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Abstract: Predicting attitudes towards people with tuberculosis is a solution for preserving public health and a means of 

strengthening social ties to improve resilience to health threats. The assessment of attitudes towards the sick in general is 

essential to understand the educational level of a given population and to measure its resilience in contributing to the 

health of all within the framework of community life. The case of tuberculosis is chosen in this study to highlight the need 

for a change in attitudes, particularly due to the preponderance of this disease in Africa. While it is clear that attitudes 

influence the organization of individuals and community life, it remains a challenge to put in place an effective mechanism 

for evaluating the metrics that contribute to determining the attitude towards people with tuberculosis. Knowledge of 

attitudes towards any disease is very important to understanding collective values on this disease, hence the need to predict 

attitudes in the case of tuberculosis in favor of health education for all social strata while targeting areas of training not 

yet explored or requiring capacity building among populations. Changing attitudes towards tuberculosis patients will 

contribute to preserving public health and will help reduce stigma, improve understanding of the disease and encourage 

supportive and preventive behaviors. Achieving these changes involves dismantling stereotypes, improving access to care, 

mobilizing the media and social networks, including people with TB in society and strengthening the commitment of 

public authorities. The approach adopted consists of assessing the state of attitude towards tuberculosis patients at a given 

time and in a specific space based on the characteristics of the different social strata living there. An analysis of several 

metrics provided by machine learning algorithms makes it possible to identify differences in attitudes and serve as a 

decision-making aid on the strategies to be implemented. This work also relies on the investigation and analysis of 

historical trends using machine learning algorithms to understand population attitudes towards tuberculosis patients. 

 

Index Terms: Health Education, Machine Learning, Tuberculosis, Artificial Intelligence, Attitudes, Decision Support. 

https://orcid.org/0000-0001-8466-4557
https://orcid.org/0009-0005-2130-4083
mailto:couliba@yahoo.fr
https://orcid.org/0000-0003-4975-3807


Machine Learning for Predicting Population Attitudes towards Tuberculosis Patients 

Volume 17 (2025), Issue 5                                                                                                                                                                         33 

1.  Introduction 

Managing health care costs and other factors affecting community life or the operation of health centers can be done 

using predictive analysis. It is in this context that the evaluation of population attitudes towards people suffering from 

tuberculosis can improve the management of this disease and make it possible to effectively combat the prejudices linked 

to the disease of tuberculosis. 

Today, Artificial Intelligence systems make it possible to tackle complex problems and even find creative solutions. 

This is why it is important to understand how these systems work in predicting people's attitudes towards tuberculosis 

patients.  

How then can we apply Machine Learning technologies to solve the problem of predicting population attitudes 

towards people suffering from tuberculosis?   Prediction is often used to return an educated guess or opinion. 

First of all, Artificial Intelligence (AI) systems are only as good as the quality of the data provided to them. This data 

must be accurate and representative of the real world. If this is not the case, the system will learn from these inaccuracies 

and produce inaccurate results. AI systems learn by trying different things and seeing which work best. This means being 

patient while a system learns as there will be trial and error. However, AI systems still need supervision and direction, 

which requires thinking about ways they can help us. 

Is it acceptable for machines to make decisions regarding the health, well-being and attitudes of populations towards 

the disease of tuberculosis? It is an ethical challenge which arouses real interest and the answer to which constitutes the 

main concern in predicting attitudes towards tuberculosis patients. Indeed, it is not only important at the individual level 

to have the elements to improve the functioning of health systems but also to contribute collectively to the adoption of a 

common vision in the service of well-being and the preservation of the health of populations. However, the data collected 

as well as the knowledge derived from these data can be compromising for the privacy of populations. There is therefore 

reason to make a responsible choice in terms of data ethics when using Artificial Intelligence.  

This work will evaluate predictive models for decision-making on data collected about the population's attitude 

towards tuberculosis patients. 

The theory used is the one based on the theory of reasoned action and the theory of planned behavior. This study 

combines both the use of demographic data and the classification of attitudes to drive changes at population level towards 

tuberculosis patients. Specific indicators include analysis of factors such as gender, marital status but also the 

classification of attitudes (wearing a respiratory protection mask, isolation, cohabitation). 

In the specific context of this study, several limitations of proposed technology can be highlighted. Social attitudes 

are dynamic and can evolve over time in response to events such as a health crisis or an awareness campaign. Machine 

learning algorithms, once applied to a specific set of data, may have difficulty adapting quickly to new information or 

changes in social perceptions. If machine learning models are not regularly updated with new data, they risk becoming 

outdated and failing to reflect current attitudes toward TB, limiting their effectiveness in anticipating future trends. 

Machine learning algorithms can struggle to identify implicit or underlying attitudes in discussions about TB, such as 

when someone may express superficial support while conveying stereotypes or misconceptions about the disease. These 

nuances are difficult for algorithms to capture, especially when faced with indirect, ambiguous, or ironic discourse, and 

can lead to misinterpretations of attitudes, where data is classified as “positive” when it actually contains elements of 

stigma or lack of knowledge about the disease.  

The data used to train models may not be inclusive, particularly for marginalized or vulnerable populations, which 

can make model predictions less reliable for these populations because they are not adequately represented in the training 

data. 

This work will be structured as follows: section 2 is a presentation of the problematic. Then section 3 gives a state 

of the art of theories and methods of health education and section 4 is a literature review of artificial intelligence 

publications related to health education on tuberculosis. Section 5 then presents the data used for prediction and section 

6 is a description of algorithms used for supervised learning. Sections 7 and 8 will deal respectively with experimentation 

and interpretation of the results and then the discussion. Finally, the presentation ends with section 9 which is the 

conclusion of the article. 

2.  Problematic 

Tuberculosis (TB) poses a major threat to public health in Africa. It affects different social strata and health systems 

on several levels [1,2]. 

Sub-Saharan Africa is among the areas with the highest rates of TB in the world. The high prevalence is explained 

by co-infection with HIV, which results in the complication of its treatment and the increase in the mortality rate 

associated with tuberculosis [3,4]. Health centers are increasingly confronted with cases of multidrug-resistant 

tuberculosis (MDR-TB), which further complicates the control of the expansion of this disease within African societies. 

Africa records a significant proportion of TB-related deaths out of approximately 1.5 million deaths observed worldwide 

in 2020. The WHO Global TB Plan and the Stop TB Partnership are two major programs involved in TB control and 

prevention efforts [5]. Several research and development projects for new diagnostics, treatments and vaccines are 
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underway, particularly in Africa [5]. 

Costs associated with tuberculosis care are high and significantly impact household income. Indeed, people suffering 

from tuberculosis suffer from a loss of productivity due to the often long periods of work stoppage imposed by the 

treatment of this disease, which reduces their income and that of their families [6]. African health systems are financially 

challenged by the costs of treating resistant forms of TB and this situation worsens the financial capacity of a generally 

underfunded health sector [6]. 

Discrimination, isolation and reluctance to seek treatment characterize the behavior of people with TB due to the 

social stigma they face [7]. Children in families of TB patients are often taken out of school to assist sick family members. 

In addition, these families are impacted economically and emotionally, thus worsening the cycle of poverty [7]. 

Knowledge of population attitudes towards tuberculosis patients is a key element in understanding collective values 

in order to develop areas of educational training not yet explored. Strengthening capacities of populations requires 

implementation of a formal attitude measurement approach. 

Understanding the attitude of an individual in society in relation to a given issue meets the need to help in decision-

making. While it is true that the answers to many concerns require the collection of information, it appears that community 

life involves the analysis of societal phenomena with a view to improving the common living environment. 

Attitudes toward tuberculosis patients are influenced by complex social factors, such as family relationships, cultural 

beliefs, social norms and lived experiences. These human interactions are difficult to model comprehensively using 

quantitative or qualitative data alone; and algorithms risk oversimplifying these complex factors, leading to reductive or 

inaccurate conclusions about population attitudes. 

The general objective aims to educate about health to improve the living conditions of populations and the specific 

objectives seek to promote a change in attitude at the population level, to predict population attitudes towards people with 

tuberculosis and to help in decision-making through data analysis. 

3.  Theories and Methods of Health Education 

Health education is part of an approach aimed at guiding practices and interventions to protect public health through 

several major theoretical frameworks. 

Ottawa Charter for Health Promotion (1986) is the reference document for the implementation of public policies, 

health promotion, construction of favorable environments for the development of health services. public health and skills 

[8]. 

It makes it possible to predict behavior in the face of an illness on the basis of four fundamental criteria which are: 

susceptibility to illness, severity, obstacles and opportunities for health actions [9]. Theory of Reasoned Action and 

Theory of Planned Behavior explain that behavioral intention is not only the basis of health behaviors but this intention 

is also determined by subjective norms, attitudes and perceived control of behavior [10]. Transtheoretical Model of 

Change (Stages of Change) makes it possible to observe each of the different phases of change in an individual's behavior 

which are respectively precontemplation, contemplation, preparation, action and adaptation [11]. 

Socio-ecological model highlights several factors (social, economic, cultural, political and environmental) in the 

influence of health behaviors between individuals, taking into account several levels (interpersonal, intrapersonal, 

community, organizational and public) [12]. Self-determination theory places humans at the center of their own health 

behavior which is motivated by relational, psychological and autonomy needs [13]. In the empowerment model approach, 

the preservation of health and the environment is entirely based on the empowerment of people and communities [14]. 

4.  Literature Review of Health Education on Tuberculosis Using Artificial Intelligence 

Here is an overview of the integration of artificial intelligence into health education and tuberculosis control.  

 

ℒ𝑛 = {(𝑥1, 𝑦1), … , (𝑥𝑛 , 𝑦𝑛)}                                                                     (1) 

 

Saquib Alam and al. [15] propose initiatives to control tuberculosis through the use of Artificial Intelligence (AI) for 

more efficient and more inclusive health. Muhammad Faiz Mohd Hisham and al. [16] highlight an evaluation based on 

Artificial Intelligence software for the diagnosis and radiographic screening of tuberculosis. Lina Keutzer and al. [17] use 

mobile applications of Artificial Intelligence to improve the treatment of tuberculosis. Yejin Lee and al. [18] present a 

review of the use of Artificial Intelligence for strengthening tuberculosis control. Juliet Nabbuye Sekandi and al. [19] 

propose monitoring adherence to tuberculosis treatment in Africa through the development and validation of Artificial 

Intelligence algorithms.  

Sukatemin and al. [20] present a literature review on the use of AI for early identification of TB recovery phases.  

Nijiati, Mayidili and al. [21] use AI in low-resource conditions for the diagnosis of tuberculosis by chest radiography. 

Ntwali Placide Nsengiyumva and al. [22] present an analysis of the cost and effectiveness of chest x-ray interpretation 

for triage of tuberculosis symptoms using Artificial Intelligence. S. Tamilselvi and al. [23] propose an Artificial 

Intelligence system based on biological sensors for the detection of tuberculosis.  
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Some works dealing more specifically with the evaluation rather than the prediction of the attitude towards 

tuberculosis patients have also been identified. The article [24] highlights the importance of taking into account 

psychological assessments of tuberculosis patients with regard to their disease. G. Garden uses a questionnaire to measure 

specific aspects of attitude including deeper feelings about mental health and recovery motivation. Jang and Jeon [25] 

develop and validate a predictive model to assess the quality of life of hospitalized pulmonary tuberculosis patients. The 

developed predictive model included several key factors, including TB symptoms, depression, social support and 

nutritional status. Jaramillo's study [26] used questionnaires to identify demographic, social, and psychological 

characteristics that predict stigma and prejudice toward people with TB. The study highlights that fear of contagion, lack 

of information, cultural beliefs, socioeconomic status, and history of discrimination strongly influence TB stigma. Loh, 

Zakaria, and Mohamad [27] reveal a moderate level of knowledge about TB in Malaysia among a sample of contacts of 

TB patients. The authors rely on statistical analyses to reduce stigma and promote positive or negative attitudes toward 

tuberculosis. West, Gadkowski, Østbye, Piedrahita, and Stout [28] conducted a cross-sectional survey of people at 

increased risk of tuberculosis in North Carolina based on questions of general knowledge of tuberculosis (modes of 

transmission, symptoms, treatment), personal beliefs (erroneous beliefs about contagion), and attitudes toward people 

with tuberculosis. The statistical analyses conducted concluded that further efforts are needed to improve knowledge 

about tuberculosis among populations at increased risk in North Carolina. 

The study [29] by A. Y., Kidanemariam, B. Y., Tesfamariam, E. H., and Gulbetu, M. E. which focuses on the 

assessment of community attitudes and practices towards tuberculosis in the Nakfa sub-zone shows that there are still 

significant gaps in the in-depth understanding of the disease. The article [30] by Fan, Y., Zhang, S., Li, Y., Li, Y., Zhang, 

T., Liu, W., and Jiang, H. presents a reliable and valid tool to measure the attitudes and practices of students with 

tuberculosis in China based on a questionnaire which found that care-seeking behaviors were often inadequate but also 

highlighted the need for better health education. K., Spigt, M., Johanna, L., Noortje, D., Abera, S. F., and Dinant, G. J. 

[31] show that some prisoners in northern Ethiopia showed signs of stigmatization towards people with tuberculosis and 

emphasize that this has the effect of inhibiting the search for care for the disease. 

The contribution of our work compared to the existing one consists in the prediction of one of the attitudes of 

cohabitation, isolation and wearing of respiratory protection masks towards tuberculosis patients. Several characteristics 

intervene in the determination of the attitude including sex, age, marital status, municipality of residence, persistent nature 

of the cough, existence of contact with a TB patient, consultation and behavior. In our literature review, we did not identify 

any scientific publication dealing specifically with the prediction of several attitudes towards people with tuberculosis 

based on well-defined variables and even less through the use of the machine learning algorithms that we used. Also, the 

need to implement a formal attitude measurement approach is essential to act precisely on the factors to be corrected in 

population health education. This study is very different from all existing studies and the model used can be automated 

for the prediction of attitude towards tuberculosis patients. The choice of methodological approaches and target 

populations in the context of predicting attitude towards people with tuberculosis also denotes the specificity of our study. 

5.  Data used for Prediction 

A population of 507 individuals was randomly interviewed in five different municipalities of the city of Niamey, 

capital of Niger as part of a survey conducted in 2016 on tuberculosis disease.  

The problem addressed is to determine the attitude of populations towards people with tuberculosis. Several criteria 

were defined as parameters for the prediction of one of the possible attitudes, namely cohabitation, isolation and wearing 

a respiratory protection mask.  

This study is intended as a factual approach to predicting attitudes towards tuberculosis based on a specific number 

of parameters which are gender, age, marital status, municipality, persistent nature of the cough, existence of contact with 

a tuberculosis patient, consultation and behavior. 

Table 1. Variables and response methods used for data collection  

Variable Response modalities 

Sex 
Female 

Male 

Age 

18 - 25 years old 

30 - 44 years old 

45 - 59 years old 

60 and more years old 

Marital status 

Single 

Married 

Divorce 

Widowed 
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municipality of residence 

Niamey 1 

Niamey 2 

Niamey 3 

Niamey 4 

Niamey 5 

Persistent cough or not 
Yes 

No 

Existence of contact with a TB patient 

None 

Casual 

Permanent 

Consultation 
Yes 

No 

Behavior 

Abandonment 

Indifference 

Support 

Attitude (towards the patient with tuberculosis) 

Cohabitation 

Isolation 

Wearing of respiratory protection mask 

 

The table shows the variables and response modalities used for data collection. 

6.  Description of Algorithms used for Supervised Learning 

6.1.  Decision Tree 

A decision tree has an inverted tree structure composed of a root node that represents all of the data, internal decision 

nodes that represent the relationship between the values of one or more independent variables, and terminal nodes 

connected by branches that are the leaves of the tree and which represent the dependent variables. Decision trees are a 

powerful and intuitive tool that can solve both classification and regression problems by dividing data into subsets based 

on simple questions. Their intuitive nature makes them particularly useful in situations where transparency is crucial, 

notably thanks to their ability to manage non-linear data. 

The decision tree method was popularized in the field of artificial intelligence and machine learning by several 

researchers such as Leo Breiman [32] but a key name associated with this technique is J. Ross Quinlan. He introduced 

the ID3 (Iterative Dichotomize 3) algorithm in the 1980s [33], one of the first widely used algorithms for building decision 

trees. 

Quinlan later improved this algorithm [34], adding features like handling missing values and processing both 

numeric and categorical data, which became one of the most popular decision tree methods. Figure 1 illustrates a decision 

tree, as well as the partitioning of the input space that it implies. 

 

 

Fig.1. Decision tree and the partition it implies 

Decision trees can be used to solve different types of problems in supervised machine learning, including 

classification problems (to classify data into different categories or classes) and regression problems (to predict continuous 

values).  

After selecting the attributes, we move on to the predictions in the leaves of the decision trees, which are performed 

using formulas adapted to the nature of the target variable (classification or regression). 

For a classification tree, the prediction corresponds to the majority class in the leaf. The predicted class in the leaf 

is:



Machine Learning for Predicting Population Attitudes towards Tuberculosis Patients 

Volume 17 (2025), Issue 5                                                                                                                                                                         37 

𝑦̂ = arg max𝑖(𝑛𝑖)                                                                            (2) 

 

where 𝑛𝑖 represents the number of occurrences of class 𝑖 among the observations in a terminal leaf of the decision tree. 

For a regression tree, the prediction in a leaf is the average of the target values of the observations in that leaf. The 

predicted value is given by: 

 

𝑦̂ =
1

𝑛
∑ 𝑦𝑖

𝑛
𝑖=1                                                                                (3) 

 

where 𝑛 is the number of observations in the leaf and 𝑦𝑖 are the target values. 

Finally, we have the performance evaluation which can be measured using different metrics, depending on whether 

it is classification or regression. 

The performance of a classification model is evaluated by the error rate which is measured by the percentage of 

incorrect predictions. 

 

Error rate =
1

𝑛
∑ 𝝀(𝑦𝑖

𝑛

𝑖=1
≠ 𝑦̂𝑖)                                                               (4) 

 

where: 

• 𝝀 is the indicator which is equal to 1 if  𝑦𝑖 ≠ 𝑦̂  and 0 otherwise. 

• 𝑛 is the number of observations in the leaf. 

• 𝑦𝑖the actual value and 𝑦̂𝑖  the corresponding predicted value. 

 

Accuracy for regression models can be measured by the mean square error (MSE): 

 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖

𝑛

𝑖=1
− 𝑦̂𝑖)²                                                                    (5) 

 

where 𝑛  is the number of observations in the leaf, 𝑦𝑖  the actual value and 𝑦̂𝑖 the predicted value. 

An alternative to the Mean Squared Error (MSE) is the Mean Absolute Error (MAE), which uses the sum of the 

absolute values of the errors rather than the sum of the squares. The formula is: 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1                                                                       (6) 

6.2.  Random Forests 

Random forests are a technique for constructing multiple decision trees by selecting a random subset of variables for 

each tree to determine the best correlation between the trees. For each set of variables, the allocation function determines 

how much training data to allocate while the combination function determines how the outputs of each tree should be 

combined into a single output [35]. 

Random forests are a new statistical learning method developed by Léo Breiman [35]. This new statistical learning 

technique is based on Bagging. Bagging consists of dividing the learning sample into several sub-samples, applying a 

prediction method to each sub-sample and aggregating the results obtained at the level of the different sub-samples [36]. 

Random forests are an improvement on Bagging and they differ from Bagging in that the number 𝑞 of variables used at 

the level of each sub-sample is less than 𝐽 (the total number of variables), which is not the case for Bagging where 𝑞 = 𝐽. 

This reduction in the number of variables allows for better results [37]. 

Random forests are a family of methods, the method proposed by Leo Breimen called Random Forests-RI, which 

we will use, has been widely used in many applications because of its ease of use and exceptional performance [38]. 

In addition to building a predictor, the random forest algorithm calculates an estimate of its generalization error: the 

Out-Of-Bag (OOB) error. Let (x𝑖 , y𝑖)  be an observation of the sample  ℒ𝑛 . Consider the set of trees built on the 

subsamples not containing this observation (the set of these subsamples constitute the OBB sample). We only use the 

predictions of the subsamples of the OOB sample to build a prediction 𝑌̂𝑖𝑂𝑂𝐵   of  y𝑖  

In the case of a regression, the Out-Of-Bag error which is the error made by the predictions is obtained by the 

following formula: 

 

𝐸𝑂𝑂𝐵 =
1

𝑛
∑ (𝑌̂𝑖𝑂𝑂𝐵 − 𝑦𝑖)

2𝑛
𝑖=1                                                                    (7) 

 

In the case of a classification, it is obtained by: 

 

𝐸𝑂𝑂𝐵 =
1

𝑛
∑ 𝑇𝑖

𝑛
𝑖=1  𝑤𝑖𝑡ℎ 𝑇𝑖 = {

1 𝑖𝑓 𝑌̂𝑖𝑂𝑂𝐵 ≠ y𝑖  

0 𝑖𝑓 𝑌̂𝑖𝑂𝑂𝐵 = y𝑖

                                                     (8) 
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Consider a variable 𝑋𝑗 , a subsample ℒ𝑛
Θ𝑙 and the associated sample 𝑂𝑂𝐵𝑙 . Let us calculate 𝐸𝑂𝑂𝐵

𝑙  the error committed 

on 𝑂𝑂𝐵𝑙  by the tree built on  ℒ𝑛
Θ𝑙. We perform a random permutation of the values of the variable  𝑋𝑗   in the sample 

𝑂𝑂𝐵𝑙   to obtain a perturbed sample  𝑂𝑂𝐵𝑙
̌ 𝑗

. We calculate the error of the perturbed sample 𝑂𝑂𝐵𝑙̌
𝑗
  which we denote by 

 𝐸
𝑂𝑂𝐵𝑙̌

𝑗
𝑙 . The same operation is performed for all subsamples. The importance of the variable  𝑋𝑗  which we denote by 

𝐼𝑚𝑝( 𝑋𝑗) is: 

 

𝐼𝑚𝑝( 𝑋𝑗  ) =
1

𝑞
∑ (𝐸

𝑂𝑂𝐵𝑙̌
𝑗

𝑙 − 𝐸𝑂𝑂𝐵
𝑙 )

𝑞
𝑙=1                                                              (9) 

 

6.3.  Gradient Boosting 

Gradient boosting machines are another ensemble learning technique that combines multiple models to create a 

powerful predictive model. This technique builds multiple decision trees trained sequentially where each tree attempts to 

correct the errors of the previous one. The final predictions result from combining the predictions from all constructed 

trees, often by adding them together. 

Boosting is a supervised learning method that consists of building a reliable prediction by aggregating the responses 

of base learners, i.e. estimators that are just better than chance. This family of machine learning algorithms sequentially 

builds base learners, also called weak learners. At each iteration, the new estimator favors its learning on the errors of the 

previous one and adds to it to finally obtain a strong learner. This method was particularly recognized with the Adaboost 

algorithm [39]. Even today, many challenges are won by similar methods such as XGBoost/LightGBM [40] known to be 

powerful on both regression and classification models. 

The main idea behind this algorithm is to construct the new base learners to be maximally correlated with the negative 

gradient of the loss function, associated with the entire ensemble. The applied loss functions can be arbitrary, but to give 

a better intuition, if the error function is the classical squared-error loss, the learning procedure would result in a 

consecutive adjustment of the errors. In general, the choice of the loss function is up to the researcher, with both a large 

variety of loss functions derived so far and the possibility to implement one's own task-specific loss. 

This high flexibility makes GBMs (Gradient Boosting Machines) highly customizable for any particular data-driven 

task. This introduces a great deal of freedom in model design, making the choice of the most appropriate loss function a 

matter of trial and error. However, boosting algorithms are relatively simple to implement, allowing experimentation with 

different model designs. Moreover, GBMs have shown considerable success not only in practical applications but also in 

various machine learning and data mining challenges [41-44].  

Given the training dataset 𝐷𝑛 = {(𝑋𝑖 , 𝑌𝑖)1≤𝑖≤𝑛}, containing 𝑛 pairs (𝑋, 𝑌) of random variables, where, 𝑋 ∈ ℝ𝑑 and 

𝑌 ∈ {−1,1} for a binary classification problem or 𝑌 ∈ ℝ  for a regression problem, the main objective of Gradient 

Boosting is to minimize the loss function on the training dataset. To do this, at each iteration 𝑚, a new mode ℎ𝑚(𝑥) is 

trained to approximate the negative of the gradient of the loss function  𝐿 with respect to the predictions of the global 

model at that step. 

Gradient Boosting builds the prediction function progressively, by adding successive predictors to improve the 

performance of the model. 

At each step 𝑚, ℎ𝑚(𝑥) is approximated as follows: 

 

ℎ𝑚(𝑥) ≈ −∇𝐹𝑚−1(𝑥)𝐿(𝑦, 𝐹𝑚−1(𝑥))                                                            (10) 

 

Here,  𝐿(𝑦, 𝐹𝑚−1(𝑥)) is the loss function and ∇𝐹𝑚−1(𝑥)𝐿 is the gradient of the loss function with respect to the model 

predictions at step  𝑚 − 1. 

where: 

 

• 𝑦  is the true value. 

• 𝐹𝑚−1(𝑥) is the predicted value at step 𝑚 − 1 based on the inputs 𝑥. 

 

Once  ℎ𝑚(𝑥) is found, the global model is updated. Then, the prediction function at iteration  𝑚 is written as: 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜂. ℎ𝑚(𝑥)                                                                 (11) 

 

where: 

 

• 𝐹𝑚 is the prediction at the 𝑚- th iteration. 

• 𝐹𝑚−1  is the prediction of the previous model. 

• 𝜂 is the learning rate, which adjusts the importance of each added tree. 

• ℎ𝑚(𝑥) is a simple model (often a shallow decision tree) that is trained, from the inputs 𝑥, at each step 𝑚 to 

predict the residuals or errors of the model's prediction up to that iteration. 
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Thus, the final prediction function 𝐹∗ for a Gradient Boosting model is obtained after the 𝑀 iterations; 

During training, the choice of the loss function is crucial, because it defines how the model adjusts its predictions to 

reduce the error. The loss functions used for Gradient Boosting are multiple. Here are some of them: 

 

• Mean Squared Error (MSE) 

 

MSE is used in standard regression problems and aims to minimize the sum of squared errors between the actual 

values 𝑦𝑖  and the predictions 𝑦̂𝑖. 

 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖

𝑛

𝑖=1
− 𝑦̂𝑖)²                                                                 (12) 

 

• Mean Absolute Error (MAE) 

 

Minimizing the MAE is the same as reducing the median of the errors. It is also used in regression problems. 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1                                                                     (13) 

 

• Log-likelihood (Log-Loss or Cross-Entropy Loss) 

 

Used for classification problems, it measures the divergence between the probabilities predicted by the model and 

the real classes. The further the prediction is from reality, the higher the penalty. 

 

Log − Loss = −
1

𝑁
∑ [𝑦𝑖log(𝑝̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝̂𝑖)]

𝑁

𝑖=1
                                          (14) 

 

Where  𝑝̂𝑖 is the predicted probability for the variable 𝑦𝑖 . 

 

• Loss Functions for Multiclass Classification Gradient Boosting 

 

For multiclass classification problems, generalized log-loss or cross-entropy is used: 

 

Log − Loss multiclass = − ∑  𝑁
𝑖=1 ∑ 𝑦𝑖,𝑘log(𝑝̂𝑖,𝑘)

𝐾

𝑘=1
                                           (15) 

 

Where 𝐾 is the number of classes and 𝑝̂𝑖,𝑘 is the predicted probability for class 𝑘. 

6.4.  Logistic Regression 

Logistic regression is a model used for classification that models the probability that an observation belongs to a 

given class. A very important part of this process is normalizing the data. Logistic regression is affected by scale, so 

entities must be scaled to unit scale for optimal performance. Unit scale means having a mean of zero and a variance of 1 

for the entities [45]. 

Multinomial or polytomous logistic regression generalizes binary logistic regression by treating problems where the 

dependent variable takes 𝐾(𝐾 > 2) modalities [46]. 

The objective is to model the probability of an individual belonging to a category 𝑦𝑘 (the associated class is  𝐶𝑘) of 

the dependent variable. This probability can be defined as follows: 

 

𝜓𝑘(x) = 𝑃(𝑌 = 𝑦𝑘/𝑋(x))                                                                   (16) 

 

Such as: 

 

∑ 𝜓𝑘(x)𝐾
𝑘=1 = 1                                                                           (17) 

 

The principle of multinomial logistic regression consists of modeling (𝐾 − 1) probability ratio called odds. To do 

this, a category is taken as a reference and the logits are expressed in relation to this reference. 

6.5.  Naive Bayes 

It is one of the most popular algorithms that helps classify items based on many data characteristics. Its main 

specificity is that it is naive because it assumes that all the predictors are independent of each other, which allows it to be 

used to do much more than simply classify elements by denying any correlation between the predictors. Naive Bayes 

creates a probability of class membership by looking at each of the predictors and making so few assumptions, which 

often makes it much more accurate when classifying data [47,48].
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Given a feature vector 𝑋 =  (𝑥1, 𝑥2, … , 𝑥𝑛) and a class variable 𝐶𝑘, Bayes Theorem states that: 

 

𝑃(𝐶𝑘|𝑋) =
𝑃(𝑋|𝐶𝑘)𝑃(𝐶𝑘)

𝑃(𝑋)
, 𝑓𝑜𝑡 𝑘 = 1,2, … , 𝑘                                                          (18) 

 

With 𝑃(𝐶𝑘|𝑋) the posterior probability, 𝑃(𝑋|𝐶𝑘) the likelihood, 𝑃(𝐶𝑘) the prior probability of class, and 𝑃(𝑋) the 

prior probability of predictor. We are interested in calculating the posterior probability from the likelihood and prior 

probabilities. 

Using the chain rule, the likelihood 𝑃(𝑋|𝐶𝑘) can be decomposed as: 

 

𝑃(𝑋|𝐶𝑘) = 𝑃(𝑥1, 𝑥2, … , 𝑥𝑛 | 𝐶𝑘) = 𝑃(𝑥1 | 𝑥2, … , 𝑥𝑛 , 𝐶𝑘  )𝑃(𝑥2 | 𝑥3, … , 𝑥𝑛 , 𝐶𝑘) …  P(𝑥𝑛−1 | 𝑥𝑛, 𝐶𝑘)𝑃(𝑥𝑛 | 𝐶𝑘)   (19) 

 

6.6.  Support Vector Machine (SVM) 

This method was first used for classification problems. Its main goal is to create an optimal margin that can separate 

the maximum number of data points. Sometimes the data is not linearly separable and it is not that simple to draw a line 

between them and in these cases, it is kernel tricks that are used to make them linearly separable. The objective is to find 

a hyperplane that minimizes the error and obtains a minimum margin interval with a maximum number of data points 

[49]. 

Support vector machines (SVM) are algorithms whose goal is to solve two-class discrimination problems. We call a 

two-class discrimination problem a problem in which we attempt to determine the class to which an individual belongs 

(individual is used here in the sense of constituting a set) among two possible choices. SVMs were developed by Cortes 

and Vapnik (1995) for binary classification [49].  

 

 

Fig.2. Classification (linear separable case) 

The objective of SVM is to find a hyperplane that separates the data into distinct classes with the greatest possible 

margin, thus maximizing the separation between categories, which amounts to solving an optimization problem to find 

the hyperplane. optimal. Therefore, in order to find the canonical hyperplane that separates the data with the largest 

possible margin, it is enough to solve the following optimization problem: 

 

Minimize  
1

2
‖𝑤‖2, under the constraints  𝑦𝑖(𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1 pour tout 𝑖                               (20) 

 

where: 

 

• 𝑥𝑖 is the input feature vector. 

• 𝑦𝑖 is the class (+1 ou -1) of observation 𝑥𝑖. 

• 𝑤 is the vector of weights determining the orientation of the hyperplane. 

• 𝑏 is the bias moving the hyperplane relative to the origin. 
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In a binary classification problem, the objective is first to find a hyperplane that separates the two classes. However, 

if the data are linearly separable, a hyperplane in an n-dimensional space is defined by the equation: 

 

𝑤 ∙ 𝑥 + 𝑏 = 0 

 

And for a hyperplane 𝑤 ∙ 𝑥 + 𝑏 = 0, the margin M is given by the expression 

 

𝑀 =
2

‖𝑤‖
                                                                                  (21) 

 

While keeping the assumption that the data is linearly separable, finding a rule to classify them is very simple. So, 

simply use the following function (sometimes called the indicator function) to perform the classification: 

 

𝐶𝑙𝑎𝑠𝑠(𝑥) = 𝑠𝑖𝑔𝑛( 𝑤 ∙ 𝑥 + 𝑏) = {

−1  ,    𝑖𝑓 𝑤 ∙ 𝑥 + 𝑏 < 0
   0  ,    𝑖𝑓 𝑤 ∙ 𝑥 + 𝑏 = 0

+1  ,    𝑖𝑓 𝑤 ∙ 𝑥 + 𝑏 > 0
                                      (22) 

 

This function classifies the data relative to the side of the hyperplane on which it is located. Note that if a set of data 

is separated by a hyperplane, it will be perfectly classified by this function. Note that if a piece of data is directly on the 

hyperplane (which can happen when considering data that is not in the training set), it will be assigned to class 0, which 

means that it cannot be classified by the current model. In this case, it is possible to leave it unclassified, use another rule 

or randomly assign it to one of the two classes. 

6.7.  Neural Networks 

Inspired by biological neurons, artificial neural networks are a type of machine learning that uses a structure like the 

human brain to break down massive data sets instead of using previous machine learning algorithms. They are particularly 

effective at processing patterns of inputs and outputs using a sequence of mathematical neurons arranged in layers. Neural 

networks are the basis of most of the recent revolutionary advances in artificial intelligence and break down data into 

much smaller pieces [50].  

A neural network is a structure composed of several neurons connected to each other and exchanging information 

via connections between them. The information, assigned a weighting coefficient  𝜔𝑖𝑗  is transmitted from a neuron 𝑖 to a 

neuron 𝑗 via the connection that links them. 

There are several types of neural networks. We will present the multilayer perceptron that we will use in our study 

for the following reasons: 

 

• it is very widespread and gives good results [51]; 

• it is the only model implemented by almost all software and statistical tools; 

• this is the only neural model implemented by Mahout. 

 

Multilayer perceptrons are organized in successive layers and each of them includes neurons that are not connected 

to each other. Below, Figure 3 represents a multilayer perceptron with two hidden layers: 

 

 

Fig.3. Multilayer perceptron 

Consider the following notations: 

 

• 𝛰: the set of possible states of neurons. 

• 𝜊𝑖: the state of neuron 𝑖, where 𝜊𝑖 ∈  𝛰. 

• 𝑓𝑖: the transfer function associated with neuron 𝑖. 
• 𝑠𝑖: the input of neuron  𝑖, 𝑠𝑖 ∈ ℝ
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• 𝜔𝑖𝑗: the weight of the connection from neuron 𝑗  to neuron 𝑖 ; 𝜔𝑖𝑗  ∈ 𝑊  the set of weights of the multilayer 

perceptron 

 

When neuron 𝑖 receives information from 𝑛𝑖 neurons, it performs the following operation to define its state: 

 

𝑜𝑖 = 𝑓𝑖(𝑠𝑖)   avec    𝑠𝑖 = (∑ 𝜔𝑖𝑗
𝑛𝑖
𝑗=1 ∗ 𝑜𝑗  ) − 𝜔𝑖0                                                    (23) 

 

𝜔𝑖0: is an additional weight called bias coefficient linked to the bias which we will note 𝜊0 such that 𝜊0 = −1. Note 

that  𝜔𝑖0 ∈ 𝑊 

Consider that the first layer which is the input layer has 𝑛 neurons and the last layer which is the output layer has 𝐾  

neurons. The states of the neurons of the first layer and the last layer can respectively be represented by the vectors x =
(𝑥1, … , 𝑥𝑛)  and y = (𝑦1, … , 𝑦𝐾). Thus, the multilayer perceptron can be modeled by the following function F:  

 
ℝ𝑛→ ℝ𝐾

x⟼y=F(𝑊,x)
                                                                                 (24) 

 

Like random forests, the multilayer perceptron can be used for classification and regression problems. We present 

its properties within the framework of the classification which is the aim of our study.  

For classification, the multilayer perceptron is applied by carrying out coding of the dependent variable making it 

possible to represent the different classes. Let x  be an input, the class associated with x is represented by a vector y =
(𝑦1, … , 𝑦𝑛)  whose components can only take two values 𝑎  or 𝑏 . The vector which encodes the class 𝐶𝑘  has all its 

coordinates equal to 𝑏 except the  𝑘𝑡ℎ which takes the value 𝑎. The multilayer perceptron approximates the mathematical 

expectation of the conditional random variable  𝑌/x . The approximation of the mathematical expectation of the 

conditional variable  𝑌/x  for the  𝑘𝑡ℎ component is given by: 

 

𝐸(𝑌/x)𝑘 = 𝑎 ∗ 𝑃(𝐶𝑘/x) + b ∗ (1 − 𝑃(𝐶𝑘/x))                                                   (25) 

 

7.  Experimentation and Interpretation of Results 

7.1.  Methodology 

To achieve this goal, we will follow a roadmap which is based on a widely used method for planning data science 

projects. This roadmap includes six steps briefly described as follows: 

 

• The first step is understanding the problem to be solved and the benefits it will bring. 

• understanding the data before even being able to use it as well as understanding the types of data to know how 

to process them during predictions. 

• Data preparation to ensure that the data can be processed by the prediction models and which sometimes requires 

the transformation of categorical data into numerical data because most models only accept numerical data. 

• Modeling to make predictions by dividing the data into test data and training data, using the training data to train 

the model and then using the test data to evaluate the model's success score. 

• Evaluation is the next step and it involves testing to see if the model provides a good result using the test data. 

There are different evaluation methods to predict the success of a model. Sometimes, the evaluation will help to 

decide that the model does not have a good result and, in this case, we return to the modeling stage. Many times, 

in this process, going back and forth between the modeling and evaluation stages is necessary. 

• The deployment of the best model identified to solve the problem posed. The evaluation metrics are useful but 

there is also a human aspect which is the opinion of subject matter experts which must be taken into account 

before making a major final evaluation. 

 

The health behavior model used to predict attitudes towards people with tuberculosis is the theory of reasoned action 

and planned behavior. This approach helps to efficiently extract information to make an informed estimate which then 

leads to calculated decisions and impactful actions adding added value for populations and decision-makers.  

The data used on all algorithms was divided into two sets. The training data sets and the test data sets are made up 

of 70% and 30% of the data collected for each of the algorithms used, respectively. We are in a case of supervised machine 

learning insofar as our objective is to build a model which maps input data to output data. Also, the nature of our dependent 

variable is categorical, which leads us to a classification problem. Popular machine learning algorithms such as decision 

trees, naive bayesians, neural networks, support vector machines, and K-nearest neighbors can be used to solve regression 

and classification problems. 

After training a supervised machine learning model, it is important to evaluate it to see how well it fits the problem 

at hand. This is the goal of the evaluation phase in the machine learning process to obtain an unbiased assessment of our 
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model performance by training the model with a different dataset than the one we use for the assess. 

Each algorithm has strengths and weaknesses hence the need to try several algorithms to determine which one is best 

suited to a specific set of data. 

The accuracy of the predictions also depends on the hyperparameters used. We will then do the hyperparameter 

tuning. In a machine learning model, hyperparameters are parameters that must be adjusted for optimal performance. This 

process involves systematically trying different combinations of these parameters to maximize model accuracy and 

generalization to new data. This is crucial because it ensures that the model adapts to the specific characteristics of the 

data set in order to avoid overfitting or underfitting and ultimately to provide the model with predictive capabilities. 

7.2.  Analysis and Interpretation of Results 

Table 2. Results of the algorithms used 

 Accuracy (%) f1_score (%) Precision (%) Recall (%) 

Random Forest 62.09 39.38 39.92 39.87 

Decision Tree 59.47 38.42 38.78 38.55 

Gradient Boosting 58.82 38 38 38 

Logistic regression 55.55 36.44 36.08 36.82 

Naive Bayes 10.45 11.81 50.77 40.09 

SVM 70.58 45.90 46.48 46.12 

Neural network 64.05 42.26 41.82 42.72 

 

Assessing attitudes towards tuberculosis through machine learning algorithms involves several steps, from data 

collection to interpretation of results. Here are some specific metrics and indicators used in this context, which can help 

better understand and assess the impact of Artificial Intelligence models for tuberculosis surveillance, prevention and 

treatment. 

Accuracy measures the proportion of correct predictions made by the algorithm, whether for classifying attitudes or 

predicting behaviors related to tuberculosis prevention. Accurate accuracy indicates that the algorithm is doing a good 

job in identifying individuals' actual attitudes toward tuberculosis. 

Precision and Recall are two important indicators in a context where attitudes towards tuberculosis are either positive 

or negative. Precision measures the proportion of correctly identified positive cases among positive predictions, while 

recall evaluates the proportion of positive attitudes identified among all truly positive attitudes. These two measurements 

make it possible to judge the ability of the algorithm to correctly deduce attitudes without neglecting certain ones. 

The metric (F1-Score) combines both precision and recall into a single value. It is useful when the balance between 

these two criteria is essential, for example when we want to minimize both false positives and false negatives in attitudes 

analysis. 

The SVM, Neural Network and Random Forest algorithms respectively give the three best accuracy, f1_score and 

recall while the Naive Bayes, SVM and Neural Network algorithms respectively provide the best precision.  

SVM is the best algorithm with an accuracy value of 70.58%, an f1_score value of 45.90% and a recall value of 

46.12%. Only the Naive Bayes algorithm obtained a better precision value of 50.77% compared to that of the SVM 

algorithm which is 46.48%. 

However, it should be noted that the second-best performance is achieved by the Neural Network algorithm with an 

accuracy value of 64.05%, an f1_score value of 42.26% and a recall value of 42.72%. 

The third best ranking is achieved with the Random Forest algorithm which obtains an accuracy value of 62.09%, 

an f1_score value of 39.38% and a recall value of 39.92%. 

Several specific measures and indicators have been used to assess attitudes towards tuberculosis, including 

demographic data and attitude classification. Analyzing attitudes based on variables such as age, gender, and education 

level makes it possible to predict how these demographic groups react to tuberculosis using supervised learning models 

(SVM, etc.).  

Also, the classification of attitudes (wearing a respiratory protection mask, isolation, cohabitation) makes it possible 

to predict population attitudes using supervised models such as random forests or neural networks on the data collected. 

This study provides an overview of different measures to help make decisions on strategies to implement in favor of 

changing attitudes towards tuberculosis patients. 

To assess the impact of interventions or awareness campaigns on changing attitudes, it is essential to compare 

attitudes before and after exposure to the intervention.  

A key indicator of success may be the reduction of negative or stigmatizing attitudes towards people with 

tuberculosis. 

Another way to measure success is to monitor the evolution of preventive behaviors and supervised learning models 

can predict these behaviors based on attitudes towards tuberculosis. 

By analyzing attitudes and behaviors, health authorities can target populations who show reluctance or negative 

attitudes towards prevention actions, thus making it possible to better adapt communication strategies.
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8.  Discussion 

Stigma of tuberculosis patients is a recognized phenomenon in many parts of the world, and it constitutes a major 

obstacle to the care and treatment of this infectious disease. Several studies have examined public attitudes towards people 

with tuberculosis, highlighting negative perceptions that can hamper control and prevention efforts. However, few studies 

have explored how specific demographic factors (such as age, gender, education level, etc.) influence these attitudes, and 

how these elements could be integrated into public health strategies to change behaviors and reduce stigma. The study 

[52] found that younger and better educated people tended to have a better understanding of tuberculosis and prevention 

practices. People in urban areas were also better informed than those in rural areas. The study concludes that while the 

majority of participants recognized the importance of preventive measures, some myths and stereotypes persisted, 

including erroneous beliefs about the transmission of tuberculosis, which could lead to the stigmatization of those who 

were ill. The study [52] highlighted the impact of education on perceptions of tuberculosis. Individuals with a higher level 

of education were more likely to understand the mechanisms of transmission and treatment of the disease, which decreased 

stigma. However, this study [52] also noted that knowledge of the disease was not always sufficient to change behaviors, 

and that deeper cultural factors were involved. Thus, the majority of existing studies have focused on unidimensional 

demographic variables and have mainly measured attitudes through questionnaires. 

The study by Yuan and al. [53] highlights a significant gender difference in how perceived stigma affects the 

acceptance of preventive treatment for TB. The results suggest that women, due to higher stigma, are less likely to accept 

preventive treatment, highlighting the need to adapt public health strategies to take into account gender dimensions. The 

study observed that young adults, particularly those from rural backgrounds, were more likely to associate the disease 

with poverty or unsanitary lifestyle, which reinforced stigma. This finding is supported by the work of Yuan and al. [53] 

who found that stigma varies considerably by gender and area of residence. Men, for example, showed greater reluctance 

to discuss the disease due to social pressure related to masculinity, while urban residents were more open to discussion 

and less likely to stigmatize tuberculosis patients. The authors recommend that awareness-raising and education 

interventions should specifically target women to reduce stigma and promote greater acceptance of preventive treatments. 

In addition, efforts should be made to address social and cultural concerns that contribute to stigma, while building trust 

in the effectiveness of treatments. Poorer populations and marginalized groups such as informal workers and people living 

in substandard housing conditions were less likely to be diagnosed or receive full treatment. These socio-economic 

inequalities have exacerbated the spread of the disease in vulnerable communities [54]. However, there is a lack of cross-

analysis of different demographic factors and their combined influences on behaviors towards tuberculosis patients [55]. 

Sociodemographic factors, such as education level, economic status, and cultural beliefs, played an important role 

in shaping attitudes toward tuberculosis [55]. People with low education levels and those living in low socioeconomic 

conditions were more likely to hold stigmatizing attitudes toward tuberculosis patients. The study [55] showed that 

stereotypes and fear associated with tuberculosis are more pronounced in certain age groups and among people with low 

education levels.  

Our study sought to overcome the limitations of using unidimensional demographic variables by using a more 

holistic approach and combining the following demographic factors: age, sex, education level, marital status, area of 

residence, as well as specific attitudes (mask wearing, isolation, cohabitation). Using a survey of 507 participants in 

Niamey, Niger, the study categorized attitudes into three categories: support for wearing respiratory protection masks, 

attitudes toward isolating patients, and acceptance of cohabitation with tuberculosis patients. 

The analysis revealed interesting results: 

 

• Young adults, particularly men, were less likely to accept isolation of tuberculosis patients, although they 

showed greater support for mask-wearing. Older women, on the other hand, showed higher support for isolation 

of patients and were more likely to accept cohabitation with patients. 

• People with a higher level of education were significantly more likely to accept isolation and mask-wearing, 

suggesting that continued education and information campaigns are essential to reduce stigma. However, even 

among the most educated, cohabitation with patients remained a sensitive topic. 

 

The results suggest that combining demographic factors in the analysis of attitudes allows us to better understand 

the different dimensions of tuberculosis stigma. These results highlight the importance of specific targets for public health 

interventions: 

 

• Young adults, particularly men, should be a key target for campaigns that encourage not only mask wearing but 

also acceptance of isolation of patients. Educating men on prevention practices and reducing stigma could be 

reinforced through media campaigns. 

• The results also show the need for educational programs and providing information on the mechanisms of 

tuberculosis transmission and treatment. 

• Support for cohabitation with patients is another essential aspect. The development of psychosocial support 

programs for families of tuberculosis patients could help overcome the obstacles to the acceptance of 

cohabitation and isolation.
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9.  Conclusions 

Most previous scientific publications on attitudes towards tuberculosis patients focus on social and cultural factors 

such as stigma, discrimination and perceptions of the disease. However, they have not often included a detailed analysis 

of demographic data (age, gender, education level, marital status, area of residence, etc.) alongside specific behavioral 

factors. This publication, which includes these demographic data as well as observable behaviors (mask wearing, isolation 

and cohabitation), allows a more detailed understanding of different social groups and their specific responses to the 

disease. 

Although machine learning algorithms offer significant potential for analyzing and predicting attitudes toward 

tuberculosis patients, they face notable limitations, including data bias, interpretation difficulties, dynamics of social 

attitudes and ethical limitations. Comparing previous studies with this study shows the evolution of research in the area 

of tuberculosis stigma. The integration of demographic factors combined with specific attitudes makes it possible to better 

understand behaviors and identify effective levers to modify the attitudes and behaviors of populations. This new vision 

paves the way for more targeted and effective public health strategies to reduce tuberculosis stigma and promote lasting 

behavior changes. 

This study revealed certain forms of stigmatization, isolation and abandonment towards tuberculosis patients. 

Awareness raising must be intensified in order to further educate populations and promote a change in behavior among 

the population of Niamey in particular and that of Niger in general in relation to tuberculosis patients. 

This study allowed us to know the attitudes and behavioral practices of the population when faced with a person 

suffering from tuberculosis. It will constitute a basic tool on which subsequent studies can be based. 

The algorithms used in the context of attitude prediction have given encouraging results and have made it possible 

to identify several algorithms. This approach to comparing algorithms made it possible to highlight the power of the SVM 

algorithm in front of other algorithms. 

This work also made it possible to propose a formal process for analyzing the attitude of populations relative to 

people suffering from tuberculosis disease by defining the characteristics of cohabitation, isolation and the wearing of 

respiratory protection masks. This approach will make it possible to bring about changes in favor of a social environment 

ensuring the well-being of each individual.  

Indicators such as precision, precision, recall, and sentiment analysis, combined with specific attitude and behavior 

measures, not only allow us to evaluate the performance of machine learning algorithms but also to clarify the objectives 

for success in tuberculosis interventions. These tools help to monitor changing perceptions and guide public health 

strategies. 

On the prospects for future research work, the prospecting of other artificial intelligence algorithms with the aim of 

improving the attitude prediction rate and the determination of other variables can contribute significantly to improve 

attitudes prediction. Among the perspectives, it is worth highlighting that factors such as cultural preferences (religious 

or traditional beliefs) and decision-making behavior were not taken into account and can help refine the prediction of 

attitudes. 
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