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Abstract 
Predicting the exact duration of sick leave in patients with tuberculosis re-
mains challenging due to the heterogeneity of recovery trajectories. This study 
uses machine learning to estimate sick leave duration at t months (t = 6, 9, 12) 
by integrating post-treatment radiographic progression and key clinical and 
sociodemographic factors. This is a retrospective study of tuberculosis patients 
with documented sick leave duration (2019-2021) presented to the Health 
Council by the Pulmonary and Phthisiology Department of the Cocody Uni-
versity Hospital. The methodological approach of this study also differs from 
previous work by the identification of innovative predictive factors, the use of 
pulmonary sequelae data as a dynamic marker, the provision of individualized 
predictions that can be updated with new radiographs, and the comparison of 
the relative impact of variables such as Human Immunodeficiency Virus and 
type of employment. Also, the personalization of predictions through fine pa-
tient stratification and dynamic recommendations adjusting predictions ac-
cording to treatment progress are major contributions. This approach guaran-
tees a rigorous, clinically relevant, and actionable evaluation for decision-mak-
ers and would allow us to assess both the technical performance of the models 
used and their clinical interpretability, while highlighting the most predictive 
factors of the duration of work stoppage. 
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1. Introduction 

Tuberculosis (TB) is an infectious disease transmitted between humans, predom-
inantly through the respiratory tract, caused by a mycobacterium tuberculosis com-
plex [1] [2]. Tuberculosis remains a global public health problem [3] [4] and a major 
cause of prolonged sick leave, with durations ranging from 1 to 12 months, depend-
ing on the health system. Uncertainty surrounding the return to work leads to either 
early returns or unjustified sick leave. Current criteria are based primarily on sub-
jective clinical assessments, often neglecting the dynamic evolution of radiographic 
lesions and socio-professional factors. 

Each year, according to the World Health Organization (WHO), there are more 
than 8 million new cases of tuberculosis worldwide, 95% of which occur in devel-
oping countries with a high prevalence of Human Immunodeficiency Virus (HIV) 
infection [5] [6]. In 2018, approximately 10 million new cases of tuberculosis, in-
cluding half a million cases of rifampicin-resistant tuberculosis (78% of which were 
multidrug-resistant tuberculosis), were reported by WHO. The disease burden var-
ies from country to country, ranging from less than 5 to more than 500 new cases 
per 100,000 inhabitants per year, with the global average being approximately 130 
new cases [7] [8]. 

Tuberculosis is a disease unevenly distributed throughout the world. Its inci-
dence remains high in developing countries, including Côte d’Ivoire, despite the 
existence of antibiotics active against the causative organism and national control 
programs [9]-[11]. 

Tuberculosis therefore has a socio-professional and economic impact because 
it causes prolonged sick leave of six months, which can be renewed depending on 
the progression of the disease [12]. To limit the transmission and spread of the 
disease within the population of Côte d’Ivoire, individual and collective prevention 
measures have been implemented. Among these collective measures is the health 
counseling provided to civil servants with tuberculosis. 

The Health Council is an advisory body to the cabinet of the Ministry of Public 
Health and the Fight against AIDS. It reviews and provides its opinion on requests 
submitted by civil servants and government employees with long-term illnesses for 
long-term sick leave, which is six months, renewable six times. In Côte d’Ivoire, 
very few studies [13] [14] have been conducted on tuberculosis patients presented 
to the Health Council and who were granted long-term sick leave. This work con-
tributes to the study of tuberculosis patients receiving health counseling. While tra-
ditional models identify isolated risk factors such as HIV and multidrug-resistant 
TB, they struggle to integrate the complex interactions between comorbidities (di-
abetes), occupations, and response to treatment, as well as the temporal dimension 
(length of sick leave) and the heterogeneity of post-treatment radiological trajec-
tories. 

In this study, a machine learning solution will be developed to predict the du-
ration of sick leave (t = 6, 9, 12 months) by combining seven key dimensions: 
sociodemographic factors, decision-making times, medical history, and decisions, 
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and by integrating radiographic changes into the analysis of post-treatment chest 
X-rays. 

The overall objective is to contribute to improving public health systems for man-
aging tuberculosis patients on long-term sick leave while highlighting the key role 
of the Health Council. Specific objectives include: 

1) Identifying innovative predictive factors in the care of tuberculosis patients. 
2) Determining the sectors of activity of tuberculosis patients. 
3) Predicting the duration of sick leave for tuberculosis patients based on the 

determinants taken into account by the Health Council. 
For the presentation of this work, the functioning of the Health Council in Côte 

d’Ivoire is highlighted first to demonstrate the institutional anchoring. A literature 
review is then carried out to position the originality of the study. Similarly, a presen-
tation of the data and methods used for the prediction of the duration of stoppage 
makes the technical work concrete. Also, the results obtained highlight the action-
able knowledge and the section on the discussion will make the link between the 
technical aspect and the real impact. Finally, the conclusion comes to inspire ac-
tion. 

2. How the Health Council Works in Côte d’Ivoire 

The Health Council of Côte d’Ivoire is an advisory body to the Cabinet of the 
Ministry of Public Health and Population. The Health Council was established by 
Order No. 248/MSP/CAB on October 6, 1970. It meets ordinarily twice a month 
and, on an extraordinary basis, whenever necessary, upon the invitation of its 
President. The Health Council’s decisions are final when the meeting is attended 
by at least two-thirds of its members. However, in the event of an extremely urgent 
medical evacuation, the decision of three full members of the council will be valid. 

The Health Council of Côte d’Ivoire reviews and provides its opinion on requests 
submitted by civil servants and government employees regarding: 

1) Sick leave of 15 days up to three months. 
2) Long-term sick leave of six months, renewable six times. 
3) Exceptional sick leave (workplace accident, occupational illness, etc.) for up 

to 60 months, i.e. 5 years (maximum duration), beyond which it is considered 
disability. 

4) Convalescence leave. 
5) Changes in administrative position due to illness. 
6) Reviews of work-related accident files. 
7) Reviews and opinions on requests for medical evacuations outside Côte 

d’Ivoire. 
Under the Labor Code, any sick worker is required to inform his employer within 

a maximum of 72 hours or 3 working days from the date of the employee’s ab-
sence. After this period, the employee is considered to have abandoned his job for 
up to 3 months. Dismissal procedures for abandonment of job are initiated after 
the 3 months without justification and the employee’s file is sent to the disciplinary 
board for decisions on dismissal, reinstatement or sanction. 
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Tuberculosis is a notifiable disease, which is included on the list of long-term 
illnesses [15]. Long-term sick leave entitles the patient to six months of sick leave, 
renewable six times depending on the patient’s health status [16]. A government 
employee who is ill is required to inform his organization of his health status within 
a maximum of 72 hours. Moreover, communication difficulties between the treat-
ing physician, the medical advisor, and the occupational physician were highlighted 
in a survey conducted in Belgium by Vanmeerbeek et al. [17] in 2014 on the trans-
mission of information and interprofessional collaboration. 

In another study conducted by Vannier [18] in 2017 on administrative proce-
dures, 18.1% of the physicians surveyed did not appear to be aware of the man-
agement of long-term tuberculosis. This situation may be due to the fact that this 
request can be made by the specialist doctor who establishes the final diagnosis 
and/or begins the treatment and/or ensures the follow-up and monitoring of the 
patient. 

According to the Côte d’Ivoire Labor Code, leaving 72 hours without reporting 
the reason for absence is considered abandonment of post, and dismissal proce-
dures may be initiated after 3 months without supporting documentation. In the 
event of this unjustified absence, your organization is required to send you a letter, 
email, phone call, or face-to-face communication. If you do not receive any re-
sponse, you will receive a formal notice letter in which the organization requests 
you to return to work or provide a reason for your absence. If, following this letter, 
you are able to justify your absence, you will no longer be subject to dismissal for 
abandonment of post. The Health Council provides a structured clinical frame-
work to assess return-to-work readiness and professional constraints based on ob-
jective criteria such as X-rays, residual bacterial load, and occupations at risk of 
transmission. The Health Council’s decisions combine both medical data and so-
cio-professional factors such as type of employment and working conditions. 

3. Literature Review 

The literature review on predicting the duration of sick leave due to tuberculosis 
highlights three key areas: duration of sick leave; machine learning and statistical 
approaches; socioeconomic and occupational studies. More generally, two other 
areas worth mentioning are clinical rules and survival analysis, which address the 
duration of sick leave due to tuberculosis differently. 

Regarding tuberculosis and the duration of sick leave, very few publications ex-
plicitly address this topic. This study [19] aims to predict the duration of anti-tu-
berculosis treatment in Malaysia, a critical public health issue, using an optimized 
machine learning approach. This study illustrates how AI can optimize infectious 
disease management in real-world settings, with direct impacts on health policies. 
The systematic review [20] explores the long-term consequences of Tuberculosis 
(TB) on lung function, linking epidemiological data to underlying pathophysio-
logical mechanisms. It highlights the often-overlooked burden of chronic disabil-
ities, calling for a holistic approach to its management. 
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Regarding machine learning and statistical approaches, only work related to 
model development was considered. The study [21] proposes an innovative ap-
proach for temporal prediction of tuberculosis incidence in Colombia using Arti-
ficial Neural Networks (ANNs). It aims to inform predictions of the duration of 
work stoppages. This article [22] presents machine learning models that allow em-
ployers to estimate the duration of work stoppages due to tuberculosis. The ob-
jective is to predict the risk of abandoning anti-tuberculosis treatment at different 
stages of the treatment pathway. Castillo-Chavez and Song [23] present an in-
depth analysis of the mathematical models used to study the dynamics of tu-
berculosis and their applications in public health. This publication [24] explores 
how Predictive, Preventive, and Personalized Medicine (PPPM) approaches can 
improve TB management, particularly in the context of increasing antibiotic 
resistance and individual variability in treatment response. Artificial Intelli-
gence (AI) and machine learning models are used to predict disease progres-
sion and treatment response. This study [25] proposes a mathematical model to 
analyze TB transmission dynamics by integrating the role of exogenous reinfec-
tion (new infection after recovery) and optimization strategies to improve control 
policies. 

In terms of socioeconomic and occupational studies, most data come from coun-
tries with a high prevalence of tuberculosis. The study [26] aims to develop and 
validate a predictive score to identify TB patients at high risk of treatment inter-
ruption. This model combines clinical, socioeconomic, and behavioral variables 
with the aim of improving targeted interventions in clinical pharmacy. The study 
[27] quantifies the economic losses associated with premature deaths from tuber-
culosis in the WHO African Region (47 countries), focusing on the impact in terms 
of lost productivity for national economies. The study [28] confirms the urgency 
of multisectoral interventions to reduce treatment delays in Ethiopia, combining 
education, infrastructure improvement and universal health coverage. 

Our approach differs from traditional methods, which are primarily based on 
clinical rules and survival analysis. Clinical rules have the advantages of being sim-
ple and widely adopted in analyzing the duration of sick leave, but are limited be-
cause they are not personalized and ignore the dynamic evolution of tuberculosis 
[29]-[31]. Survival analysis, on the other hand, identifies risk factors but assumes 
constant proportional hazards [32] [33].  

Our study takes a different approach by using machine learning to achieve high 
accuracy and integrate complex data, but is limited by the need for large cohorts 
[19] [28]. No study that combines an African context, socio-professional data, and 
interpretability for non-experts has been identified on the prediction of the dura-
tion of sick leave due to tuberculosis. 

4. Data and Methods Used for Prediction 
4.1. Presentation of Data Used 

The data used in this study come from a study conducted in the Pneumophthisiol-
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ogy Department (PPH) of the Cocody University Hospital and on the premises of 
the Health Council. It took place from January 2017 to December 2019, a period of 
three years. The study targeted tuberculosis patients on long-term sick leave and 
collected from the Pneumophthisiology Department of the Cocody University Hos-
pital. The medical records analyzed only concern those relating to tuberculosis 
patients presented for health counseling by the Pneumophthisiology Department 
of the Cocody University Hospital. 

The following criteria were applied in the selection of tuberculosis patients: 
1) All tuberculosis patients with medical reports, regardless of age and sex, who 

presented to the pulmonology department for health counseling were included. 
2) All incomplete files (absence of health counseling form, absence of follow-up 

form at the corresponding Anti-Tuberculosis Center) were excluded. 
The parameters studied were: 
1) Sociodemographic characteristics. 
2) Time between the start of treatment and the date of health counseling. 
3) Medical history. 
4) Form and type of disease. 
5) HIV serology. 
6) Radiographic appearance after treatment. 
7) Health council decision after treatment. 
All these data were collected from medical reports using a survey form. Table 

1 presents the potential predictive variables organized into four main categories, 
which are sociodemographic data (sex, age, profession, marital status, number of 
children), medical history (comorbidities, personal history, family history), clini-
cal characteristics of tuberculosis (form of the disease, type of patient, HIV serol-
ogy) and variables related to management (treatment-counseling time, post-treat-
ment counseling decision). 

 
Table 1. Variables and response methods used for data collection. 

Variable Response modalities 

Sex 
Female 

Male 

Age Integer value 

Occupation 

Health worker 

Customs officer 

Economist 

Teacher 

Military/police officer 

Others 

Time between start of treatment and 
date of advice 

Number of days 
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Continued 

Number of children Integer value 

Existence of other antecedents 
Yes 

No 

Diabetes 
Yes 

No 

Sickle cell disease 
Yes 

No 

Marital Status 

Single 

Married 

Widower 

Cohabitant 

Divorced 

Personal background 

High Blood Pressure (HBP) 

Ulcer 

Diabetes 

Sickle cell disease 

Others 

Family history 
Yes 

No 

Form of the disease 

Bacteriologically confirmed Pulmonary  
Tuberculosis (BPT+) 

Clinically diagnosed Pulmonary Tuberculosis 
(CPT−) 

Extrapulmonary Tuberculosis (EPT) 

Patient type 

New case 

Relapse 

Multidrug-Resistant Tuberculosis (MDR-TB) 

Resumption 

Failure 

HIV serology 

Positive 

Negative 

Not done 

Health council decision after  
treatment 

Previous activity 

Change of activity 

Others 

 
The critical analysis of this modeling highlights continuous variables (age, num-

ber of children, treatment-advice time), which will allow correlation analyses and 
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categorical variables with high predictive potential (type of patient, form of the dis-
ease, decision of the council). 

4.2. Data Preprocessing 

This section details the data preprocessing steps for input variable. These steps are 
designed to ensure transparency, reproducibility, and scientific robustness. 

1) Data Cleaning. 
a) Duplicate records were removed based on key identification variables. 
b) Missing values: Binary variables (e.g. Diabetes, Sickle cell disease) imputed with 

the mode or labeled as “Unknown” if missing > 10%; Continuous variables (e.g. 
Age, Time between treatment and advice) imputed using the median or KNN im-
putation; HIV serology “Not done” retained as an informative category. 

2) Encoding of Categorical Variables. 
a) One-hot encoding for multi-class categorical variables (e.g. Occupation, Mar-

ital Status, Disease Form). 
b) Binary encoding for boolean-type variables (0 = No, 1 = Yes). 
3) Normalization/standardization. 
Numerical variables (Age, Number of children, Time to advice) were standard-

ized using z-scores for algorithms sensitive to scale. 

4.3. Variable Selection Criteria 

This section details the criteria for input variable selection. 
1) Expert and Clinical Judgment. 
Variables selected based on literature and clinical relevance for tuberculosis and 

work reintegration. 
2) Univariate Analysis. 
a) Categorical variables analyzed with chi-square tests. 
b) Continuous variables analyzed with ANOVA tests. 
c) Variables with p < 0.10 were retained for further analysis. 
3) Multicollinearity Check. 
a) Highly correlated variables (ρ > 0.85) were examined, and one was removed 

to avoid redundancy. 
b) Variance Inflation Factor (VIF) was also calculated to control multicollinearity 

in linear models. 

4.4. Methodology 

In the specific case of our regression approach aimed at predicting a continuous du-
ration, the following indicators allow us to assess the accuracy of machine learning 
models in predicting the duration of sick leave [34]. 

MAE (Mean Absolute Error), which gives the average absolute error (more intu-
itive than RMSE), provides a concrete idea of the model’s margin of error in months 
of sick leave and allows us to compare the impact of different factors, such as those 
between MDR-TB (multidrug-resistant) patients and new cases, or the difference 
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in error between HIV+ and HIV−: 

1

1 ˆ  n
i iiMAE y y

n =
= −∑                        (1) 

where iy  is the actual value and ˆiy  the predicted value. 
MSE is useful for identifying cases where the model is seriously wrong and has 

the particularity of heavily penalizing large errors: 

( )2
1

1 ˆ  n
i iiMSE y y

n =
= −∑                       (2) 

where iy  is the actual value and ˆiy  the predicted value. 
RMSE (Root Mean Square Error), which measures the average error between 

predicted and actual values, allows us to evaluate the standard error in months of 
sick leave: 

RMSE MSE=                          (3) 

R2 (Coefficient of Determination), which indicates the proportion of variance ex-
plained by the model, is adapted to our multivariate context: 
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where iy  is the actual value, ˆiy  is the predicted value and y  is the average of 
the actual values. 

These indicators make it possible to rigorously evaluate the clinical utility of the 
model while identifying targeted avenues for improvement. 

5. Results 

To evaluate the performance of a machine learning model for predicting tubercu-
losis-related sick leave using specified variables, several metrics and indicators can 
be used as predictive performance measures (see Table 2). 

 
Table 2. Results of the algorithms used. 

Model MAE (%) MSE (%) RMSE (%) R2 (%) 

Linear Regression 75.50 97.49 98.73 −58.40 

Artificial Neural Network 77.31 68.59 82.82 −11.45 

Random Forest Regressor 28.50 33.97 58.30 44.80 

SVM Regressor 44.96 48.81 69.86 20.70 

Decision Trees Regressor 20 37.14 60.94 39.65 

K-Nearest Neighbors Regressor 29.74 32.23 56.80 47.60 

 
To predict the Health Council’s return-to-work decisions for tuberculosis pa-

tients, a diverse set of machine learning models were selected. These models were 
chosen to reflect a balance between interpretability and predictive power, aligning 
with both the clinical relevance of the task and the heterogeneous nature of the 
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data. Simple models (e.g. linear regression) provide transparency, while more 
complex ones (e.g. neural networks, SVM) capture non-linear relationships. The 
use of multiple model types also helps mitigate selection bias. All models were 
evaluated using standard regression metrics (MAE, MSE, RMSE, R2) with k-fold 
cross-validation to ensure robust and reproducible comparisons. Our selection 
strategy aimed to provide a fair benchmark across model complexities while sup-
porting practical use in healthcare decision-making. Future work may explore ad-
ditional models such as gradient boosting, subject to computational and deploy-
ment feasibility. 

The best model is the Random Forest Regressor [35], which stands out with the 
second lowest MAE (28.50%), the highest R2 (coefficient of determination) 44.80% 
of the variance, and a competitive RMSE (58.30%), indicating moderate error dis-
persion. The worst model is Linear Regression, which shows unacceptable results 
with a negative R2 (−58.40%), which is worse than a simple average; and high 
MAE/RMSEs that are unsuitable for the non-linearity of medical data. 

The analysis of the MAE metric shows that the Decision Trees model [36] has 
the best performance with an average error of 20%. It is followed by the Random 
Forest, which presents a good overall compromise with a moderate error (28.50%). 
Finally, the SVM exhibits mediocre performance, with a risk of clinical underes-
timation. 

The R2 analysis shows that Random Forest is the most explanatory model with 
44.80% of variance explained. However, K-NN, despite slightly better performance 
of 47.60%, recorded a higher MAE (29.74). The Linear Regression model [34] should 
be rejected as unsuitable for the complexity of the data, with an R2 of 58.40%. The 
RMSE analysis shows that K-NN has low error dispersion (56.80%), Random For-
est has stable performance (58.30%), and ANN generates significant errors in cer-
tain complex cases. 

The models to be retained are therefore Random Forest, which offers a better 
stability/accuracy compromise, and Decision Trees, which offers optimal perfor-
mance but risks overfitting. The models to be excluded are SVM [37] [38], which 
provides mediocre performance with no interpretative advantage, as well as Lin-
ear Regression and ANN [39], which generate unacceptable negative R2. 

To demonstrate the robustness and generalizability of the predictive model, it 
is strongly recommended to conduct external validation using an independent da-
taset. This could involve: 

1) Applying the model to data from another hospital, region, or country with a 
comparable health system. 

2) Or retaining a separate portion of the original dataset (not used during train-
ing) as a truly independent test set. 

Such validation is essential to assess the model’s real-world performance, test its 
out-of-sample generalization capacity, and detect potential risks of overfitting. In 
the longer term, implementing a multi-site or temporal validation protocol would 
further reinforce the model’s predictive value across diverse healthcare contexts. 
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6. Discussion 

Our study provides several significant advances over existing studies on predict-
ing tuberculosis-related sick leave. 

The combination of clinical, social, and temporal dimensions could reveal sub-
groups at risk of prolonged sick leave. Similarly, few studies quantify the impact 
of the delay between treatment and counseling because a long delay could indicate 
systemic dysfunctions, correlated with longer sick leave duration [40] [41]. 

Patient stratification by taking into account history and post-treatment radio-
graphic appearance allows for the identification of cases requiring prolonged sick 
leave and patients eligible for early resumption [42]. Furthermore, considering HIV 
serology as a key modulator is an approach that integrates HIV-positive patients who 
often have longer sick leave duration, but this variable is rarely cross-referenced 
with radiographic data or TB type. 

Sociodemographic characteristics could guide the targeting of interventions 
through the use of differentiated protocols and programs [43]. Furthermore, post-
treatment counseling allows for analysis of whether medical decisions are consistent 
with objective data such as radiography, which could reveal biases in practices and 
thus improve guidelines. 

Most existing models are either clinical-biological (radiological scores) or soci-
oeconomic, unlike the approach presented in this work, which combines both ma-
chine learning and survival analysis to manage complex interactions and predict 
the probability of resumption at t months. Furthermore, the inclusion of post-
treatment radiographic evolution is innovative because it captures therapeutic ef-
ficacy. 

This study differs from existing studies in several aspects and approaches described 
in Table 3. 

 
Table 3. Difference of aspects and approaches to this study from classical studies. 

Aspects Classical Studies Approach 

Socio-demographic data Often absent or simplified 
Systematic integration (age, 

profession, etc.) 

Processing time advice Rarely studied 
Key variable for monitoring 

effectiveness 

Post-treatment radiography Used for diagnosis only 
Explicitly linked to the duration 

of work stoppage 

 
Existing analyses are often limited to medical criteria, omitting factors such as 

age, occupation, or living environment. These omissions can bias recommenda-
tions, particularly for manual workers or rural populations. We systematically in-
tegrate several sociodemographic variables as predictors. The time elapsed between 
diagnosis and consultation with the Health Council is rarely documented, even 
though it influences the perceived severity and the prescribed duration of sick leave. 
Identifying this time period as a marker of the system’s effectiveness. 
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Chest X-ray is used only to confirm the initial diagnosis, with no established link 
to the duration of sick leave. We correlate residual lesions visible on imaging with 
the recommended duration of sick leave. 

To enhance the generalizability of the results, it would be relevant to expand the 
study to a more diverse population, including workers from the private, informal, 
or rural sectors, as well as other national or subregional contexts. This would help 
assess the robustness and transferability of the machine learning model across var-
ying socio-economic and healthcare environments. Additionally, a comparative 
analysis could be conducted by applying the model to datasets from other health 
systems to identify variables or configurations specific to the Ivorian context. Fi-
nally, incorporating a sensitivity or domain adaptation analysis would strengthen 
the model’s applicability as a decision-support tool in broader or different set-
tings. 

7. Conclusions 

Current guidelines from the WHO and pulmonary societies lack the granularity 
to recommend durations adapted to residual radiological severity, such as persis-
tent cavitations and stable fibrosis, occupational risk, and interindividual variabil-
ity in treatment response. 

Accurate prediction of the duration of sick leave for tuberculosis is crucial to avoid 
premature returns or unnecessary prolonged sick leave, to adapt medical follow-
ups and radiographic assessments according to risk profiles, and to establish evi-
dence-based recommendations for medical advice. 

Including the functioning of the Health Council would enrich this study by clin-
ically validating the model’s predictions, identifying institutional or algorithmic 
biases and opening avenues for more equitable health policies. This would position 
this work at the interface between explainable AI and collective medical decision-
making, offering an innovative perspective. 

Among the six algorithms tested, the Random Forest Regressor emerges as the 
optimal choice, demonstrating its ability to capture non-linear relationships between 
clinical and socio-professional characteristics. Similarly, the poor performance of 
linear models highlights the need for non-parametric approaches for this com-
plex clinical problem. This analysis provides a rigorous framework to discuss the 
strengths/weaknesses of each approach in the specific biomedical context of tu-
berculosis. 

Such an approach would fill a methodological gap by unifying dimensions often 
treated separately, such as more accurate and personalized prediction of sick leave 
duration, and policy recommendations based on multidimensional data, such as 
the optimization of health and professional resources to maximize impact. Poten-
tial for prospective validation on multicenter cohorts would be ideal. 

Among the areas for improvement, it is worth mentioning the poor performance 
of linear models, which suggest complex interactions between variables. Hyperpa-
rameter tuning to optimize random forests could further improve R2. 
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This study is of interest on several levels. For occupational physicians, a predic-
tive analysis with the variables used would help standardize sick leave durations 
and reduce inequalities. Similarly, it could impact healthcare economics by reduc-
ing costs associated with unjustified sick leave through evidence-based prediction. 

One of the innovations of this work lies in its complementarity with the use of 
radiographs, particularly in contexts where infrastructure is lacking and where the 
impact of poverty can mask other factors. Traditional methods for assessing sick 
leave durations for tuberculosis often rely on isolated clinical criteria, neglecting key 
dimensions such as sociodemographic context or post-treatment follow-up. Our 
approach systematically integrates these variables for more accurate and personal-
ized prediction. 
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