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Abstract

Background: Tuberculosis (TB) outcomes remain suboptimal in high-burden, resource-
constrained settings. Clinical and socio-economic factors contribute to loss to follow-up,
failure, and mortality, yet their relative importance remains underexplored. Methods:
We analyzed a retrospective cohort of patients treated for pulmonary TB in the Eastern
Cape, South Africa. Treatment outcomes were dichotomized as success (cured or treatment
completed) versus unsuccessful (loss to follow-up, failure, or death), excluding transfers
and patients still on treatment. Predictors included age, gender, income, occupation, comor-
bidities, HIV status, previous treatment history, patient category, and drug resistance status.
Regularized logistic regression was used to estimate odds ratios, while the best decision
tree model was applied to identify hierarchical risk profiles. Results: Logistic regression
demonstrated high accuracy (86%) and identified drug susceptibility, age, income stability,
and comorbidity burden as the strongest predictors of treatment success. The decision
tree achieved lower accuracy (65%) but improved detection of unsuccessful outcomes,
highlighting a clear hierarchy of risk: (1) drug resistance status, (2) age, (3) income source,
and (4) comorbidities. Patients with drug-resistant TB, older age, no income or reliance on
grants, and coexisting conditions were at the highest risk of poor outcomes. Conclusions:
Drug resistance, age, income, and comorbidity burden shape a hierarchical risk profile for
TB treatment outcomes in rural South Africa. Logistic regression offered robust overall
classification, while the decision tree provided transparent stratification of at-risk groups.
These findings underscore the need for integrated clinical and socio-economic support
strategies to improve outcomes in high-burden settings.

Keywords: tuberculosis; treatment outcomes; drug resistance; age; socio-economic status;
decision tree; logistic regression; South Africa

1. Introduction

Tuberculosis (TB) remains a leading infectious killer worldwide. In 2023, an estimated
10.8 million people fell ill with TB and 1.25 million died (including 161,000 among people
living with HIV), with the WHO African Region contributing roughly a quarter of global
incident disease [1,2]. Within this framework, the WHO treatment outcome classification—
cured, treatment completed (together “treatment success”), treatment failure, died, lost to
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follow-up (LTFU), and not evaluated—provides a focal point for program performance
and patient prognosis across drug-susceptible (DS-TB) and drug-resistant TB (DR-TB)
cohorts. TB continues to pose a significant public health challenge, particularly in high-
burden countries such as South Africa, where treatment success rates remain below the
World Health Organization (WHO) target of 85% [3]. South Africa remains one of the
countries with the highest burden of TB globally, with an estimated 468 new TB cases
per 100,000 population, reflecting one of the highest national TB incidence rates in the
world [4,5]. Concurrently, the HIV epidemic in South Africa persists at a high level; in
2025, an estimated 8.15 million people in South Africa were living with HIV, accounting
for approximately 12.9% of the total population and approximately 170,000 incident HIV
infections [6,7]. The intersection of these two epidemics, often referred to as a syndemic [8],
is particularly pronounced: people living with HIV have a greatly increased risk of progres-
sion to active TB, and HIV co-infection remains a major driver of TB incidence and adverse
outcomes in the country [9-11].

TB control in South Africa is implemented through the National Tuberculosis Program
(NTP), which operates within a decentralized public health system and is aligned with the
WHO End TB Strategy, with TB services delivered primarily through primary healthcare
facilities and district hospitals, with free access to diagnosis, treatment, and follow-up care.
The TB strategic plan, 2023-2028, emphasizes person-centered and family-centered care,
thus moving the program closer towards community-based care [12]. The plan rolled out
strategic objectives to move towards a vision for 2028 that sees TB as a priority across all
sectors, with people with TB being given rapid access to high-quality diagnostics, treatment,
and support. Despite the well-established control infrastructure, South Africa continues to
experience a high TB burden, with particularly poor outcomes observed among patients
with DR-TB, TB-HIV co-infection, and other comorbid conditions. Provinces such as
the Eastern Cape are disproportionately affected, reflecting persistent socio-economic
vulnerabilities, including poverty, unemployment, limited educational attainment, and
barriers to sustained healthcare access.

Despite widespread implementation of directly observed therapy (DOT) and community-
based support programs, treatment failures, mortality, and LTFU persist [13]. Understanding
the determinants of these outcomes is essential for tailoring interventions that are both clini-
cally effective and socially responsive. Previous research has highlighted the adverse impact
of DR-TB, HIV co-infection, and advanced age on treatment outcomes [14]. At the same
time, socio-economic vulnerabilities such as unemployment, low income, and unstable living
conditions undermine adherence and continuity of care [15]. Yet, the interaction between
these clinical and social risk factors is complex and often under-analyzed, particularly in
rural contexts where resources are limited and health systems face additional barriers [16].
Conventional regression models are widely used to identify independent predictors of treat-
ment outcomes, offering robust estimates of association. However, they often fail to capture
the hierarchical or interactive nature of risks [17]. In contrast, machine learning approaches
such as decision trees provide interpretable pathways that show how combinations of patient
characteristics influence outcomes [18]. Integrating these methods offers a more balanced
understanding of both individual and structural determinants of TB success and failure. In
this study, we examined a cohort of TB patients in the Eastern Cape Province of South Africa
using both regularized logistic regression and decision tree modeling. We aimed to identify
the central predictors of treatment outcomes and to delineate hierarchical risk profiles that
combine clinical and socio-economic determinants.
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2. Materials and Methods
2.1. Study Design and Setting

A retrospective cohort analysis was conducted on patients treated for pulmonary
tuberculosis (PTB) in the Eastern Cape Province, South Africa. The province has an
estimated population of approximately 7.23 million people according to the 2022 national
census [19]. In recent surveillance data, the province reported a high TB notification rate
of approximately 703 cases per 100,000 population, indicating a substantial ongoing TB
burden relative to other South African provinces [20]. The province is a high-burden
rural setting with persistent challenges of poverty, limited access to healthcare, and high
prevalence of HIV co-infection.

2.2. Study Population

The dataset included patients registered for TB treatment between 2020 and 2024.
Eligible participants were adults with bacteriologically or clinically confirmed pulmonary
TB. A person who is clinically confirmed with TB refers to someone who is diagnosed with
TB and treated on the basis of clinical and/or radiological evidence without bacteriological
confirmation. Those excluded were patients who had transferred out, moved away, or
remained on treatment at the time of data extraction, as outcomes were not definitive.

2.3. Variables

Outcome: Treatment outcome was classified according to WHO definitions. Patients
were grouped as:

Success: These are patients who have been cured or have completed their treatment.

Unsuccessful: These are patients who experienced treatment failure, died during
treatment, or were LTFU.

2.4. Data Analysis

Treatment outcomes were dichotomized as successful versus unsuccessful. Patients
who were transferred out, moved, or still on treatment were excluded from the modeling.
Predictor variables included demographic (age and gender), socio-economic (income and
occupation), clinical (HIV status, comorbidities, and TB drug resistance), and behavioral
(social history, previous treatment history, and patient category) factors. Regularized
logistic regression (L1 penalty, o = 0.1) was employed to address multicollinearity, and
odds ratios were reported. In parallel, a decision tree classifier (maximum depth = 4;
minimum 20 observations per leaf; class weight-balanced) was fitted to identify non-linear
interactions and thresholds. Models were trained on 70% of the dataset and evaluated
on a 30% hold-out set, with accuracy, ROC-AUC, confusion matrices, and classification
reports generated.

2.5. Statistical Analysis

Data was cleaned through the process of removal of duplicate records, verification
of implausible or inconsistent values, standardization of variable coding, and recoding
of categorical variables into binary dummy indicators. Records with missing data on
key variables were excluded from relevant analyses. Continuous variables (e.g., age)
were retained in numeric form. Missing values were minimal (<1% for gender and drug
resistance status) and excluded from modeling.

Two complementary modeling approaches were used:

1.  Regularized Logistic Regression: We fitted a logistic regression model with L1 (LASSO)
penalization to address collinearity and reduce overfitting. Results were expressed as
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odds ratios (ORs) with exponentiated coefficients. Model performance was evaluated
using a 70/30 train—test split, with accuracy and ROC-AUC metrics.

2. Decision Tree Classifier: A classification tree was trained using a maximum depth of 4
and a minimum leaf size of 20, with class weighting to account for outcome imbalance.
Feature importance values were extracted, and the tree was visualized to facilitate the
interpretation of hierarchical risk profiles. Performance was assessed with accuracy,
ROC-AUC, precision, recall, and F1-scores on the test set. Analyses were performed
using Python version 3.x (scikit-learn, stats models, and matplotlib).

2.6. Decision Tree Analysis

The decision tree classifier was constructed using the Gini impurity criterion to deter-
mine optimal splits at each node. Gini impurity is a standard metric used in classification
trees to quantify the degree of class heterogeneity within a node and is defined as 1 — X(p;?),
where p; represents the proportion of observations belonging to class i. Lower Gini values
indicate greater node purity, meaning that observations within the node predominantly be-
long to a single outcome class. All Gini values presented in the decision tree were generated
internally by the fitted model using the training data and were not calculated externally.

3. Results
3.1. Demographic Characteristics of the Study Population

The study included 382 patients with a mean age of 40.3 years (SD, 16.8; range,
6-95 years). Males accounted for 60.2% (n = 230), yielding a male-to-female ratio of 1.5:2.
Most patients were new TB cases (81.4%, n = 311), while 15.7% (n = 50) were previously
treated, 0.5% (n = 2) were previously treated with second-line drugs (PT2), and 2.4%
(n = 9) had an unknown treatment history. This distribution reflects a predominantly
young-to-middle-aged, male-leaning cohort, with a substantial minority representing
retreatment cases.

3.2. TB Treatment Outcome Predictors

Table 1 presents the odds ratios (ORs) from the regularized logistic regression model.
Predictors with ORs greater than 1.0 indicate increased likelihood of treatment success,
while ORs below 1.0 indicate reduced likelihood. Social history categories and patient
category variables showed high ORs. However, the wide range of ORs reflects model regu-
larization, which penalizes less informative predictors and highlights the most influential
ones. In regularized logistic regression, the overall accuracy was 86% (ROC-AUC = 0.66),
with high precision and recall for successful outcomes but limited sensitivity for unsuc-
cessful outcomes due to class imbalance. Strong positive predictors of successful outcomes
included favorable social history categories and being classified as new patients, while
relapse and adverse social histories were associated with lower odds of success. In contrast,
the decision tree classifier (depth = 4; class weight-balanced) achieved an accuracy of 65%
and ROC-AUC of 0.69, performing better at identifying unsuccessful outcomes. Key pre-
dictors driving splits were drug resistance status (DR vs. DS), patient age, income source,
and presence of any comorbidity.
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Table 1. Regularized logistic regression analysis of predictors of tuberculosis treatment success.

Predictor Category/Unit OR

Drug resistance status Drug-susceptible vs. drug-resistant 6.423
Age Per one-year increase 1.013
Any comorbidity Yes vs. no 3.212
HIV status HIV-negative vs. HIV-positive 3.462
Income source No income vs. salaried income 0.624
Gender Female vs. male 0.436
Constant (intercept) — 0.364

OR: odds ratio. Odds ratios were obtained from an L1-regularized logistic regression model. OR > 1 indicates
increased odds of treatment success, whereas OR < 1 indicates reduced odds. The constant (intercept) represents
the baseline odds of treatment success when all predictors are at their reference categories.

3.3. Logistic Regression—Test Set Classification Report

The logistic regression model demonstrated high accuracy (86%) and strong recall for
successful outcomes (95%) (Table 2). However, performance for unsuccessful outcomes
was limited (recall 18%), reflecting the class imbalance in the dataset. The model therefore
reliably identified patients who completed or were cured, but under-detected those who
defaulted, failed, or died.

Table 2. Logistic regression—test set classification report.

Class Precision Recall F1-Score Support
0 0.333 0.182 0.235 11.000

1 0.899 0.952 0.925 84.000
accuracy 0.863 0.863 0.863 0.863
macro avg 0.616 0.567 0.580 95.000
weighted avg 0.833 0.863 0.845 95.000

3.4. Decision Tree—Test Set Classification Report

The decision tree achieved 65% accuracy with a ROC-AUC of 0.69. Compared to
logistic regression, the tree performed better at identifying unsuccessful outcomes (recall
rate of 45%) (Table 3), although with a reduced overall accuracy. This highlights the
trade-off between precision for the majority class (success) and improved detection of the
minority class (unsuccessful outcomes).

Table 3. Decision tree—test set classification report.

Class Precision Recall F1-Score Support
0 0.156 0.455 0.233 11.000

1 0.905 0.679 0.776 84.000
accuracy 0.653 0.653 0.653 0.653
macro avg 0.531 0.567 0.504 95.000
weighted avg 0.818 0.653 0.713 95.000

3.5. Decision Tree—Feature Importance

In Table 4, the most critical predictors identified by the decision tree were drug
resistance status (DR vs. DS), which was the dominant predictor of treatment outcome.
With age, younger patients were more likely to succeed. Regarding income sources, salaried
income was associated with treatment success, while no income/grant support predicted
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poorer outcomes. The presence of any comorbidity slightly reduced the probability of
treatment success. Other features contributed minimally to classification.

Table 4. Relative feature importance derived from the decision tree model for tuberculosis treat-
ment outcomes.

Predictor Feature Importance
Drug resistance status (DR vs. DS) 0.391
Age 0.361
Income source (no income) 0.193
Any comorbidity 0.055
Social history 0.000
Patient category 0.000
Previous TB treatment history 0.000
Occupation 0.000
Gender 0.000
HIV status 0.000

3.6. Key Predictors—Logistic Regression

The strongest predictors (based on OR thresholds) reinforced findings from the de-
cision tree (Table 5). Social history variables, patient category (e.g., new vs. relapse), and
occupation/income measures were associated with increased odds of treatment success.
In contrast, specific categories (e.g., no income or unemployment) were protective against
success, aligning with the role of socio-economic vulnerability. These results demonstrate
consistency between the regression and tree-based models in highlighting both clinical
(DR-TB and patient category) and socio-economic (income and occupation) determinants
of outcome.

Table 5. Key predictors of tuberculosis treatment outcomes identified using regularized logistic

regression.
Predictor Category/Comparison Odds Ratio (OR)
Social history Smoking and drugs vs. none 687.006
Occupation Private sector vs. unemployed 14.707
Patient category Treatment failure (TF1) vs. new 14.461
Drug resistance status Drug-susceptible vs. drug-resistant ~ 6.423
HIV status HIV-negative vs. HIV-positive 3.462
Any comorbidity Yes vs. no 3.212
Age Per one-year increase 1.013
Income source No income vs. salaried income 0.624
Gender Female vs. male 0.436
Constant (intercept) — 0.364

Odds ratios were estimated using L1-regularized logistic regression. OR > 1 indicates increased odds of treatment
success, while OR < 1 indicates reduced odds. The constant (intercept) represents baseline odds of treatment
success when all predictors are at their reference categories.

Primary split: Patients with DR-TB were substantially more likely to experience
unsuccessful outcomes (LTFU, failure, or death) compared to those with drug-susceptible
TB (DS-TB).

Age effect: Among DS-TB patients, a younger age (<40 years) was associated with
higher success rates (cure or treatment completion), whereas older age groups showed pro-
gressively lower success rates. This reflects the known clinical challenge of comorbidities,
frailty, and adherence barriers in older populations.

Socio-economic predictors: For older DS-TB patients, income source further stratified
outcomes. Patients reporting salaried or wage income tended to have higher success, while
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those with no income or dependent on grants had poorer outcomes, highlighting the role
of socio-economic security in treatment adherence.

Comorbidities: The presence of any comorbidity (particularly HIV or hyperten-
sion/diabetes combinations) appeared in lower branches, modestly reducing the probability
of success. However, the impact was minor compared to DR-TB status and age.

Figure 1 provides a visual representation of hierarchical risk pathways for TB treatment
outcomes. The tree should be interpreted from top to bottom. The first split represents
the most influential predictor, with subsequent splits indicating additional factors that
further stratify patient risk. The figure is intended as an interpretive tool to illustrate how
combinations of clinical and socio-economic factors interact to shape treatment outcomes,
rather than as a standalone predictive model.

DR vs. DS (2nd 25% < 0.5)
Gini = 0.19
Ann.21< < 218
value = (120), 42, 115
Class = Unsuccesful

PN

Gini < 0.33 Age < 225
Gini = 0.27) Gini = 0.183
value =(103, 111) value = (69, 104)
Class: Unsuccessful Class: Success
Gini= 0.12 Gini = 0.47 Income (catl < 0.5) AnyComorbidity= 0.5
(Gini = 0.27) (Gini < 0.99) Gini < 0.304 (Gini = 0.336
value = (4), 119) value = (9, 195) value = ( 53, 355) value = (53), 471)
Unsuccessful Success Class: Success Class: Success
Age< 37.5 Income (catl < 0.5) AnyComorbidity
Gini < 0.453 Gini < 0.304 (Gini = 0.336
value = (17, 38) value = (53), 225) value = (36), 47)
Success Class: Success Success
Gini= 0.12 Gini< 0.210 Gini =0.103 Gini = 0.302
Unsuccessful Unsuccessful Unsuccessful Success

Figure 1. Decision tree.

The different shades observed across nodes in Figure 1 reflect variations in Gini im-
purity (node purity) generated by the decision tree algorithm rather than differences in
predictors or outcomes themselves. Nodes with lower Gini values, indicating greater ho-
mogeneity and higher classification certainty for a given outcome, appear darker, whereas
nodes with higher Gini values, indicating greater outcome heterogeneity, appear lighter.
This shading is applied uniformly by the model and is independent of the variable used
for splitting (e.g., age, income, or comorbidity). Consequently, nodes associated with
Any Comorbidity and other downstream splits tend to show lighter shading because they
represent secondary risk modifiers with more mixed outcomes, while upstream nodes
show stronger separation and lower impurity.

4. Discussion

This study identified drug resistance status, age, income stability, and comorbidity
burden as the key factors influencing TB treatment outcomes in a rural South African cohort.
Logistic regression achieved high overall accuracy and confirmed strong links between
these predictors and treatment success. The decision tree, while somewhat less accurate,
offered clearer hierarchical pathways of risk, illustrating that DR-TB, older age, lack of
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income, and comorbidity sequentially contributed to stratifying patients at the highest risk
of failure, death, or loss to follow-up.

The finding that drug resistance status is the most influential predictor is well sup-
ported by studies in South Africa and other high-burden settings, where rifampicin-resistant
and multidrug-resistant TB (MDR-TB) patients experience lower success rates and higher
mortality. Seloma et al. [21] reported poor DR-TB outcomes linked to resistance pat-
terns, previous treatment, and HIV co-infection in Limpopo Province. Similarly, Nxumalo
et al. [22] observed that DR-TB, low BMI, and delayed diagnosis were significantly asso-
ciated with poor outcomes in Eastern Cape rural clinics. These findings align with the
decision tree’s first split on DR-TB in this study. Furthermore, Osman et al. [23], using
an individual patient-based national electronic TB treatment register of DS-TB in South
Africa, reported that older age, male gender, previous TB treatment, and HIV infection
(with or without antiretroviral therapy (ART)) were associated with an increased risk of
mortality. Bassett et al. [24] reported substantial mortality and LTFU among individuals
with TB in a cohort with HIV, consistent with the broader evidence that TB/HIV comorbid-
ity increases mortality risk when care is delayed or disrupted. Furthermore, a systematic
review and meta-analysis of studies regarding tuberculosis-associated mortality among
co-infected patients, a considerable mortality burden, was reported in people living with
HIV, reinforcing HIV as a major risk factor for poor outcomes [25]. Older age and the
burden of comorbidities were also significant predictors. Evidence from other African coun-
tries such as Ethiopia, Nigeria, and Uganda, as well as from Asia, aligns with our results,
indicating that older age, HIV, and other comorbidities predicted mortality among DR-TB
patients [26-30]. For DR-TB, coexisting HIV, diabetes, hypertension, and harmful alcohol
use further increase the risks of mortality and treatment failure. Evidence from Iran further
supports these observations that retreatment status and comorbid conditions such as dia-
betes and HIV infection substantially worsen outcomes among patients with DR-TB [13].
Our model’s identification of comorbidity burden as a significant risk node supports current
evidence emphasizing the need for integrated care for TB patients with chronic diseases.
The study’s finding that income stability is an important predictor highlights the critical
role of socio-economic vulnerability in TB outcomes. Studies from Ethiopia and Nigeria
have demonstrated that socio-economic vulnerability, including poverty, migration, and
limited educational attainment, is strongly associated with unfavorable TB outcomes. In
particular, spatial analysis carried out in Ethiopia [17] identified clustering of MDR-TB
in socio-economically disadvantaged regions, supporting our observation that structural
vulnerability remains a key driver of poor treatment outcomes in high-burden contexts.
Likewise, Mengesha et al. [31] found that low income, food insecurity, and lack of social
support increased the risk of poor treatment outcomes. Socio-economic deprivation has
also been linked to worse TB treatment outcomes and higher incidence rates in South Africa
and globally [32,33]. Machine learning studies from Uganda and Kenya similarly show that
unemployment, food insecurity, and housing instability predict non-adherence and treat-
ment interruption [34,35]. These findings reinforce that social determinants substantially
influence TB outcomes and should be considered core components of TB control programs.

At the population level, global modeling studies [3,36,37] have demonstrated that
higher levels of socio-economic development including income stability, education, and ur-
banization are associated with reduced TB incidence. These findings are consistent with our
results, which suggest that economic stability may play a protective role against poor treat-
ment outcomes, further emphasizing the influence of upstream social determinants on TB
control. In addition, qualitative evidence from India [16] has highlighted the contribution of
psychosocial factors, including stigma, treatment burden, and inadequate social support, to
poor adherence and treatment failure among patients with DR-TB. These findings provide
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important contextual support for our observations of socio-economic and psychosocial
vulnerability within the study population. Overall, the consistency between our findings
and those reported across diverse geographical settings strengthens the validity of the
present study and underscores the need for integrated clinical, social, and programmatic
interventions to improve TB treatment outcomes in high-burden settings.

Considering the model’s moderate discriminative performance and overall classifi-
cation accuracy of 65.8%, these findings suggest that the decision tree may be useful for
flagging patients at higher risk of unfavorable outcomes, although a proportion of success-
fully treated patients were misclassified. Logistic regression outperformed the decision tree
in predictive accuracy, consistent with the literature, which shows that regression models
tend to be more robust and stable. In contrast, tree-based models offer better interpretability
but sometimes less precision. Recent modeling studies in China and Southeast Asia have
found similar patterns: regression-derived clinical scores achieved high discrimination. At
the same time, decision trees provide intuitive pathways that are useful for stratified care
planning [38,39]. The decision tree framework uniquely illustrates how socio-economic
disadvantage amplifies clinical risks, reinforcing the importance of integrated social and
health interventions. Our use of both approaches highlights the complementary value of
statistical and machine learning methods in TB prediction research.

4.1. Limitations

Some limitations need to be acknowledged. First, generalizability is limited, as the
findings are based on data from selected clinics in the rural Eastern Cape and may not
precisely reflect patterns across South Africa’s diverse settings. Secondly, the dataset in-
cluded relatively few unsuccessful outcomes, which limited sensitivity for poor prognosis
in logistic regression and may affect generalizability. Although class weighting improved
the performance threefold, imbalance still poses a methodological challenge. The threefold-
improved performance was coded broadly, restricting insights into the effects of specific
conditions like hypertension or diabetes when combined with HIV. Thirdly, as a retrospec-
tive analysis, unmeasured confounders (e.g., adherence and health system barriers) could
influence the outcomes.

4.2. Implications for Policy and Practice

These results underscore the need for targeted interventions. The strong influence of
drug resistance and comorbidity burden on treatment outcomes suggests that current TB
programs may insufficiently differentiate care based on patient risk profiles. This highlights
the need for policies that prioritize early risk identification and integrated management
of TB with HIV and non-communicable diseases (NCDs), particularly in resource-limited
rural settings. The role of income instability emphasizes that social determinants are central
to treatment success, indicating a need for policies that integrate social protection into TB
programs. The effectiveness of predictive modeling demonstrates the potential value of
data-driven decision-making for program planning and resource allocation.

4.3. Recommendations

Based on the study findings, TB programs should implement risk-stratified patient
management using key predictors such as drug resistance, age, income stability, and
comorbidity burden to identify patients at high risk of poor outcomes early and provide
intensified follow-up and support. Strengthening integrated TB-HIV-NCD care is essential,
with emphasis on early screening and management of comorbidities. Given the influence
of socio-economic vulnerability, social protection interventions should be expanded for
patients without stable income to improve adherence and reduce LTFU. In addition, routine
TB data systems must be strengthened at the district level to support accurate data capture
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and enable predictive modeling. Prediction models should be validated and refined
across multiple provinces to support scalability and inform the implementation of national
TB programs.

5. Conclusions

This study demonstrates that drug resistance, age, income, and comorbidity burden
define a hierarchical risk profile for TB treatment outcomes. While logistic regression offers
robust overall prediction, decision trees provide an interpretable framework for risk strati-
fication. Integrating socio-economic and clinical support remains essential to improving TB
outcomes in high-burden, resource-constrained settings. Integrating risk prediction into
TB programs and addressing comorbidities and social needs could significantly improve
treatment success and reduce TB-related mortality in rural communities.
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The following abbreviations are used in this manuscript:

ART Antiretroviral therapy

DOT Directly observed treatment
DRTB Drug-resistant tuberculosis
DSTB Drug-sensitive tuberculosis
LTFU Drug-resistant tuberculosis
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NCD Non-communicable disease
NTP National Tuberculosis Program
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