and travel restrictions, were implemented with 513
946 confirmed cases and 6 710 deaths as of 30 July 2021 in the 16 countries of West Africa, [3]. All
these measures have affected the population psychologically. This pandemic has been perceived
differently worldwide, particularly in West Africa. Each individual perceives the different aspects of
risk perception of emerging infectious diseases differently and tends to view the situation as a risk,
especially in a pandemic case [4].
As a result of the COVID-19 pandemic disaster, the population has adopted protective measures such
as using non-conventional medicine. In general, many reasons have led people to use alternative
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medicine, such as the perception of illness, the need for autonomy in health care, dissatisfaction and
distrust of Western medicine, and individual values and beliefs [5]. The benefits of using certain non-
conventional medicines are recognised for diseases such as cancer, asthma, diabetes, cardiovascular
disease, liver disease and rheumatology [6]. As COVID-19 is an unknown disease, Africans have
turned to non-conventional medicines as preventive and curative measures. This practice has affected
the disease dynamics.
Level of exposure, certain socio-demographic factors, personality and other individual characteristics
are risk factors for post-traumatic stress disorder [7]. It is therefore important to understand the
socio-demographic factors (gender, age, marital status, etc.) that are likely to influence COVID-19 risk
perception (risk feeling, risk analysis, affective attitude), the use or not of non-conventional medicine
and COVID-19 dynamics.
Structural Equation Modeling is the most appropriate method to understand the effect between
these variables simultaneously. Structural equation models (SEM) are multivariate techniques for
modeling causal structures in data. They allow the simultaneous assessment of the existence of causal
relationships between several variables. Many variables may combine and interact to simultaneously
influence a phenomenon, such as the risk perception associated with disease onset [8]. Partial Least
Squares is a more robust approach for testing substantive theories or psychological constructs that
are generally complex [8]. It handles data heterogeneity. This method is the most appropriate
approach to understanding this complex relationship between socio-demographic factors, COVID-19
risk perception, use or not of non-conventional medicine and COVID-19 dynamics.
Numerous studies provide valuable insights into the perception of COVID-19 risk, highlighting
the influence of sociodemographic factors. The study on COVID-19 risk perception and protective
behavior in Italy revealed the significant impact of sociodemographic variables on risk perception,
affecting protective measures and cultural worldview [9]. Perception scores for COVID-19 risk can
vary, focusing on dimensions such as severity, the likelihood of family and friends getting infected, and
general worry [8]. [10] indicated heightened awareness of personal risks among sociodemographic
groups during different phases of lockdown.

A great deal of work has been done on risk perceptions. The public risk perception of COVID-
19 has been assessed around the world (America, Asia and Europe) using national samples [8]. In
addition, [11] investigated the cognitive dimensions of Ebola risk perceptions. In the work of Anthony
[12], public opinion surveys were examined to determine their usefulness in explaining public risk
perceptions of global climate change. The proliferation of misinformation, such as linking child
deaths to Western vaccination in Guinea [13], and the prevalent of non-conventional medicine use
in West Africa [14] have significantly influenced public responses to COVID-19. In Ivory Coast, the
popular success of neem, whose leaves and seeds are believed to combat the new coronavirus, led
to uncontrolled pruning of many trees. A survey conducted in Egypt, Morocco, South Africa, Côte
d’Ivoire, Senegal, and Nigeria revealed that 40% of respondents believed that drinking lemon juice
and vitamin C was effective against the virus [15].
Although public risk perception of COVID-19 has been studied in Europe, America and Asia ([16]),
it has not yet been studied in Africa, particularly West Africa, with a focus on the use of traditional
medicine. This study aims to assess the impact of non-conventional medicine on COVID-19 risk
perception, taking into account various sociodemographic factors and comparing two algorithms (PLS-
SEM and PLSc-SEM). Specifically, the study aims to: (i) to examine the influence of socio-demographic
factors on the perception of risk related to COVID-19 and the use of non-conventional medicine in
West Africa, (ii) to evaluate and compare the relative effectiveness of the PLS-SEM and Consistent PLS
(PLSc-SEM) algorithms and (iii) to estimate and predict the impact of non-conventional medicine on
the risk perception related to COVID-19. This research will enable policy makers and health workers
to make correct decisions in the management of epidemics based on unconventional medicine and the
emotional state of the local population.
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2. Overview on PLS, PLS-SEM and Consistent PLS
2.1. Partial Least Squares Method

PLS regression was developed in economics by [17] to overcome weaknesses in theory and data.
It has since been applied to other fields such as chemistry and epidemiology. The management of
small data sets, multicollinearity and missing values are real problems faced by researchers. The PLS
method was developed to solve these problems. In [18], Wold introduced PLS to structural equation
methods. It is the prediction of dependent variables from explanatory variables (latent variables) and
is primarily a prediction technique. It is mainly a predictive technique but it can be interpretive when
the exploratory analysis is used before SEM is applied. The predictive power or global fit of the model
can be assessed using the goodness of fit (GoF) index.

2.2. PLS-SEM Algorithm

Partial least square structural path modeling aims to (i) minimize the error terms, (ii) explain the
variance, and (iii) maximize the value of the coefficient of determination of the endogenous constructs
by using the available data to estimate the path relationships between the latent variables and their
indicators in the model ([19]). This algorithm is used to compute the model parameters, including
external weights, external loadings and path coefficients ([20]). However, as the sample size increases,
the estimates produced by the algorithm do not approach the true value. In addition, the method
tends to overestimate loadings in absolute terms ([21]) and underestimate correlations between latent
variables ([22]. There are three steps:

step 1: Iterative estimation of weights and latent variable scores until convergence,

step 2 : Estimation of path and loading coefficients,

step 3 : Estimation of location parameters.

2.3. Consistent PLS Algorithm (PLSc)

Consistent PLS is an extension of PLS-SEM. It was developed by ([22]) and has the advantage
of correcting estimates when PLS is applied to reflective constructs: Path coefficients, inter-construct
correlations and indicator loadings become consistent. PLSc aims to overcome the statistical inconsis-
tency associated with the traditional PLS estimation algorithm ([21]). The Estimates asymptomatically
approach true values when this algorithm is used. There are four steps in the consistent PLS ([22]).

Step 1: Traditional PLS

• By using the means of the traditional iterative PLS algorithm calculate ζi

• Obtain the inconsistent latent variable correlations r∗ij = cor(ζi, ζ j)

Step 2: Calculate ρA

• Calculate new reliability coefficient for each reflective latent variable ρA as:

ρA = (W
′
W)2 × W

′
(S − diag(S))W

W ′(WW ′ − diag(WW ′))W
(1)

• For composite variables is set to one. w is the estimated weight vector of the latent variable (the
dimension of w is the number of indicators directly associated with the latent variable), and S is
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the empirical covariance matrix of the latent variable’s indicators.

Step 3: Correction for attenuation
Obtain consistent construct correlation r using the classical correction for attenuation:

rij =
r∗ij√

ρA(ζi).ρA(ζ j)
(2)

Step 4: Estimation of path coefficients

• Estimate the consistent path coefficients based on the consistent construct correlations by using
ordinary least squares (OLS) in the recursive models.

• Used other adequate estimators (e.g., two-stage) least squares for the nonrecursive models.
W is the estimated weight vector of the latent variable and S is the empirical covariance matrix of
the latent variable’s indicators.

3. Materials and Methods
3.1. Theoritical Model and Measure

COVID-19 risk perception (risk feeling and risk analysis) and affective attitude are considered
dependent variables. In our model (Figure 1), the independent variables are the trust predictors (trust
in the health professionals, Confidence in the government, trust in the media) and non-conventional
medicine. The items linked to the variables are summarized in Table 1 and measured using the Likert
scale between 5 and 7 points.

Figure 1. Relationship among the constructs
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Table 1. Constructs and their indicators adapted from [8,23–29]

Variable Item

Risk feeling (RF)
1 When you think about the coronavirus, are you afraid?
2 To what extent does the coronavirus concern you?
3 To what extent do you feel vulnerable to the coronavirus?

4 When you hear about a person with coronavirus,
to what extent does your initial reaction try to tell you "this could be me one day"?

5 In general, what is the risk of contracting coronavirus?

6 In general, what, in your opinion, is the risk that the coronavirus
represents for society in your country?

7 To what extent do you think the coronavirus poses a risk to the health,
safety, or prosperity of mankind?

8 What, in your opinion, is the risk of dying from a COVID-19 infection?

9 To what extent do you agree or disagree that the coronavirus/COVID-19
will not affect many people in your country at the moment?

Risk analysis (RA)
1 What is, in your opinion, the probability that you will contract the coronavirus?

2 If you did not follow government recommendations to reduce infection, what,
in your opinion, would be the probability of contracting the coronavirus?

3 If you continue to live as you have so far, what is the probability
that you will contract the coronavirus?
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Table 1. Cont.

Variable Item

Affect attitude (AA)
1 I consider the coronavirus as something
2 Overall, I think that the coronavirus is
3 For me, the coronavirus is
4 When I think about the coronavirus, I mostly feel ......

Trust predicts(TP)
1 How much trust do you have in doctors and nurses?
2 How much trust do you have in politicians in your country regarding COVID-19?
3 How much trust do you have in media information about COVID-19 in your country?

Non-conventional medicine (NM)
Have you ever used non-conventional medicine? (yes/no)
1 How many times have you used non-conventional medicine to fight COVID-19 ?
2 To what extent do you trust non-conventional medicine to fight COVID-19?

Risk feelings (9 items) and risk analysis of risk (3 items) were assessed for risk perception measurement. It also introduces a third construct related to affective attitude, which includes 4 items. Additionally, the text mentions the measurement of
two exogenous constructs: non-conventional medicine (2 items) and predictors of trust in government, media, and healthcare personnel (3 items). Various measurement scales are employed, including 5-point scales with responses ranging from 1
(not at all) to 5 (extremely) or from 1 (strongly disagree) to 5 (strongly agree). There are also 7-point scales for AA with responses ranging from 1 (very negative) to 7 (very positive), 1 (a very bad thing) to 7 (a very good thing), or 1 (extremely
unpleasant) to 7 (extremely pleasant). Lastly, a 6-point scale is used for NM_1, ranging from 1 (never) to 6 ( always).
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3.2. Data Collection

To assess COVID-19 risk perception in West Africa and its association with non-conventional
medicine, We interviewed people in 4 West African countries. An online quantitative survey was
conducted over 5 week period from 25 August to 2 October 2023 and a physical survey was conducted
from 28 September to 2 October 2023. Participation in the study was completely voluntary. Respondents
aged 18 and over were informed of the purpose of the study and gave their implied verbal consent by
completing the questionnaire. A written consent form was also available for the physical survey, but
very few people signed it. The survey link was shared on various social platforms and participants
over 18 years were encouraged to participate and share the link across Benin, Togo, Ghana and Ivory
Coast. A physical survey was also conducted in these countries to ensure inclusivity. The process
of selecting participants was based on selective data collection. It consisted of selecting a group
of older people and a group of people with no formal education after observation and asking the
participants. The study relies exclusively on the use of anonymized and non-identifiable data collected
through voluntary questionnaires, without the collection of sensitive personal information. This
means that the data collected cannot directly or indirectly identify the participants. No identity-related
information such as names, addresses or contact details were collected. The study does not involve
medical intervention or experimentation on human subjects, but focuses solely on questions related to
emotional states. It is limited to investigating perceptions of COVID-19 risks and behaviors related to
the use of non-conventional medicine, without direct involvement in clinical decision-making.
Following the rule of thumb, 10 for the minimum sample size (10 times the arrows pointing to latent
variables), the questionnaire covered socio-demographic characteristics, risk perception, affective
attitude, use and effectiveness of non-conventional medicine, and various risk predictors. These
variables were derived from previous studies [7,8,23,24,28,30] and are measured using Likert scores
[19].

3.3. Statistical Analysis
3.3.1. Socio-Demographic Characteristics

Descriptive statistics were used to characterize the variables in this study. To investigate the influ-
ence of socio-demographic variables on risk perception and the impact of the use of non-conventional
medicine, nominal polychotomous logistic regression and binary logistic regression were used. Due to
the limited number of participants in some variable categories, recategorization was carried out to
ensure meaningful analyses. Since the indicators within each construct were strongly correlated and
shared similar measurement scales, they were aggregated to derive total scores. After estimating the
scores for each construct, a three-level categorization was performed for analysis.

3.3.2. Performance of PLS-SEM and Consistence PLS (PLSc-SEM)

The external model validity was performed by comparing PLS-SEM and Consistent PLS through
fit measures (NFI, GFI and SRMR) and selection criterion (AIC).

3.3.3. Estimation and Predictive Power of Non-Conventional Medicine on the Covid-19 Risk
Perception

To assess the model’s predictive performance, the PLSpredict algorithm from [31] was used
and compared with linear regression (LM). The focus is on determining whether non-conventional
medicine can predict risk perception, with the model being redefined accordingly. In addition, k-fold
cross-validation was performed, where k is the number of data subgroups. For this study, k=10 is
chosen based on the recommendation of [32]. To evaluate the predictive power, the RMSE (root-mean-
square error) metric was used to quantify the degree of prediction error [20] and compared with LM
values. The analysis was conducted using Rstudio software with SEMinR and cSEM packages.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 March 2026 doi:10.20944/preprints202603.1054.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1054.v1
http://creativecommons.org/licenses/by/4.0/


8 of 16

4. Results
4.1. Demographic Profile of Respondents

688 participants were recruited (online and field survey) with 79 excluded because they did not
belong to the eligible countries, namely Benin, Togo, Ghana and Ivory Coast. 609 adults participated
including 360 (59.11%) from the physical survey. 171 (28.08%) were from Benin, 200 (32.84%) from
Ivory Coast, 152 (24.96%) from Togo and 86 (14.12%) from Ghana (Table 2). More than half (64%) of the
respondents were male and 36% were female; 75% were aged between 21 and 40; 50% had no children
and 47% had between 1 and 6 children; 63% of the respondents were single and 34% were married;
68% of the respondents’ educational level categories, to give us an overview, had either a secondary
education, a bachelor’s degree or equivalent and a master’s degree (Table 2). Respondents who used
non-conventional medicine made up 68% of the total sample.

Table 2. Frequency table of socio-demographic factors

Factors Class Frequency (N=609) Percent
Country

Bénin 171 28%
Côte d’Ivoire 200 33%
Togo 152 25%
Ghana 86 14%

Gender
Male 387 64%
Female 222 36%

Age
18-20 years 82 14%
21-30 years 309 51%
31-40 years 148 24%
41-50 years 49 8%
> 50 years 21 3%

Education
No formal education (NFE) 92 15%
Literacy 36 6%
Primary 55 9%
Secondary 110 18%
Bachelor or equivalent 172 28%
Master 132 22%
PhD 12 2%

Number of children
No children 304 50%
1-3 children 226 37%
4-6 children 58 10%
> 6 children 21 3%

Marital status
Single 386 63%
Married 205 34%
Divorce 12 2%
Widow 6 1%

Use of non-conventional medicine (UNM)
Yes 416 68%
No 193 32%

4.2. Impact of Socio-Demographic Factors on the Use of Non-Conventional Medicine

The variables such as Gender, number of children and marital status were not significant. Only ed-
ucational level and age were significantly associated with using non-conventional medicine. Thus, com-
pared with people with no formal education, the probability of respondents using non-conventional
medicine decreased with odds ratios of 0.7 (95 % CI 0.02, 0.19) for secondary education, 0.06 (95 % CI
0.02, 0.15) for bachelor’s degree or equivalent, and 0.10 (95 % CI 0.03, 0.27) for master’s degree and
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above (Figure 2). In terms of age categories, compared with participants aged over 40, the probability
of other age categories using unconventional medicine was generally low (0.18 - 0.24).

NFE = No Formal Education
Figure 2. Significant level of demographic factors on the use of non-conventional medicine

4.3. Overview of COVID-19 Risk Perception

Overall COVID-19 risk perception is highly significant between countries (p-value = 2.2e-16)
and education level (p-value = 7.29e-06) Table 3. It was also significant between gender (p-value =
0.007) and age groups (p-value = 0.0479). Women and participants with no formal education were
significantly associated with higher risk perception than men and those with higher education levels
respectively. There was no significant difference in risk perception according to marital status and
number of children.

Table 3. Effect of socio-demographic factors on risk perception

Factors df Std.Error R-square p-value
Country 605 1.548 0.154 < 2.2e-16***
Education level 602 1.64 0.054 7.29e-06***
Age group 15 0.888 0.531 0.0479*
Gender 604 1.668 0.012 0.007**

4.4. Impact of Socio-Demographic Factors on the Covid-19 Risk Perception

There was a higher probability for males to feel low-risk perception (vs moderate) than females,
with an odds ratio of 1.67 (95% CI: 1.02 to 2.75) (Table 4). Respondents with a Bachelor’s degree or
equivalent and those with a Master’s degree and above, compared to those with no formal education,
had increased low-risk perception (vs moderate). In terms of age, there was a very higher probability
for the category between 18 and 20 years to feel low-risk perception (vs moderate), compared to those
over 40, with an odds ratio of 12.2 (95% CI: 4.28 to 34.9). High risk perception (vs moderate) was
reduced among respondents with a Bachelor’s degree or equivalent and those with a Master’s degree
and above, with odds ratios of 0.4 (95% CI: 0.22 to 0.73) and 0.49 (95% CI: 0.26 to 0.89), respectively.

The risk analysis shows that the level of low risk (vs moderate) was high among those with literacy
or primary education, bachelor’s degree or equivalent and master’s degree and above compared to
those with no formal education, with odds ratios of 2.24 (95% CI: 1.03, 4.88), 3.14 (95% CI: 1.53, 6.45)
and 3.61 (95% CI: 1.74, 7.50), respectively. In the age category, the analysis of low risk (vs moderate
risk) increased for participants aged 18 to 20 (OR: 18.4) and between 21 to 30 (OR: 2.44) compared
to those over 40. Regarding marital status, the feeling of low risk compared to moderate risk was
significantly higher for married compared to single status.
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Table 4. Effect of socio-demographic factors on the risk feeling and the risk analysis

Risk feeling Risk analysis
Characteristic OR 95% CI OR 95% CI

Low vs. moderate
Gender

Female - -
Male 1.67* [1.02, 2.75]

Education
NFE - - - -
Literacy or primary 2.75 [0.98, 7.75] 2.24* [1.03, 4.88]
Secondary 1.43 [0.51, 4.05] 1.44 [0.67, 3.08]
Bachelor or equivalence 3.24* [1.25, 8.42] 3.14** [1.53, 6.45]
Master and more 4.99** [1.91, 13.0] 3.61** [1.74, 7.50]

Age categories
>40 years - - - -
31-40 years 1.21 [0.51, 2.86] 1.46 [0.65, 3.28]
21-30 years 1.43 [0.58, 3.52] 2.44* [1.03, 5.82]
18-20 years 12.2*** [4.28, 34.9] 18.4*** [6.44, 52.5]

Marital status
Single - - - -
Married 2.28** [1.23, 4.24]
Divorce or widow 2.65 [0.62, 11.3]
High vs. moderate

Education
NFE - - - -
Literacy or primary 1.01 [0.52, 1.94] 1.22 [0.58, 2.57]
Secondary 0.77 [0.42, 1.41] 0.57 [0.27, 1.19]
Bachelor or equivalence 0.4** [0.22, 0.73] 0.49 [0.24, 1.02]
Master and more 0.49* [0.26, 0.89] 0.59 [0.28, 1.22]

Age categories
>40 years - -
31-40 years 1.91 [0.67, 5.49]
21-30 years 3.61* [1.19, 11.0]
18-20 years 4.76* [1.24, 18.3]

OR = Odds Ratio, CI = Confidence Interval, Note: *p<0.05, **P<0.01, ***P<0.001

4.5. Relative Performance of PLS-SEM and PLSc-SEM

Items RF_9 and NM_1 (1) were removed from the analysis because of their low saturation. Except
for RF_1 (0.44) in PLSc-SEM, all items have a loading greater than 0.5. We generally note that the
loadings of PLS-SEM were greater compared to those of PLSc-SEM (Table 5). According to [33], the
AVE is usually used to measure convergent validity and the value should be greater than 0.5 to indicate
satisfactory convergent validity. All the AVEs were greater than 0.5 [34] except that of the PLSc-SEM for
affective attitude and the CRs greater than 0.7 [35]. Despite these conditions, all the PLS-SEM values
are higher than the PLSc-SEM values. Almost all the AVEs of the PLS-SEM were greater than 0.6 and
only one was less than 0.58 and the CR were more than 0.8. As for PLSc-SEM, two values were less than
0.8 and more than 0.6 for CR and AVE respectively. In this study, the HTMTs (hétéro-trait-mono-trait)
of PLSc-SEM and PLS-SEM were all less than 0.85[36] indicating the good discriminant validity (Table
6). To evaluate a model, it’s important to assess the goodness of fit of the model for improvement.
The goodness-of-fit index (GFI) and the standardised root mean square residual (SRMR) are used to
measure how well the parameter estimates generated in the proposed model fit the population matrix.
An RMSEA less than or equal to 0.05 and a GFI greater than or equal to 0.95 indicates an excellent
fit [37]. The NFI measures a model by comparing the Chi-square test value of the model with the
Chi-square value of the null model. An NFI greater than or equal to 0.9 is generally considered to
indicate a good fit [37,38]. In this study, the Normed Fit Index (NFI) and the goodness-of-fit Index
(GFI) are slightly close to 1 and the Standardize Root Mean Square Residual (SRMR) is 0.08 lower for
the two models (Table 7). Apart from the NFI (0.76) of the PLS-SEM which was equal to that of the
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PLSc-SEM, the other indices were better. However, the values of the indices are quite similar. The AICs
of the PLSc-SEM model were all lower and therefore seem good compared to those of the PLS-SEM.

Table 5. Loadings, validity and reliability: PLS-SEM vs PLSc-SEM

PLS-SEM PLSc-SEM
Constructs Item Loadings AVE CR Loadings AVE CR
Risk feeling RF_1 0.62 0.58 0.92 0.44 0.52 0.89

RF_2 0.67 0.54
RF_3 0.78 0.73
RF_4 0.77 0.7
RF_5 0.81 0.9
RF_6 0.8 0.77
RF_7 0.8 0.79
RF_8 0.82 0.8

Risk analysis RA_1 0.81 0.69 0.87 0.63 0.54 0.77
RA_2 0.86 0.82
RA_3 0.82 0.74

Affective attitude AA_1 0.83 0.66 0.85 0.52 0.48 0.73
AA_2 0.88 0.82
AA_3 0.72 0.71

Trust predictors TP_1 0.91 0.73 0.89 0.95 0.62 0.82
TP_2 0.75 0.52
TP_3 0.89 0.83

Trust to NM NM_2 1 1 1 1 1 1

NM:

non-conventional medicine

Table 6. Discriminant validity for PLS-SEM (htmt) and for PLSc-SEM

Nmedicine Tpredictors Ranalysis Rfeeling Aattitude
Non-con medicine .
Trust predictors 0.287 .
Riskan alysis 0.255 0.5 .
Risk_feeling 0.327 0.5 0.77 .
Affective attitude 0.143 0.1 0.17 0.136 .

Table 7. Model fit indices and AIC: PLS-SEM vs. PLSc-SEM

Fit measurements
PLS-SEM PLSc-SEM

NFI 0.76 0.76
GFI 0.73 0.75
SRMR 0.078 0.07
AIC
Risk feeling -349.89 -579.19
Affective attitude -6.0327 -11,989
Trust to NM -61.87 -69.81
Trust predictors -171.84 -225.52

4.6. Estimation and Prediction of the Impact of Non-Conventional Medicine on the COVID-19 Risk Perception

Figure 3 summarizes the estimation of the relationships (figure 3a) and the predictive power
(Figure 3b) of belief in non-conventional medicine to deal with COVID-19. In this analysis, we chose the
consistent PLS (PLSc-SEM) for the predictive power due to its performance in terms of estimating the
coefficients with the bootstrap. The relationships between non-conventional medicine and risk analysis
and between non-conventional medicine and risk feeling were positive with respective coefficients of
0.256 and 0.348 (figure 3a). The root mean square error (RMSE) of the loadings of the linear model are
all lower than those of the consistent PLS (Figure 3b).
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Figure 3. Effect and predictive power of unconventional on the Covid-19 risk perception.
(a) Path diagram of PLSc-SEM, (b) out of sample predictive power showing root mean square error (RMSE) compared to
linear model (LM).

5. Discussion
5.1. Risk Perception of COVID-19 and the Effect of Socio-Demographic Factors

This study investigated the effect of socio-demographic factors on the risk perception of COVID-
19. However, the results showed a very high level of risk perception (both in terms of feeling and
analysis) between each country. Thus, this COVID-19 pandemic has been a very stressful issue for
the population of West Africa. It has also been shown by [7] (2021) that there is a high-risk perception
among sub-Saharan Africans and those in the diaspora, which is associated with increased knowledge
of COVID-19. The results reveal a notable gender disparity in the perception of low risk of COVID-19.
Specifically, the odds of perceiving low risk (vs moderate) among men were significantly higher than
among women. Indeed, women are more concerned about COVID-19 than men [39]. This is why they
generally express a higher risk [10], while men tend to evaluate COVID-19 as less risky in terms of
risk feeling and risk analysis [9]. Again, educational level seemed to be a determining factor in risk
perception. Participants with a bachelor’s degree or equivalent and those with a master’s degree or
higher had a higher perception of low (vs moderate) risk than others. These results suggest that people
with a low level of education or non-formal education often perceive a higher risk associated with
COVID-19. This seems to contradict the result of [7], who mention that unemployment and lower
levels of education (primary/secondary) were significantly associated with lower risk perceptions
towards COVID-19. However, [10] states that higher levels of education would be associated with
lower estimates of mortality from COVID-19 infection.

Age categories played a distinct role in risk perception. The category of 18-20 year olds had a
particularly high perception of low risk compared to moderate risk. Age categories remain important
in risk analysis. Participants aged between 18 and 30 years showed an increase in the odds ratio of
perceived low (vs moderate) risk compared to those aged over 40 years. This suggests that younger
people tend to perceive a lower risk of contracting COVID-19. In addition, a study of local and diaspora
populations shows that risk perception was significantly lower among sub-Saharan Africans (SSA) in
the 18-28 age group than among older groups [7]. [9] raise this point in their research by mentioning
that young people were less afraid of the coronavirus and were less likely to avoid social proximity
than older people. Marital status was another demographic variable of interest, where the perception
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of low risk versus moderate risk was significantly higher for those who were married than for those
who were single.

5.2. Impact of Socio-Demographic Factors on the Use of Non-Conventional Medicine

The primary objective of this work was to assess the impact of socio-demographic factors on the
use of non-conventional medicine and the perception of COVID-19 risk. The results highlight the
significant impact of education and age on the use of non-conventional medicine. The remarkable
contrast in the odds ratios associated with educational attainment suggests that education plays a
central role in healthcare choices. Participants with no formal education were more likely to use
non-conventional medicine than others. This could be explained by the reasons why families are
attracted to this practice and taking into account the cultural context of [6]. The work of [40] in patients
with epilepsy highlights that a higher level of education increases the likelihood of advising the use of
conventional medicine (proven medicine). This work is consistent with our results and it also appears
in this study that participants aged between 18 and 40 used less non-conventional medicine, i.e. 75%
less than those of an older age.

5.3. Relative Performance of PLS-SEM and PLSc-SEM

We performed a comparative analysis of item loadings, validity and composite reliability of the
PLS-SEM (Partial Least Squares Structural Equation Modeling) and Consistent PLS algorithms. The
majority of elements present satisfactory loadings, thus demonstrating their suitability for measuring
constructions. However, a notable distinction lies in the item loadings between the two models. The
results reveal that, in general, the loadings of the PLS-SEM model were higher compared to those of the
Consistent PLS(PLSc-SEM). These results are consistent with those of [41] who also found that apart
from one or two outliers, the Consistent PLS provided lower item loadings compared to the PLS. This is
evidenced by the values of the AVE and CR of the PLS-SEM which surpass those of the Consistent PLS
model in our study and in that of [41]. This difference raises the question of the ability of the PLS-SEM
model to capture more of the variance elements and to establish more robust relationships between the
latter and the underlying constructs or the overestimation of the loadings of the indicators by the latter.
Indeed, one of the problems of PLS-SEM according to [22] is the overestimation of loadings and the
underestimation of correlations between latent variables. This is also seen in the study of [42] where
the regular PLS-SEM produced higher indicator loadings than the consistent model; on the other hand,
most of the beta coefficients of the proposed model are attenuated parallel to the bias literature.

In estimating the impact of non-conventional medicine on COVID-19 risk perception, our results
reveal positive relationships. Specifically, believing in non-conventional medicine justifies an increase
in populations’ perception of risk. However, the RMSE of Consistent PLS was lower than that of
the linear model. This indicates that although there is a significant impact between confidence in
non-conventional medicine and perception of the COVID-19 risk, we have a lack of predictive power.
Indeed, when PLS-SEM analysis (compared to LM) produces low predictive errors in terms of RMSE
for all indicators, this indicates that the model lacks predictive power [20].

6. Conclusion
The present study evaluated the impact of socio-demographic factors in the use of non-

conventional medicine and the perception of COVID-19 risk. It appears that age and level of education
significantly influence the use of non-conventional medicine. Respondents over 40 years of age and
those with no formal education are more likely to use this medicine. Country, Gender, age and level of
education were found to be significant for risk perception. Males, age group (18 to 30 years) and high
education levels (Bachelor and more) perceived the risk of COVID-19 less. Comparative analyses of
item loadings, validity, composite reliability, path coefficients, fit indices and AICs reveal significant
differences between the PLS-SEM and consistent PLS (PLSc-SEM) models. For the measurement model,
PLS-SEM overestimated the loadings. However, in the structural model, we found that the consistent
PLS showed robust values. It is important to note that the choice between PLS-SEM and Consistent
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PLS should take into account research objectives and methodological preferences. The result of this
study reveals a lack of predictive power between trust in non-conventional medicine and perception
of COVID-19 risk. However, there is a significant effect between these two constructs. These findings
highlight the importance of carefully selecting the model based on the specific research objectives and
desired rigor in the analysis of structural relationships. Ultimately, the choice of model should be
guided by the needs of the study and the appropriate significance criteria for interpreting relationships
between constructs. We urge health stakeholders at all levels in West Africa to strengthen and sustain
their efforts to enhance health policies, ensuring they integrate non-conventional medicine practices
and address the emotional well-being of the local population.
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