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Abstract

Background: Drug-resistant tuberculosis (DR-TB) remains a major threat to TB control, with success
rates below global targets. While clinical determinants such as resistance type are well established,
the role of social and behavioral factors is less clearly defined. This study examined both clinical and
socioeconomic predictors of DR-TB outcomes in the Eastern Cape, South Africa. Methods: A
retrospective cohort analysis was conducted using routinely collected data. Outcomes were collapsed
into successful (cured/completed) and unsuccessful (failure, death, loss to follow-up). Descriptive
statistics and cross-tabulations compared outcome distributions across demographic, socioeconomic,
and clinical variables. Logistic regression estimated adjusted odds ratios (ORs) with 95% confidence
intervals (Cls). Random forest modelling assessed predictive performance and ranked feature
importance. Results: Cross-tabulations showed significant associations between treatment outcome
and gender (p=0.046), income (p=0.0037), and DR-TB type (p=0.0355). Logistic regression confirmed
that males had higher odds of success than females (OR=2.11, 95% CI: 1.05-4.21), while salaried
patients performed better than those without income (OR=3.46, 95% CI: 0.39-30.96). Pre-XDR TB was
associated with reduced odds of success compared to RR-TB (OR=0.25, 95% CI: 0.05-1.19). The logistic
model showed modest discrimination (AUC=0.55). Random forest modelling achieved superior
performance and identified age as the most important predictor, followed by patient category,
income, social history, education, and DR-TB type. Conclusion: Both clinical and social factors shape
DR-TB outcomes. Gender, income, and resistance patterns were consistently influential, while
machine-learning analysis highlighted age and socioeconomic determinants. Integrated strategies
addressing biomedical and social drivers are essential to improve treatment success in high-burden
settings.

Keywords: drug-resistant tuberculosis; treatment outcomes; logistic regression; random forest; social
determinants; Eastern Cape

1. Introduction

Drug-resistant tuberculosis (DR-TB) remains a major global health challenge, threatening
progress toward the World Health Organization (WHO) End TB targets. The World Health
Organization (WHO) reported that approximately 10.6 million new tuberculosis cases were identified
in 2022, reflecting a 3.5% increase compared to the 10.3 million cases documented in 2021. Following
the COVID-19 pandemic, TB incidence rose by 3.9% between 2020 and 2022. [1,2]. In 2022, an
estimated 410,000 people (95% CI: 370,000-450,000) worldwide developed multidrug-resistant or
rifampicin-resistant tuberculosis (MDR/XDR-TB). However, the number of patients who were
actually diagnosed and initiated on treatment was much lower, 175,650 representing only about two
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out of every five people in need. This figure also remains below the pre-pandemic level of 181,533
recorded in 2019 [3]. South Africa is among the countries with the highest DR-TB burden, with the
Eastern Cape Province contributing disproportionately to national case notifications [4]. Despite
significant investments in new diagnostics, shorter regimens, and decentralized models of care, DR-
TB continues to be associated with high mortality, treatment failure, and loss to follow-up [5].
Treatment outcomes in DR-TB are influenced by a combination of biomedical, social, and health
system factors [6,7]. Clinical predictors such as HIV co-infection, drug-resistance patterns, and
previous TB treatment history have consistently been associated with poor prognosis [8]. However,
growing evidence highlights the role of social determinants including poverty, education,
occupation, and gender in shaping adherence and treatment success [9,10]. Behavioral factors, such
as smoking and alcohol use, further exacerbate risks of treatment failure. Despite this evidence, few
studies have simultaneously examined the relative importance of clinical and social predictors in
high-burden rural South African settings.

The Eastern Cape faces unique challenges of poverty, high HIV prevalence, and limited health

system capacity, making it a critical setting to examine determinants of DR-TB outcomes [11].
Understanding how demographic, socioeconomic, clinical, and behavioral factors jointly influence
treatment trajectories is essential for designing targeted interventions. Traditional statistical
approaches, such as logistic regression, provide interpretable effect sizes but may overlook complex,
nonlinear interactions. Machine-learning methods such as random forests can complement
regression by ranking predictors and enhancing predictive performance. Integrating descriptive,
regression, and machine-learning approaches offers a comprehensive framework for identifying
patients at greatest risk and informing clinical and policy responses [12].
This study aimed to evaluate the influence and determinants of DR-TB and HIV co-infected patients
treatment outcomes in the rural Eastern Cape by combining cross-tabulation, logistic regression, and
random forest modelling. Specifically, we sought to (i) describe the distribution of outcomes across
demographic, socioeconomic, clinical, and behavioral predictors; (ii) estimate the adjusted
associations between key predictors and treatment success using logistic regression; and (iii) assess
the relative importance of predictors and predictive performance using random forest analysis.

2. Materials and Methods
2.1. Study Design and Setting

We conducted a retrospective cohort study using routinely collected clinical records of patients
with DR-TB who were initiated on treatment at two purposively selected public health clinics in the
Eastern Cape Province, South Africa, between January 2020 and December 2024. The sites were
chosen to capture both rural and peri-urban contexts within the province. A total of 385 patients with
complete demographic, clinical, and treatment outcome data were included in the analysis, while
those with missing outcome information or incomplete records were excluded. Eligible cases
comprised individuals with microbiologically confirmed rifampicin-resistant (RR-TB), multidrug-
resistant (MDR-TB), pre-extensively drug-resistant (Pre-XDR-TB), or extensively drug-resistant
tuberculosis (XDR-TB). These categories were included as they reflect the full clinical spectrum of
DR-TB currently recognized by the World Health Organization, ensuring comparability with global
evidence. Retrospective data were used to maximize sample size and capture real-world treatment
outcomes under routine programme conditions.

2.2. Study Population and Inclusion Criteria

All patients with complete baseline demographic, socioeconomic, clinical, and treatment
outcome data were eligible. Patients who were transferred out, moved away, or remained on
treatment at the time of analysis were excluded from regression and predictive modelling. Outcomes
were classified according to WHO and South African National TB Programme definitions.
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2.3. Data Analysis
2.3.1. Variables and Outcomes

For analysis, treatment outcomes were collapsed into two categories: successful (cured or
treatment completed) and unsuccessful (loss to follow-up, treatment failure, or death). Independent
variables were grouped into three domains. Demographic variables included age (continuous and
grouped), gender, education level, occupation, and income status. Clinical variables comprised HIV
status, presence of comorbidities, previous drug history, patient category (new case, relapse,
treatment after loss to follow-up, or treatment failure), DR-TB type (RR-TB, MDR-TB, Pre-XDR-TB,
or XDR-TB), and resistance pattern (mono- vs poly-resistance). Behavioral and social variables
included smoking status, alcohol and drug use, social history, and employment history.

2.3.2. Statistical Analysis

Data were analysed using a stepwise approach. First, descriptive statistics were generated:
frequencies and proportions were calculated for categorical variables, and means with standard
deviations (SD) for continuous variables. Cross-tabulations were performed to compare treatment
outcomes across key predictors. Group differences were tested for statistical significance using the x2
test or Fisher’s exact test for categorical variables and independent-samples t-tests for continuous
variables. Ninety-five percent confidence intervals (95% ClIs) were computed where applicable.
Network associations were evaluated using chi-square or Fisher’s exact tests. Edges were included
when p < 0.10, with edge width proportional to -log10(p). Directional associations were based on
adjusted residuals from contingency tables; values > 11.96] were interpreted as statistically
significant. Second, binary logistic regression was employed to identify independent predictors of
treatment success. Variables with a significance level of p < 0.20 in univariate analyses, as well as
those considered clinically relevant, were entered into the multivariable model. Odds ratios (ORs)
with corresponding 95% ClIs were reported. Model performance was assessed using overall
classification accuracy, sensitivity, specificity, and the area under the receiver operating characteristic
curve (AUC). Finally, random forest modelling was used to account for potential nonlinear
relationships and to rank the relative importance of predictors. A random forest classifier with 500
trees and default hyperparameters was implemented. Model performance was evaluated based on
accuracy, precision, recall, and AUC.

All statistical analyses were conducted using Stata version 17.0 (StataCorp, College Station, TX, USA)
for descriptive and logistic regression models, and Python version 3.11 with the scikit-learn library
version 1.3 for machine learning analyses.

3. Results

The mean age of patients with successful outcomes was 38.4 years (SD 10.3) compared to 40.3
years (SD 13.5) among those with unsuccessful outcomes; this difference was not statistically
significant (p=0.361, 95% CI: -5.8 to 2.1). Gender showed a significant association with treatment
outcome. Male patients were more likely to achieve treatment success (63.0% vs. 46.3%), whereas
females had a higher proportion of unsuccessful outcomes (53.7% vs. 37.0%; both p=0.031, 95% CI:
0.01-0.32 for males and —0.32 to —0.01 for females). Education did not significantly influence treatment
outcome, with comparable distributions across primary, secondary, and tertiary levels (all p > 0.2).
Income status was strongly associated with outcome. Patients dependent on disability grants had
significantly higher rates of unsuccessful outcomes (20.4% vs. 4.9%, p=0.001, 95% CI: -0.27 to —0.04),
while those with no income were also more likely to have unsuccessful outcomes (66.7% vs. 84.0%
successful, p=0.006, 95% CI: 0.03-0.31). By contrast, salaried, casual, and self-employed patients
showed no significant differences by outcome. Occupation categories showed no statistically
significant associations with outcome (all p > 0.1), though most patients in both groups were
unemployed (82.7% successful vs. 90.7% unsuccessful). Comorbidity profiles were dominated by HIV
co-infection (94.4% of successful vs. 96.3% of unsuccessful patients), with no significant differences
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by other comorbidities. Social history factors such as smoking, alcohol use, or combined risk
behaviours did not differ significantly between outcome groups (all p > 0.2). Similarly, prior drug
history, patient category (new, relapse, or retreatment), and type of resistance (mono vs. poly) were
not significantly associated with outcome. For DR-TB type, XDR-TB was significantly associated with
unsuccessful outcomes: two cases of XDR-TB occurred exclusively in the unsuccessful group
(p=0.014, 95% CI: -0.09 to —0.01). Other resistance categories (RR, MDR, Pre-XDR) did not show
significant differences.

The distribution of treatment outcomes varied significantly across selected patient
characteristics (Table 1). Gender was associated with treatment outcomes (x?=3.98, p=0.046), with
males achieving proportionally higher cure rates compared to females. Income status showed a
strong association with outcomes (x>=15.55, p=0.0037), where patients reporting no income or reliance
on social grants had poorer outcomes compared to those with salaried employment. Similarly, DR-
TB type was significantly related to outcomes (x>=8.58, p=0.0355), with advanced resistance patterns
(Pre-XDR/XDR) demonstrating markedly worse treatment success rates compared to RR- and MDR-
TB. In contrast, age group, education, occupation, comorbidities (predominantly HIV), social history,
previous drug history, patient category, and resistance type (mono vs poly) did not show statistically
significant differences in treatment outcomes (all p>0.05).

Table 1. Cross-tabulation of treatment outcomes by key predictors.

Variable Chi?/Stat Test p-value
Age group 4.72 Chi-square 0.1933
Gender 3.98 Chi-square 0.046
Education 2.67 Chi-square 0.4447
Income 15.55 Chi-square 0.0037
Occupation 4.58 Chi-square 0.4696
Comorbidities 9.01 Chi-square 0.5307
Social history 4.38 Chi-square 0.6254
Ever worked in prison 5.04 Chi-square 0.2835
Previous drug history 1.27 Chi-square 0.5294
Patient category 3.17 Chi-square 0.5303
Resistance type 0.0 Chi-square 1.0
DR-TB type 8.58 Chi-square 0.0355

Chi-square tests were used to assess associations between treatment outcomes and categorical predictors. A p-
value <0.05 was considered statistically significant. Significant associations were observed for gender (p =0.046),

income (p =0.0037), and DR-TB type (p = 0.0355), indicating these variables may influence treatment outcomes.

The network in Figure 1 displays associations between baseline predictors and treatment
outcome (Successful vs Unsuccessful). Edge width is proportional to the strength of association
(-logl0 p), and edge colors indicate directionality: green for predictors overrepresented among
successful outcomes, red for predictors overrepresented among unsuccessful outcomes, and grey for
neutral associations. This integrated visualization highlights the central role of income, gender, and
DR-TB type.

Logistic regression in Figure 2 provides effect size estimates that reinforced these descriptive
findings, although the model’s discriminatory power was modest (AUC = 0.55). Male patients had
more than twice the odds of treatment success compared to females (OR = 2.11, 95% CI: 1.05-4.21,
p=0.035). Patients with salaried employment demonstrated over threefold higher odds of success
compared to those without income (OR = 3.46, 95% CI: 0.39-30.96), though wide confidence intervals
reflected limited sample size in some income groups. DR-TB type remained clinically relevant, with
Pre-XDR patients having substantially lower odds of success relative to RR-TB (OR = 0.25, 95% CI:
0.05-1.19, p=0.083), while XDR-TB outcomes were so poor that stable model estimates could not be
obtained.
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Figure 1. Integrated network analysis of baseline characteristics and treatment outcome.
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Figure 2. Logistic regression Roc curve.

In Figure 3, Random Forest modelling outperformed logistic regression in predictive
performance, achieving higher accuracy, precision, recall, and AUC. Feature importance analysis
ranked age as the strongest predictor (importance score = 0.325), with older patients experiencing
worse outcomes. Socioeconomic and behavioral factors including patient category (0.098), income
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(0.095), social history (0.094), and education (0.082) were also highly influential. Clinical determinants
such as DR-TB type (0.065) and previous drug history (0.056) contributed to predictive performance,
while gender (0.056) played a moderate role. Together, these results indicate that both social
determinants and biomedical factors jointly shape treatment outcomes, with socioeconomic
vulnerability amplifying the risks associated with advanced resistance.

Age
PatientCat
Income
SocialHistory
Education
DRTBType
Occupation
Gender

PrevDrugHist

ResType

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Importance Score

Figure 3. Random forest feature importance of top ten predictors.

The performance evaluation of the two predictive approaches (Figure 4 and Table 2) reveals
important differences. Logistic regression demonstrated lower accuracy compared to the random
forest, indicating that it produced fewer correct classifications overall. Its precision, representing the
proportion of predicted successes that were true successes, was modest, and recall (sensitivity) was
also lower, suggesting that the model failed to capture a higher proportion of true successful cases.
The AUC was close to 0.5-0.6, reflecting weak discrimination between successful and unsuccessful
outcomes and performing only slightly better than chance. While logistic regression provided
interpretable odds ratios and quantifiable associations, it proved to be a less effective classifier in this
dataset. In contrast, the random forest model consistently outperformed logistic regression across all
performance metrics. It achieved higher accuracy, reflecting stronger overall prediction, and
improved precision, indicating more reliable classification of treatment successes. Recall was also
higher, suggesting that the model captured a greater proportion of true successful outcomes.
Importantly, the AUC was substantially higher, highlighting superior ability to discriminate between
patients likely to achieve treatment success and those at risk of unsuccessful outcomes. Overall, the
random forest emerged as the more robust predictive tool, while logistic regression remained
valuable primarily for its interpretability and estimation of odds ratios.

Table 2. Performance of prediction models (Logistic Regression vs Random Forest).

Model Accuracy Precision Recall AUC p-value
Logistic Regression 0.754 0.789 0.918 0.545 0.1933
Random Forest 0.815 0.863 0.898 0.795 0.046
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4. Discussion

Our study combined descriptive, regression-based, and machine-learning approaches to
identify determinants of treatment outcomes among patients with DR-TB. The triangulation of cross-
tabulations, logistic regression, and random forest modelling provides a robust picture of the
interplay between clinical and social predictors of success, highlighting both convergent findings and
methodological complementarity.

4.1. Treatment Outcomes Across Settings

Our study in the Eastern Cape reported treatment success rates below the WHO target, with
both biomedical and socioeconomic factors shaping outcomes. This aligns with findings from Faye
et al. [11], who also observed suboptimal outcomes (65.8% success) among rural Eastern Cape TB
patients, largely influenced by TB-HIV co-infection and social determinants. Similarly, Atif et al. [13]
in Pakistan highlighted a poor treatment success rate (32.1%) among XDR-TB patients, with high
mortality and loss to follow-up, indicating that DR-TB management remains a global challenge. By
contrast, Hayibor et al. [14] in Ghana reported a higher overall success rate of 88.1%, although
outcomes were markedly worse among HIV-positive patients (78.1%), underscoring the consistent
role of HIV as a negative prognostic factor.

4.2. Clinical Predictors of Unfavorable Outcomes

Across studies, drug-resistance patterns emerge as central determinants [15,16]. Our findings
that pre-XDR cases had reduced odds of success echo those of Aaina et al. [17], who demonstrated
poor outcomes among pre-XDR and MDR patients, particularly in older adults and those with
comorbidities like diabetes. Atif et al. [13] similarly emphasized that conventional therapy and
adverse drug events predicted failure in XDR-TB cohorts. Hosu et al. [18] extended this by showing
that shorter regimens accelerated sputum conversion and improved outcomes, reinforcing the
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clinical imperative to optimize regimen choice. Taken together, resistance type consistently drives
prognosis, but regimen innovations can mitigate risks.

4.3. Role of HIV and Comorbidities

Our analysis identified HIV status as an influential though context-dependent predictor. This is
consistent with [11,14], both of whom found significantly worse outcomes in TB-HIV co-infected.
Hosu et al. [19] further demonstrated that comorbidities such as hypertension, obesity, and hearing
loss significantly affect outcomes, with obesity paradoxically linked to better prognosis while HIV
predicted worse [19]. This suggests that the clustering of HIV with non-communicable diseases
amplifies treatment complexity in high-burden African settings.

4.4. Socioeconomic Determinants and Behavioral Risks

Our study highlights income, gender, and education as strong determinants of treatment
outcomes. These findings resonate with Faye et al. [20], who showed that financial stability and
reduced comorbidity burden improved survival among DR-TB patients in rural Eastern Cape. Khan
et al. [21] in India similarly underscored that poor knowledge, unemployment, and limited access to
healthcare fuel XDR-TB prevalence. Kostyukova et al. [22] in Russia added an epidemiological
perspective, showing that socio-structural conditions coupled with high rates of MDR/XDR strains
complicate control efforts. Together, these studies affirm that social determinants are not peripheral
but central to DR-TB trajectories.

4.5. Cross-Tabulation Analyses and Sociodemographic Predictors

Our cross-tabulation analyses revealed significant associations between treatment outcomes and
gender, income, and drug-resistance type. Males and patients with stable income were more likely to
achieve treatment success, whereas pre-XDR TB was strongly associated with poorer outcomes.
These findings align with evidence from Malaysia, where Zaman et al. [23] identified male sex, lack
of formal education, HIV co-infection, and advanced resistance types as independent predictors of
unfavourable outcomes (aOR for male sex 2.38; aOR for RR-TB 3.34). Similarly, in China, Liu et al.
[24] reported that low BMI, pre-treatment anaemia, and advanced resistance significantly predicted
poor outcomes among elderly RR-TB patients. Together, these studies reinforce the role of
sociodemographic vulnerability in shaping prognosis, even after adjusting for clinical factors.

A novel aspect of our findings is the strong association between income stability and treatment
success. While this factor is less frequently examined in clinical cohorts, it has been consistently
highlighted in health-systems research. For example, Long et al. [25] showed that despite China’s
implementation of case-based TB financing reforms, financial barriers persisted due to hidden costs
and the exclusion of patients with comorbidities leaving poorer households disproportionately
burdened. Our findings therefore suggest that socioeconomic disadvantage remains a structural
barrier to favorable DR-TB outcomes across diverse contexts, underscoring the need to integrate
financial protection measures into TB control strategies. In the rural South African context, this
highlights the urgency of strengthening social protection mechanisms, aligning TB care with existing
grant systems, and exploring clinic-based financial support models to reduce treatment attrition
among economically vulnerable patients.

4.6. Predictive Modelling Approaches: Regression and Random Forest

Our study further mapped treatment outcomes among patients with DR-TB and identified key
sociodemographic and clinical predictors. Our overall success rate fell below the WHO target of 285%
and the national average of 70-78%, underscoring persistent gaps in DR-TB control in high-burden,
resource-constrained settings. Cross-tabulation analyses revealed significant associations between
treatment outcomes and gender, income, and resistance type: males and salaried patients were more
likely to achieve success, while patients with pre-XDR TB experienced substantially poorer outcomes.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0379.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2025 d0i:10.20944/preprints202510.0379.v1

9 of 13

These associations were reinforced by logistic regression, which showed that male sex more than
doubled the odds of treatment success (OR = 2.11), salaried income increased success threefold (OR
= 3.46), and pre-XDR TB sharply reduced the odds of cure (OR = 0.25). Together, these findings
demonstrate that both social position and resistance patterns are critical determinants of prognosis.

Our results are consistent with international evidence highlighting the interplay between clinical
severity and social vulnerability. In Malaysia, Zaman et al. [23] showed that male sex, lack of
education, HIV co-infection, and advanced resistance were independent predictors of unfavorable
outcomes, while Liu et al. [24] reported that low BMI, anaemia, and advanced resistance predicted
poor prognosis in elderly Chinese patients. Importantly, our study adds to this literature by
emphasizing income stability a less commonly examined factor in clinical cohorts but repeatedly
flagged in health-systems research. Long et al. [25] found that despite TB financing reforms in China,
hidden costs and exclusions disproportionately burdened poorer households. Our findings echo
these concerns, suggesting that financial insecurity undermines adherence and drives attrition,
especially in rural settings where unemployment is widespread and out-of-pocket expenses remain
high. This reinforces the argument that biomedical interventions alone are insufficient to close the
outcome gap; socioeconomic disadvantage remains a structural barrier across diverse contexts.

Methodologically, this study demonstrated the complementary strengths of regression and
machine-learning approaches. Logistic regression provided interpretable associations and effect
sizes, confirming the protective influence of male gender and salaried income, while identifying pre-
XDR TB as a negative prognostic marker. However, the model’s modest discriminatory ability (AUC
~ 0.55) limited predictive utility. By contrast, the random forest classifier achieved superior
performance and highlighted age as the single most important determinant, followed by income,
education, social history, and resistance type. These findings underscore that social and behavioral
factors weigh as heavily as biomedical indicators in shaping treatment outcomes. They also resonate
with recent advances in TB outcomes research: Makabayi-Mugabe et al. [26] used regression to show
community-based DOT improved success in Uganda, while Santosa et al. [27] employed network
analysis to visualize socioeconomic and behavioral barriers to adherence. Our integration of
traditional regression with machine learning mirrors this broader trend, combining interpretability
with predictive value and offering a richer understanding of risk hierarchies.

Our findings carry clear implications for policy and practice. Interventions must extend beyond
regimen optimization to address the social determinants that drive poor outcomes. Expanding social
protection measures such as conditional cash transfers, nutritional support, and disability grants
could buffer the financial vulnerabilities that undermine adherence and fuel loss to follow-up.
Tailored support for high-risk groups, including older adults, women, and socioeconomically
disadvantaged patients, should be prioritized through gender-sensitive services that mitigate
barriers such as transport costs, caregiving responsibilities, and stigma. At the same time, predictive
tools like random forests could be embedded in routine care to flag patients at high risk of failure
early, enabling proactive case management. Finally, strengthening community-linked governance,
with the active involvement of community health workers and local stakeholders, will be essential to
ensure that biomedical innovations are paired with context-sensitive social interventions. Taken
together, our findings reinforce the need for holistic, multi-sectoral strategies if South Africa is to
close the persistent gaps in DR-TB outcomes.

4.7. Clinical and Regimen-Related Predictors

The association between advanced resistance and poor prognosis in our cohort is consistent with
evidence from China, where Liu et al. [24] demonstrated that patients with pre-XDR and XDR-TB
had significantly lower success rates compared to RR-TB cases. In high-income settings, however, the
prognostic weight of resistance patterns is being mitigated by the availability of newer regimens.
Otto-Knapp et al. [28] reported that in Austria, Germany, and Switzerland, WHO-endorsed regimens
such as BPaLM (bedaquiline, pretomanid, linezolid, moxifloxacin) are now standard, achieving high
success in MDR/RR-TB cases. In contrast, resource-limited settings such as ours remain reliant on
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heterogeneous regimens, where resistance type remains a decisive determinant of outcome. This
divergence underscores the importance of tailoring predictive models to local therapeutic realities:
while regimen choice dominates in high-resource contexts, socioeconomic and demographic factors
remain equally critical in rural South Africa.

4.8. Integrating Social and Clinical Dimensions

Our findings reinforce the need to integrate social determinants into DR-TB predictive models.
Zaman et al. [23] demonstrated that clinical (HIV, resistance type) and demographic (sex, education)
variables combine to drive outcomes in Malaysia, while Santosa et al. [27] highlighted stigma,
poverty, and behavioral risks as hidden determinants of non-compliance. By ranking income,
education, and gender alongside clinical variables, our study contributes a holistic framework for
understanding DR-TB prognosis. Such integration is particularly relevant in rural South Africa,
where structural inequities exacerbate biomedical vulnerabilities.

4.9. Strengths and Limitations

This study contributes to the growing literature on DR-TB outcomes by integrating descriptive
cross-tabulations, regression modelling, and machine-learning approaches, thereby enhancing both
interpretability and predictive value. The use of multiple analytic frameworks enabled triangulation
of findings, reducing reliance on any single method and strengthening the robustness of conclusions.
A further strength lies in the explicit incorporation of socioeconomic and behavioral factors such as
income stability often overlooked in clinical DR-TB cohorts, but highly relevant in rural, resource-
constrained settings. The consistency of our results with international evidence further supports their
external validity.

Several limitations should be acknowledged. The modest sample size reduced statistical power,
particularly in XDR-TB subgroups, resulting in wide confidence intervals and unstable regression
estimates. The retrospective design and reliance on routine records may have introduced information
bias and limited the completeness of socioeconomic variables. Although the random forest model
improved predictive accuracy, its outputs are less directly interpretable for policy use, while the
modest discrimination of the logistic regression model suggests that unmeasured confounders such
as adherence, psychosocial support, and stigma may have influenced outcomes. Finally, the study
was conducted in a single high-burden province, which may limit generalizability to other South
African or global contexts.

5. Conclusions

This study highlights that DR-TB outcomes in rural South Africa are shaped not only by
resistance patterns but also by age, gender, and socioeconomic vulnerability. By combining statistical
and machine-learning approaches, we demonstrated the critical role of social determinants such as
income stability in influencing treatment success. Addressing these gaps will require integrated
strategies that pair biomedical advances with social protection, gender-responsive services, and
community-linked governance to achieve sustained improvements in DR-TB control.
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Abbreviations

The following abbreviations are used in this manuscript:

B Tuberculosis

DR-TB Drug resistant tuberculosis
RR-TB Rifampicin resistant tuberculosis
MDR-TB Multi drug resistant tuberculosis
Pre-XDR-TB Pre-extensively drug-resistant
XDR-TB Extensively drug-resistant
WHO World Health Organization

HIV Human immunodeficiency virus
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