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ABSTRACT

Tuberculosis (TB) remains a significant public health challenge in Indonesia, with persistent disparities in service
quality. Early identification of substandard TB services is critical to prevent transmission and accelerate elimination
efforts. This study developed a machine-learning-based model to classify TB service compliance, identify key
predictors, and provide evidence to guide targeted TB control policies. A retrospective design was applied using
primary and secondary data from 1,722 TB patients in Semarang City, Indonesia. Three algorithms—Random Forest,
K-Nearest Neighbors (KNN), and Boosting—were implemented with 5-fold stratified cross-validation, feature selection
via Recursive Feature Elimination (RFE), hyperparameter tuning, and variable importance analysis. Model
performance was evaluated based on accuracy, AUC, recall, and F1-score, with particular emphasis on the ability to
detect the minority class ("non-compliant services”). The Random Forest model achieved the highest test accuracy
(97.7%) with an average AUC of 0.655. However, the high accuracy should be interpreted cautiously, given the highly
imbalanced class distribution (96.1% compliant vs 3.9% non-compliant), which limits the model's ability to detect
minority cases. The analysis, therefore, emphasized recall and F1-score for the minority class as indicators of the
model’s practical usefulness for early detection. Five key predictors were identified, with anti-TB drug regimen and
age contributing most to model performance. The model shows potential as an early warning tool for substandard TB
services and can support risk-based interventions. Integration into national health information systems may
strengthen decision-making and accelerate TB elimination.
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INTRODUCTION

Tuberculosis (TB) remains one of the deadliest
communicable diseases worldwide. According
to the World Health Organization (WHO), there
were an estimated 10.8 million TB cases
globally in 2023, resulting in approximately
1.25 million deaths'. Indonesia, with the
second-highest TB burden, faces challenges in
reducing incidence and mortality. Achieving
national elimination targets requires improved
TB service quality?.. Within the framework of
the Sustainable Development Goals (SDGs),
Indonesia aims to reduce TB incidence to
65/100,000 and deaths by 90% from 2019
levels®. Achieving this target requires well-
structured and focused efforts, particularly in
improving the quality of TB services
consistently across all healthcare facilities.

Tuberculosis control in Indonesia faces
persistent challenges due to variations in the
quality of TB service implementation across
health facilities. Studies have reported
disparities between public and private
providers in diagnostic accuracy, treatment

management, and adherence monitoring. These
inconsistencies may lead to delayed diagnosis,
inappropriate  treatment regimens, and
weakened supervision, ultimately increasing
the risk of treatment failure and continued
community transmission 4 5 ¢ 3,7, 89,10, 11, 12,
3, Non-compliant TB services not only
negatively affect individual clinical outcomes
but also increase the risk of community
transmission and the emergence of drug-
resistant TB cases ' 1°,

Current TB service monitoring relies on
conventional manual supervision and periodic
audits, which are reactive and resource-
intensive. With over 30 public health centers
and numerous private facilities, conventional
methods fail to provide timely responses to
service quality problems '> 4 16 17 Delays in
detecting facilities with substandard services
may result in an accumulation of untreated
cases and hinder the effectiveness of the city’s
TB control program '® 17,

Non-standardized services increase the risk of
treatment failure by up to 15-20% and prolong
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the infectious period of patients ' 19,
ultimately amplifying the potential for
community transmission. Therefore, a more
proactive, accurate, and efficient approach is
urgently needed to identify facilities or areas
at high risk of providing substandard TB
services.

Machine learning offers predictive capabilities
to strengthen TB surveillance and identify
substandard services early 2°2'. In the context
of TB control, the adoption of machine learning
has the potential to shift the paradigm from
reactive monitoring to predictive surveillance,
with the capability to detect facilities or areas
at high risk of providing substandard TB
services at an early stage 2> 2> %', The strength
of these algorithms lies in their ability to
simultaneously process multiple variables and
identify complex interactions among factors,
making them an ideal tool for analyzing the
multifactorial determinants of TB service
quality 2425,

While machine learning is increasingly applied
in healthcare, its use for evaluating and
predicting TB service quality remains limited,
particularly in developing countries. Existing
studies have primarily focused on diagnosis or
treatment outcomes 2625, leaving the quality
assessment of TB services underexplored. The
absence of predictive tools to identify
substandard care impedes targeted
interventions and efficient resource allocation.

This study aims to develop and evaluate a
machine learning-based model to classify TB
service compliance with national standards and
establish an early warning system to support TB
control in Semarang City. By identifying key
risk indicators, the model seeks to inform
targeted public health interventions. Designed
for integration into existing health information
systems, it supports evidence-based decision-
making, enhances resource allocation, and
promotes equitable, high-quality TB services.
This approach aligns with the WHO End TB
Strategy, which advocates for patient- and
people-centered care in advancing global TB
elimination 7.

METHODS

Study Design

This study employed an observational
retrospective design with a quantitative-
predictive approach. The primary objective was
to develop and evaluate a machine learning (ML)-
based predictive model to classify the
compliance of tuberculosis (TB) services with the
applicable national standards.

Data Sources and Data Collection
This study utilized both primary and secondary
data collected in 2023. Secondary data were

sourced from the Semarang City Health Office,
including TB program reports and electronic
systems such as SITB and SEMAR BETUL, which
provide detailed information on TB cases and
vulnerability distribution. Primary data were
obtained through structured digital interviews
with 1,722 TB patients from community health
centers (Puskesmas) across Semarang City, using
KoboToolbox. The unit of analysis was individual
TB patients.

Variable Definitions

The outcome variable in this study was TB
service compliance with national standards,
categorized as “standard-compliant” and “non-
compliant.” In this context, TB service
compliance refers to the extent to which
healthcare facilities adhere to key components
of the Indonesian National TB Program
guidelines, including appropriate diagnostic
procedures, correct prescription of anti-TB drug
regimens, accurate patient classification, and
systematic adherence monitoring in accordance
with national standards. Predictor variables
included patient characteristics such as age, sex,
history of diabetes mellitus, and HIV status, as
well as service-related characteristics, including
the type and ownership of health facilities, type
of TB diagnosis, anatomical site classification,
anti-TB drug regimen, and source of medication
funding.

Data Preprocessing

All data were recoded and cleaned of missing
values (No significant missing values were
detected in the final dataset). Categorical
variables were transformed into numeric format
using one-hot encoding techniques. The data
were not standardized because all models
employed in this study are tree-based or non-
parametric, which are not sensitive to scale
differences.

Feature Selection

Recursive Feature Elimination (RFE) based on
Random Forest importance was used to reduce
13 predictors to five key variables: Age, Anti-TB
Drug Regimen, Facility Ownership, Diagnosis
Type, and Anatomical Classification, based on
their contribution to model accuracy and node
purity.

Cross-Validation

A 5-fold stratified cross-validation was applied to
all algorithms. This technique divided the
training data into five subsets proportionate to
the class distribution, then averaged the
evaluation metrics. Cross-validation aimed to
assess model performance robustly and minimize
the risk of overfitting 2%°,

Hyperparameter Tuning

Manual hyperparameter tuning was applied to
optimize model performance, with Random
Forest achieving the best balance between
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accuracy and minority class detection. Boosting
showed high AUC but failed in minority recall.

Machine Learning Algorithms

Three classification algorithms were selected for
their complementary strengths in handling
tabular data and interpretability. Random Forest
was preferred for its robustness with mixed data
types, resistance to overfitting, and
interpretable  variable  importance = 3937,
optimized using 41 trees and three predictors per
split. K-Nearest Neighbors (KNN), a non-
parametric method capturing local data
structures, performed best with seven neighbors,
Euclidean distance, and rectangular weights 32
33, Boosting (Gradient Boosting) was selected for
its iterative learning and variable influence
analysis, optimized using 14 trees and 0.1
shrinkage rate based on out-of-bag accuracy 33,

Model Evaluation

Model performance was assessed using accuracy,
precision, recall, F1-score, and AUC per class.
Due to class imbalance, emphasis was placed on
detecting the minority (‘'non-compliant’) class,
given its clinical and epidemiological relevance.
A confusion matrix and ROC curves were used to
examine  misclassification and  sensitivity-
specificity trade-offs 3¢%. Variable importance
analysis identified key contributors to model
decisions.

Data

Ethical Considerations

This study used anonymized aggregate data
without any personally identifiable information.
Data processing followed data privacy and
security standards. Ethical approval was obtained
from the Health Research Ethics Committee,
Faculty of Health Sciences, Dian Nuswantoro
University (No. 573/EA/KEPK-FKes-
UDINUS/V/2023).

Handling Class Imbalance

In this study, the distribution of TB service
compliance was highly imbalanced, with 96.1% of
cases classified as "standard-compliant” and only
3.9% as "non-compliant.” No resampling
techniques (e.g., oversampling, undersampling,
or SMOTE) were applied, as the study aimed to
preserve the real-world distribution observed in
routine health system data collected directly
from TB patients at health facilities. Maintaining
the original class distribution was considered
important to ensure external validity and to
preserve the model's representativeness of the
target population. Nevertheless, the class
imbalance was explicitly considered during
model evaluation by emphasizing performance
metrics sensitive to minority class detection,
particularly recall and F1-score, rather than
relying solely on overall accuracy.

Collection

Data source: TB service medical records 2023-2024

Number of data: 1,722 patient observations

Variables: demographic, clinical, health facilities

Preprocessing

Data cleaning (missing value check)

Categorical encoding adjustments if any

Setting classification targets

Feature Selection

Method: Variable Importance + Recursive Feature Elimination (RFE)

Result: 5 important variables (example: Age, Anti-TB Drug Regimen (OAT), Type of TB
Diagnosis, Ownership of Health Facilities, Classification of Anatomical Location)

Cross Validation

Scheme: 5-Fold Stratified Cross Validation

Objective: evaluation of model performance stability

Model: Random Forest, KNN, Boosting

Hyperparameter Tuning

Parameter tuning: number of trees, predictor/split, shrinkage, K-nearest neighbors

Output: best parameter combination based on accuracy, AUC, minority recall

Final Model Evaluation

|¢

Testing: accuracy, minority recall, F1-score,

average AUC Interpretation of important variables

Conclusion of dominant variable
contributions

Result visualization (importance plot,
confusion matrix, 00B evaluation)

Figure 1. Data Analysis Workflow for the Classification of Tuberculosis Service Quality
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RESULTS

Data Characteristics and Class Distribution
Analysis of 1,722 observations revealed a highly
imbalanced class distribution, with 96.1% of
cases classified as “standard-compliant” and only
3.9% as “non-compliant.” This distribution was
consistent across all data subsets, indicating that
the majority of TB services adhered to the
established standards, although a small
proportion of cases still requires special
attention.

Feature Selection

To improve model efficiency and accuracy,
Recursive Feature Elimination (RFE) was applied
using Random Forest-based variable importance
metrics. Features with low contributions—based
on Mean Decrease in Accuracy (MDA) and Total
Increase in Node Purity (TINP)—were iteratively
removed.

W Random Forest

AVERAGE ACCURACY AVERAGE AUC

K-Nearest Neighbors (KNN)

MINORITY CLASS

From 13 initial features, 8 were eliminated,
resulting in a final model using five key
predictors: (1) Age, (2) Anti-TB Drug Regimen
(OAT), (3) Health Facility Ownership, (4) Type of
TB Diagnosis, and (5) Anatomical Classification.
The refined model retained predictive
performance and improved interpretability.

Cross-Validation

Cross-validation showed high accuracy across
algorithms: Random Forest (96.2%), Boosting
(95.0%), and KNN (94.5%). KNN achieved the
highest discriminatory power (AUC = 0.716)
despite overall classification challenges with the
minority class. All models showed high accuracy;
KNN had the highest AUC. Despite strong
performance, minority class detection remained
low.

Boosting

MINORITY CLASSF1-
RECALL SCORE

Figure 2. Summary of 5-Fold Cross-Validation Results (Test Data)

Hyperparameter Tuning

The results of hyperparameter tuning for the two
algorithms are presented in the following table
1. Random Forest showed the most balanced
performance. Although the highest accuracy
(0.975) was achieved with 200 trees, the best
recall for the minority class (0.231) was obtained
using a lighter model with 50 trees and 2
predictors per split, suggesting improved
sensitivity through simplified tuning. For KNN,
minority class detection declined with larger k
values and the use of Manhattan distance. The

Table 1. Results of Hyperparameter Tuning

best configuration—k = 3 with Euclidean
distance—yielded a recall of 0.063 and F1-score
of 0.100, substantially lower than Random
Forest. Boosting was excluded from the main
results due to consistently zero recall for the
minority class, despite relatively high AUC values
(up to 0.836), indicating strong overall
discrimination but poor sensitivity to minority
class patterns.

Algorithm Main Parameters Accuracy Recall AUC F1-Score
(Minority) (Minority)
Random Trees=50, Pred=2, 0.972 0.231 0.703 - (na)
Forest Train=50%
Random Trees=100, Pred=3, 0.966 0.143 0.782 -
Forest Train=70%
Random Trees=200, Pred=4, 0.975 0.100 0.760 -
Forest Train=80%
KNN K=3, Euclidean, Rectangular 0.948 0.063 0.566 0.100
KNN K=5, Euclidean, Rectangular 0.909 0.000 0.723 0.000
KNN K=3, Manhattan, 0.956 0.000 0.579 0.000

Rectangular
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Model Interpretability (Variable Importance)

To assess each predictor's contribution to model
performance, a variable importance analysis was
conducted using the Random Forest algorithm.
Mean Decrease in Accuracy and Total Increase in
Node Purity (Figure 3) were used to identify
features with the greatest influence on model
splitting decisions. Anti-TB Drug Regimen, Age,
and Diagnosis Type were the most influential
features in the model.

Age (Years)

Anti-TB Drug Regimen (OAT)

Type of TB Diagnosis

Health Facility Ownership

Classification by
Anatomical Location

i}

1 T 1 1
0.0000.0020.0040.0060.0080.01

Mean Decrease in Accuracy

Final Model Evaluation

A final evaluation was conducted using the best-
performing Random Forest model based on
hyperparameter tuning, with a configuration of
50 decision trees and 2 predictors per split, using
50% of the training data. This model was applied
to the test dataset comprising 344 observations.
The final model achieved 97.7% accuracy, though
recall for the minority class remained zero,
reflecting imbalanced class issues. Although the
model achieved high overall accuracy, this
performance is largely influenced by the
dominant majority class. Consequently, the
model showed limited ability to correctly classify
the minority “non-compliant” cases, as reflected
by the low recall and F1-score.

Anti-TB Drug Regimen (OAT)

Health Facility Ownership

Type of TB Diagnosis |

Classification by
Anatomical Location

Age (Years)

T T T T T T 1
-0.040.00.020.00.0.010.02.0¢

Total Increase in Node Purity

Figure 3. Visualization of variable importance based on Mean Decrease in Accuracy and Total Increase in
Node Purity

Table 2. Final Model Performance Evaluation

Metric Value
Test Accuracy 0,977
Average AUC 0,655
Recall (Minority Class) 0,000
F1-Score (Minority Class) NaN (0)
Out-of-Bag Accuracy 0,133

Model Configuration

50 trees, 2 predictors per split

Despite high overall performance, the model
failed to classify the 'non-compliant’ (minority)
class in the test data, reflected by undefined
(NaN) recall and F1-scores due to zero positive
predictions and only 8 minority cases out of 344.
Nonetheless, the AUC for this class reached
0.660, indicating moderate discriminatory
ability.

Variable importance analysis identified five key
features:

1. Anti-TB Drug Regimen (MDA = 0.012;
Node Purity = 0.076),
Age (MDA = 0.013; Node Purity = -0.009),
Type of TB Diagnosis,
Health Facility Ownership,
Anatomical Classification.

Dhwh

Overall, the model reliably classifies compliant
TB services but remains limited in detecting non-
compliance.

DISCUSSION

Interpretation of Key Findings

Despite high overall accuracy, the models
consistently underperformed in detecting the
minority class—a common issue in imbalanced
health datasets “» “. Cross-validation and
hyperparameter tuning yielded low or zero recall
and F1-scores for minority cases, reflecting a
well-known limitation in which machine learning
models tend to favor majority-class performance
at the expense of minority-class detection 4043,
The models’ inability to accurately detect the
minority class highlights a broader challenge in
healthcare datasets, where rare events are often
underrepresented. In the context of TB service
monitoring, non-compliant services represent a
relatively small but critical subset of cases.
Although the model struggled to directly classify
these cases, the identified predictors still
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provide valuable signals for risk-based
supervision 40

Despite its limited sensitivity to minority cases,
the model remains useful as an early risk-
screening tool. By identifying patterns associated
with service compliance, health authorities can
prioritize supervision for facilities with similar
profiles, enabling more efficient allocation of
monitoring resources “. Cross-validation and
hyperparameter tuning yielded low or zero recall
and F1-scores for minority cases, reflecting a
well-known limitation where models favor
majority class performance at the expense of
minority class detection.

The five key predictors—Anti-TB Drug Regimen
(OAT), facility ownership, type of diagnosis,
anatomical classification, and patient age—
underscore the influence of structural, clinical,
and demographic factors on service quality.
Patient age may influence TB service outcomes
because older patients often present with
comorbidities, delayed diagnosis, or more
complex clinical management, which may affect
adherence to treatment standards and
monitoring procedures “. The type of TB
diagnosis also reflects differences in diagnostic
pathways and facility capacity, as variations in
the use of bacteriological confirmation or clinical
diagnosis may indicate disparities in adherence
to national diagnostic guidelines “. In addition,
the anatomical classification of TB (pulmonary
versus extrapulmonary) can influence treatment
complexity and follow-up  requirements,
potentially affecting the consistency with which
TB service standards are implemented in
healthcare facilities “.

Anti-TB Drug Regimen and facility ownership
were especially prominent, aligning with prior
studies on treatment success and supervision.
These findings are consistent with the WHO
Global Tuberculosis Report 2022, which
highlights ongoing post-COVID-19 challenges,
including the need to strengthen DOTS strategies
47, Additionally, Parwati et al. (2021) emphasize
that combining direct observation with patient
empowerment models, such as the Health Belief
Model and Motivational Interviewing, can further
enhance treatment outcomes “®.

Health facility ownership also emerged as an
important determinant, supporting studies by
Lestari and Dewi which showed variations in
compliance with TB management standards
between public and private facilities in Indonesia
46,47 Although Partial Dependence Plots or SHAP
values were not produced in this study, the
variable importance plots still provide relevant
insights for evidence-based policy formulation.

Improving service quality requires stronger
supervision and the integration of predictive
tools into public health systems “ . The
Random  Forest model showed  stable
performance and reliable OOB accuracy. While

hyperparameter  tuning preserved overall
accuracy, consistent with Hossain & Timmer
(2021) and Pfob et al. (2022), challenges in
detecting the minority class remain, indicating
that tuning alone cannot fully resolve class
imbalance bias 5% >,

These findings demonstrate the feasibility of
automating TB service quality evaluation using
data-driven predictive models. The proposed
machine learning approach supports integration
into health information systems for precision
public health and risk-based monitoring, aligning
with efforts to enhance surveillance sensitivity
(Ahmad et al.) and advance loT-based risk
frameworks for TB elimination 5% 33,

Relevance to Previous Studies

Results confirm Random Forest reliability for
healthcare data with heterogeneous predictors
7. ldentified predictors align with previous
studies highlighting socioeconomic and health
system factors influencing TB outcomes 3% >,

The persistent emergence of the Anti-TB Drug
Regimen (OAT) as a main predictor aligns with
the findings of 5% which demonstrate that
patient adherence to OAT regimens is key to
achieving treatment success, preventing drug
resistance, and maintaining TB service quality
through strategies such as DOTS, PMO
supervision, and patient-centered support.

Implications for TB Prevention and Control

This study advances TB control by identifying key
predictors—anti-TB  drug regimen, facility
ownership, and patient age—that inform targeted
interventions at the primary care level. Aligned
with the WHO End TB Strategy, the model
highlights private facilities as higher-risk settings
and supports early detection of vulnerable
patients to improve prevention, contact tracing,
and treatment outcomes %’.

Contribution to the Public Health System

By leveraging predictive analytics, this study
enhances public health information systems and
offers actionable insights for integrating machine
learning models—such as Random Forest—into
HMIS. These models can strengthen early warning
systems and inform data-driven TB control
efforts, guiding policymakers in implementing
cross-sectoral strategies involving local
authorities, professional bodies, and private
healthcare regulators.

Limitations and Future Research Directions

Key limitations include lack of data balancing
techniques leading to poor minority class
detection, and absence of advanced
interpretability methods. External validation is
needed for generalizability assessment.
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Practical Recommendations
Key recommendations include:

e Strengthen supervision and audits,
especially in high-risk private facilities.

e Use the classification model as a
decision-support tool at local TB program
levels.

e Train data managers to apply key quality
indicators effectively.

¢ Improve interoperability for integration
into the national TB surveillance system.

CONCLUSIONS

This study developed a machine learning model
to classify the compliance of TB services with
national standards in Semarang City. Random
Forest achieved the most stable overall
performance, although all models showed limited
ability to identify the small number of non-
compliant cases due to the highly imbalanced
dataset. Despite these challenges, the analysis
consistently identified five significant predictors:
the anti-TB drug regimen, facility ownership,
diagnosis type, anatomical classification, and
patient age. These findings demonstrate that
machine learning can complement routine
supervision by identifying facilities that may
require closer attention. Although further
refinement is needed to improve sensitivity to
the minority class, the model offers an early
foundation for incorporating predictive analytics
into TB information systems. With stronger and
more balanced data, this approach has the
potential to support more timely and targeted TB
control efforts.
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