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Comparison of Tree-Based Machine Learning
Models for Classification of Tuberculosis Outcomes
in Brazil

Heloisa de Almeida Pereira

Abstract—Tuberculosis remains a significant public health
concern, recognized as a reemerging disease strongly associated
with socioeconomic conditions. According to the World Health
Organization, tuberculosis continues to be the leading cause
of death from a single infectious agent worldwide in 2025.
This study evaluates Random Forest, XGBoost, CatBoost,
and LightGBM for classifying four treatment outcomes (cure,
abandonment, death from tuberculosis, and death from other
causes) using 53,656 epidemiological records from Minas Gerais,
Brazil (2010-2024). A preprocessing pipeline was designed to
handle heterogeneous and high-cardinality variables. Models
were assessed with and without SMOTE balancing under 5-fold
stratified cross-validation, using accuracy, weighted F1-score,
and per-class recall as evaluation metrics. Without balancing, all
models achieved approximately 0.75 accuracy but failed to detect
minority outcomes. Experiments across multiple random seeds,
feature subset analysis, and temporal validation were conducted
to assess model robustness. With SMOTE, CatBoost achieved
the best overall performance, with the highest cross-validation
F1-score (0.7071 £ 0.0034) and improved recall for abandonment
and death outcomes. Results indicate that the combination of
clinical and socioeconomic features is essential for predictive
performance, and that data quality and class imbalance are the
main obstacles to reliable minority-class detection in tuberculosis
surveillance.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10507

Index Terms—Tuberculosis, machine learning, clinical out-
comes.

I. INTRODUCTION

UBERCULOSIS remains a significant concern in public

health, including in developed countries, which under-
scores the challenges related to its control [1]. According to
the World Health Organization (WHO), tuberculosis continues
to be the leading cause of death from a single infectious
agent worldwide in 2025, a position temporarily occupied
by COVID-19 [2]. The disease’s persistence reflects the in-
tersection of biological, social, and structural factors that
challenge public health systems. Studies indicate that countries
with lower per capita investment in healthcare and basic
infrastructure present higher incidence rates [3]-[5].
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In Brazil, the persistence of tuberculosis is related to the
level of socioeconomic development and to failures in the
organization and management of health systems [3], [6].
Minas Gerais, in particular, presents a widespread prevalence
of cases, with emphasis on the central macro-region, which
concentrated the highest occurrence in the state between 2015
and 2020 [6]. The occurrence of tuberculosis is driven by
social determinants, affecting vulnerable populations. Among
the main factors associated with late diagnosis and high
disease prevalence, the absence or insufficiency of basic health
services stands out [3], [6].

Recent advances in Artificial Intelligence (AI) have en-
abled machines to perform cognitive tasks with levels of
performance comparable to, and sometimes exceeding, human
capabilities [7]-[11]. As a field of computer science dedicated
to creating intelligent systems, Al has expanded its role across
multiple sectors, particularly in healthcare. Its applications
range from resource management and clinical research support
to diagnostic prediction and drug development [11], [12]. This
expansion has been driven by the growing availability of com-
putational infrastructure and the reduction of technology costs,
fostering the digital transformation of healthcare systems [13].
Machine learning (ML) and deep learning (DL) techniques
have been used to identify patterns in large-scale biomedical
and social datasets, supporting tasks such as disease prediction,
patient stratification, and optimization of treatment strategies
[14]-[16].

In public health, AI plays a role in identifying patterns
of social vulnerability, enabling data-driven and preventive
interventions focused on reducing inequalities in access to
healthcare [17]. Despite the growing body of research on
Al applied to tuberculosis, existing studies present techni-
cal gaps that limit their applicability to outcome prediction.
Most studies focus on tuberculosis detection using radio-
graphic data and deep learning architectures [18], leaving
treatment outcome classification underexplored, particularly
in real-world epidemiological data. Existing approaches also
prioritize disease detection over outcome classification and risk
factor identification. Studies that address treatment outcomes
rely on unidimensional socioeconomic indicators, which fail
to capture the interaction between social vulnerability and
clinical variables [19].

Motivated by these challenges, this study evaluates four
tree-based ensemble methods in classifying tuberculosis treat-
ment outcomes in Brazil: Random Forest, XGBoost, Cat-
Boost, and LightGBM. The investigation addresses class im-
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balance through the Synthetic Minority Oversampling Tech-
nique (SMOTE), assessing the capacity of these methods to
improve the identification of minority outcomes and contribute
to epidemiological surveillance. Tree-based ensemble meth-
ods suit this context because they handle heterogeneous and
imbalanced tabular data, require minimal preprocessing, and
provide feature importance metrics that support risk factor
identification.
The main contributions of this work are:

e A comparative evaluation of Random Forest, XGBoost,
CatBoost, and LightGBM for multiclass classification of
tuberculosis treatment outcomes using real-world epi-
demiological data.

o The design of a preprocessing pipeline integrating fre-
quency encoding, one-hot encoding, and feature stan-
dardization to handle heterogeneous and high-cardinality
variables.

e An analysis of the impact of class imbalance using
SMOTE, highlighting its role in improving minority class
detection.

e An experimental framework based on stratified cross-
validation, multiple random seeds, and ablation studies
to evaluate model stability and robustness.

o An investigation of the contribution of clinical and so-
cioeconomic features, demonstrating that their combina-
tion improves predictive performance.

II. RELATED WORKS

Tuberculosis remains a public health issue in Brazil, espe-
cially in contexts of social inequality. Freitas et al. [6] analyzed
records of adult pulmonary tuberculosis in Belo Horizonte,
using data from the Sistema de Informacdo de Agravos de
Notificacdo (Notifiable Diseases Information System) [20],
[21], covering the period from 2001 to 2020. The study found
that mandatory variables such as age, sex, and diagnostic tests
showed high completeness. However, variables for public pol-
icy planning, such as education level, race, and comorbidities,
had fair or insufficient completion. The limited quality of these
data weakens disease monitoring, hinders case control, and
restricts the identification of priority populations. The authors
highlight the need for strategies to improve data recording and
strengthen epidemiological surveillance systems.

From a technological standpoint, Hansun et al. [18] con-
ducted a systematic review to evaluate the performance of
Al-based methods for tuberculosis detection. The research
examined ML and DL algorithms applied to different data
modalities, including radiographic, molecular, and physiolog-
ical data.

A total of 152 studies published up to July 2023 were
analyzed, selected from Scopus [22], PubMed [23], and ACM
Digital Library [24] databases. Most works used radiographic
data (84.9%) and DL techniques (80.3%), with an emphasis
on convolutional neural networks such as VGG-16, ResNet-
50, and DenseNet-121. The models were evaluated using stan-
dard metrics: accuracy, sensitivity, specificity, and area under
the ROC curve (AUC). Reported results showed an average
model accuracy of 91.9%, sensitivity 92.8%, specificity 92.4%,
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and mean AUC 93.5%. Models employing transfer learning
showed more consistent performance and better results com-
pared to models trained from scratch. However, only one
study assessed the model robustness regarding the domain-
shift problem, limiting the generalization of results to real-
world data [18].

Studies combining ML and DL achieved better results in
some metrics, although still underexplored. The authors noted
that the predominance of radiographic data and the lack of
molecular or physiological data limit multimodal analysis.
Nevertheless, when available, multimodal approaches tend to
generalize better under standardized evaluation. The review
also highlights the importance of using explainable methods
(Explainable Artificial Intelligence — XAI), such as Grad-
CAM and LIME, to interpret model outputs and facilitate their
adoption in clinical settings. The conclusion reinforces that Al-
based methods show promising performance for tuberculosis
detection, but future studies should include evaluation on real-
world data, concrete clinical applications, and more diverse
data, particularly from neglected populations.

Strika et al. conducted a systematic review on the applica-
tion of Al in underserved regions [13], identifying three main
areas of impact: assisted screening and diagnosis, epidemio-
logical prediction and surveillance, and resource management
support. Kitsios et al. [11] highlight that technologies such
as deep learning algorithms, big data, and automated clinical
screening systems expand the reach of healthcare services,
particularly in vulnerable regions, optimizing the allocation
of professionals and infrastructure.

Finally, Citron et al. [19] argue that poverty, in its multiple
dimensions, influences tuberculosis incidence and outcomes.
The critical analysis of socioeconomic assessment methods
showed that most tuberculosis studies still use unidimensional
indicators, such as income, failing to capture the complexity of
individual deprivation. The authors advocate for the adoption
of multidimensional poverty indices adapted to local contexts
and for the standardization of data collection in epidemio-
logical research. The use of more comprehensive indicators
may help identify vulnerable groups, guide social policies, and
improve interventions aimed at combating tuberculosis.

III. METHODOLOGY

The methodological design of this study was structured
in six stages, as illustrated in Fig. 1. This framework was
designed to evaluate how tree-based ML algorithms can en-
hance the classification of tuberculosis treatment outcomes
and contribute to strengthening epidemiological surveillance
in Minas Gerais.

This approach integrates epidemiological analysis with com-
putational modeling, aiming to identify vulnerability patterns
and assess the algorithms in detecting cases at higher risk of
adverse outcomes.

The first stage consisted of a literature review, which exam-
ined healthcare inequality and access, particularly in Brazil,
as well as research addressing tuberculosis and the application
of Al models in public health. The objective was to identify
current challenges, assess the scientific relevance of the topic,
and support the theoretical foundation of the present study.
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Fig. 1. Proposed methodology workflow for the study: literature
review, data collection, data analysis, preprocessing, ML modeling,
and evaluation.

In the second stage, data were collected from the Tuber-
culosis dataset, which compiles epidemiological and clinical
information from confirmed cases. The third stage focused on
data analysis. At this point, the completeness and consistency
of the variables were evaluated, aiming to detect potential gaps
or inconsistencies that might affect the quality of the results.
This stage also served to validate the dataset and ensure its
suitability for modeling purposes.

The fourth stage involved data preprocessing, including
cleaning missing or inconsistent variables, normalizing vari-
able formats, and converting categorical data when necessary.

Finally, the fifth and sixth stages comprised the development
and evaluation of predictive models. Different ML algorithms
were trained and tested using a hold-out strategy (train-test
split), combined with stratified cross-validation applied to the
training set, to assess their performance in classifying tubercu-
losis treatment outcomes. The evaluation included an ablation
study to quantify the contribution of feature engineering and
SMOTE to model performance, a feature subset analysis com-
paring clinical, socioeconomic, and complete variable sets, and
a temporal analysis to assess model stability across different
notification periods. A comparative analysis of results was then
carried out, highlighting the models with the most reliable and
consistent performance metrics.

Random Forest [27], XGBoost [28], CatBoost [29], and
LightGBM [30] were selected for their robustness with hetero-
geneous datasets and nonlinear relationships, both common in
epidemiological data. These methods also provide feature im-
portance metrics that support the identification of clinical and
sociodemographic factors associated with treatment outcomes.

SMOTE was incorporated to address the class imbalance
between the majority outcome (Cure) and minority outcomes
(Abandonment and Death), enabling a more balanced eval-
uation of model performance on less frequent but clinically
critical cases.

A. Dataset

The dataset used to evaluate the occurrence of tuberculosis
in Minas Gerais refers to the registry of reported cases in the
state, covering the period from January 1, 2010, to April 4,
2024. This dataset was extracted from the Portal de Dados
Abertos do Estado de Minas Gerais (Open Data Portal of the
State of Minas Gerais), published on April 22, 2024 [25]. All

data were obtained from official governmental sources and
contain anonymized records, ensuring compliance with ethical
and data protection standards.

The first part of the data analysis consisted of validating
the dataset and verifying the completeness and consistency of
the variables. Variables with a high proportion of missing or
inconsistent values were excluded, as well as those without
direct analytical relevance to the study objectives. Further
details regarding the dataset structure, data dictionary, and
variables prior to the selection process are available in the
project repository [26]. The selected variables are shown in
Table L

TABLE I

VARIABLES IN THE TUBERCULOSIS DATASET
Variable Description Usage
ID_MUNICIP  Municipality of notification. Freq. encoded
ID_REGIONA  Regional health district. Categorical
ID_UNIDADE Reporting health unit. Freq. encoded
DT_DIAG Diagnosis date. Derived
NU_IDADE_N  Patient’s age at notification. Numerical
CS_SEXO Biological sex. Categorical
CS_RACA Race or skin color. Categorical
CS_ESCOL_N  Education level. Categorical
ID_MN_RESI  Municipality of residence. Freq. encoded
TRATAMENTO  Type of treatment entry. Categorical
CULTURA_ES  Result of culture test. Categorical
HISTOPATOL  Result of histopathology. Categorical
DT_INIC_TR  Start date of treatment. Derived
SITUA_ENCE Case outcome or closure. Target
FORMA Clinical form (pulmonary, extra- Categorical

pulmonary, both).

AGRAVAIDS AIDS comorbidity. Categorical
AGRAVALCOO  Alcoholism comorbidity. Categorical
AGRAVDIABE Diabetes comorbidity. Categorical
AGRAVDOENC  Mental disorder comorbidity. Categorical
AGRAVOUTRA  Other comorbidities. Categorical
HIV HIV test result. Categorical

Categorical: one-hot encoded.

Freq. encoded: converted to relative frequency.
Derived: used to compute tempo_inicio_trat.
Numerical: used as-is after standardization.

Target: outcome variable.

The final dataset, after validation and exclusion of inconsis-
tent records, comprises 53,656 samples and 19 variables, of
which 5 are numerical and 14 are categorical. A total of 1,595
missing values were identified across the dataset, concentrated
primarily in sociodemographic fields such as education level,
race, and comorbidities, which are non-mandatory fields in the
notification system, a pattern consistent with findings reported
by Freitas et al. [6].

To further explore the dataset, a series of descriptive and
exploratory analyses was performed to identify epidemiologi-
cal patterns, frequency distributions, and possible associations
among clinical, sociodemographic, and geographic factors.
These analyses were guided by the following research ques-
tions:

1) Distribution of cases with and without comorbidities:
The relative frequency of tuberculosis cases presenting
comorbidities such as HIV, AIDS, alcoholism, diabetes,
mental disorders. This step aimed to quantify the comor-
bidity burden among individuals diagnosed with tuber-
culosis and to explore potential relationships between the



PEREIRA et al.: COMPARISON OF TREE-BASED MACHINE LEARNING MODELS FOR CLASSIFICATION OF TUBERCULOSIS

disease and other health conditions that may influence
its progression.

2) Cure rate among patients with and without comorbidi-
ties: The proportion of cases with the outcome ‘“‘cure”
was calculated within each comorbidity group and com-
pared to patients without associated conditions. This
comparison sought to determine whether the presence of
comorbidities adversely affects treatment success rates.

3) Occurrence of deaths according to profile: The absolute
and relative frequencies of deaths attributed to tubercu-
losis were calculated across groups with and without
comorbidities. This comparison aimed to assess the
effect of pre-existing health conditions on tuberculosis
mortality.

4) Annual evolution of notifications between 2010 and
2023: Records from 2024 were excluded due to incom-
plete data availability (records up to April only). The
time series enabled the visualization of temporal trends
in the number of tuberculosis notifications over the 14-
year period.

5) Annual percentage variation in reported cases: The year-
to-year relative variation in case numbers was calcu-
lated and expressed in both absolute and percentage
terms. This measure provided insight into the periods
of increase and decline in tuberculosis notifications over
time.

6) Distribution by educational level: The educational levels
were organized into incomplete/complete primary, sec-
ondary, and higher education. The relative proportions
of each category were calculated to describe the educa-
tional profile of the reported population.

7) Distribution by clinical form of tuberculosis: Classify
cases as pulmonary, extrapulmonary, or mixed. This
allowed evaluation of the prevalence of different clinical
manifestations across the dataset.

8) Distribution by biological sex: Aiming to identify sex-
related differences in tuberculosis occurrence.

9) Distribution by age group: The relative frequency of
each age group was computed to identify which de-
mographic segments exhibited the highest number of
reported cases.

All these descriptive analyses contributed to a clearer and
more comprehensive understanding of the population affected
by tuberculosis. They enabled the identification of key epi-
demiological patterns and highlight existing sociodemographic
disparities. The insights gained from this stage served as
a foundation for the following phases of the study, which
focused on applying ML models.

B. Proposed Architecture

Fig. 2 shows the structure adopted for tuberculosis outcome
classification. The architecture defines the data flow from
preprocessing to model evaluation.

The process starts with the input dataset and applies text
normalization, missing data imputation, feature transforma-
tion, categorical encoding, and numerical standardization.

A stratified hold-out split separates training and test sets.
The training set supports model development under a Stratified
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K-Fold cross-validation scheme, with SMOTE applied only to
the training partitions.

The test set remains unchanged and supports final evalua-
tion. All models follow the same processing structure.

C. Implementation Platform

All experiments were conducted in Python [31] within the
Jupyter Notebook environment [32], on a local workstation
equipped with an AMD Ryzen 7 4800H processor (2.90 GHz,
8 cores) and 16 GB of RAM. Data manipulation and pre-
processing were performed using pandas [33], NumPy [34],
unidecode [35], and openpyxl [36]. Pipeline construc-
tion, cross-validation, and performance metrics were handled
by scikit-learn [37], with additional statistical support
from scipy [38]. Class imbalance was addressed using the
imbalanced-learn library [39]. Exploratory data analysis
and visualization were performed using matplotlib [40],
seaborn [41], and folium [42] for geospatial mapping.

The evaluated models were implemented using their respec-
tive libraries: scikit—-learn for Random Forest, xgboost
[28], catboost [29], and 1ightgbm [30]. The complete
list of libraries and their respective versions is available in the
project repository [26].

D. Preprocessing

Data preprocessing was performed in multiple steps to
ensure that the tuberculosis dataset was consistent, standard-
ized, and ready for modeling. First, the text in categorical
variables was normalized by removing accents, trimming un-
necessary spaces, and replacing blank spaces with underscores.
Subsequently, only cases belonging to the relevant treatment
outcomes were selected: Cure, Death from tuberculosis, Death
from other causes, and Abandonment. Records outside this
range were excluded.

Next, the date variables (DT_DIAG and DT_INIC_TR)
were converted into a standard datetime format. From them,
a new variable was derived: the time to treatment initiation,
calculated as the number of days between diagnosis and the
start of treatment. Missing values in this variable were imputed
using the median to mitigate the impact of outliers, and
duplicate entries were removed to avoid redundancy.

For categorical variables with a large number of unique
values, such as municipality (ID_MUNICIP), health unit (ID_
UNIDADE), and place of residence (ID_MN_RESTI), fre-
quency encoding was applied. This approach converted each
category into its relative frequency within the dataset, help-
ing models handle these high-cardinality variables efficiently.
Variables with fewer unique categories, including sex, race,
education level, clinical form, and presence of comorbidities,
were preserved for later encoding.

Subsequently, a hold-out strategy was adopted, and the
dataset was divided into training and testing subsets using an
80/20 stratified split, ensuring that the class distribution was
preserved across both sets. This resulted in 42,924 samples
for training and 10,732 samples for testing, with consistent
proportions in each subset.
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Fig. 2. Proposed architecture for the study: from data source and preprocessing through exploratory analysis, stratified hold-out split, SMOTE-

based cross-validation, model training, and evaluation.

In the training set, Cure accounts for 31,663 cases (73.77%),
followed by Abandonment with 6,262 cases (14.59%), Death
from other causes with 2,810 cases (6.55%), and Death from
tuberculosis with 2,189 cases (5.10%). A similar distribution
is observed in the test set, with 7,917 cases (73.77%) for Cure,
1,566 (14.59%) for Abandonment, 702 (6.54%) for Death from
other causes, and 547 (5.10%) for Death from tuberculosis, as
shown in Fig. 3.

100

Dataset
B Train

” . B Test
73.8% 73.8% = Train + SMOTE

N
S

Percentage (%)
=5

25.0% 25.0% 25.0% 25.0%

I~}
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51% 5.1% 6.5% 6.5%

0 Death from TB

Class

Abandonment Cure Other Deaths

Fig. 3. Percentage distribution of tuberculosis outcome classes across
the original dataset, training and test partitions, and the training set
after SMOTE-based balancing.

Distribution analyses of all variables are available in the
project repository [26]. Fig. 4 presents the probability density
functions of patient age and treatment initiation delay. The
age distribution approximates a normal curve, with mean 43.8
years and median 43.0 years. The treatment initiation delay

distribution is right-skewed, with median 0.0 days and mean
2.0 days, indicating that most patients began treatment without
delay.

To address the predominance of the Cure class, SMOTE
was applied exclusively to the training data, using
k_neighbors=5. After resampling, all classes became
equally represented with 31,663 samples each (25.00%),
totalling 126,652 training samples. No undersampling of the
majority class was performed.

For feature transformation, a ColumnTransformer was de-
fined to process categorical and numerical variables in paral-
lel. Categorical variables with low cardinality were encoded
using One-Hot Encoding, converting each category into binary
features. Numerical variables, including age, time to treatment
initiation, and frequency-encoded attributes, were standardized
using StandardScaler, ensuring zero mean and unit variance.
These transformation steps were incorporated into a Pipeline
structure together with the classifier, ensuring that all transfor-
mations are learned exclusively from the training data and ap-
plied consistently during evaluation. For experiments involving
class balancing, an ImbPipeline was used to include SMOTE
between preprocessing and model training, guaranteeing that
oversampling is performed only on transformed training data
and preventing data leakage.

A Stratified K-Fold cross-validation strategy (K = 5) was
applied to the training set. In each fold, the complete pipeline:
preprocessing, optional SMOTE, and model training, was fitted
on the training partition and evaluated on the validation parti-
tion. Stratification ensures that class proportions are preserved
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Fig. 4. Probability density functions of the continuous variables analyzed in this study: (a) age distribution, with mean and median values
of 43.8 and 43.0 years, respectively; and (b) treatment initiation delay (days), showing a right-skewed distribution with mean and median
values of 2.0 and 0.0 days. Dashed and dotted vertical lines indicate the mean and median, respectively.

across all folds, providing a more stable estimate of model
performance.

E. Model Evaluation

In the modeling stage, Random Forest, XGBoost, CatBoost,
and LightGBM were used to classify treatment outcomes for
tuberculosis patients. Each model was tested under two distinct
conditions: (1) using the original imbalanced data distribution
and (2) applying SMOTE to mitigate class imbalance by
generating synthetic samples for minority classes.

The outcome variable was encoded using LabelEncoder
to ensure numerical compatibility across all models, without
altering class semantics.

The hyperparameters used for each model are summarized
in Table II. Random Forest was configured with 200 decision
trees and balanced class weights. XGBoost was set with 300
estimators, a learning rate of 0.1, and a maximum depth of 6,
using mlogloss as the evaluation metric. CatBoost was defined
with 300 iterations, a learning rate of 0.1, and a depth of 6,
adopting MultiClass as the loss function. Finally, LightGBM

was configured with 300 estimators, a learning rate of 0.1,
and no explicit depth limit (max_depth = -1), allowing trees
to grow according to data-driven constraints. A multiclass
objective with balanced class weights was adopted to handle

class imbalance.

TABLE 11
HYPERPARAMETERS USED IN THE EVALUATED MODELS
Model Parameter Value
n_estimators 200
Random Forest class_weight  balanced
n_estimators 300
XGBoost learning_rate 0.1
max_depth 6
iterations 300
CatBoost learning_rate 0.1
depth 6
n_estimators 300
. learning_rate 0.1
LightGEM max_depth -1
class_weight  balanced
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Random Forest builds an ensemble of decision trees,
each trained on a bootstrap sample of the dataset. At each
node split, the algorithm considers only a random sub-
set of features, reducing correlation among trees and con-
trolling variance. This study uses 200 estimators and sets
class_weight=balanced, which adjusts sample weights
inversely proportional to class frequencies, compensating for
the predominance of the Cure class without resampling.

XGBoost builds trees sequentially, each fitted to the negative
gradient of the loss function from the previous iteration. For
multiclass problems, the loss function corresponds to softmax
cross-entropy (mlogloss). The learning rate of 0.1 controls
the contribution of each tree, while the maximum depth of
6 constrains tree complexity to reduce overfitting. In addi-
tion, XGBoost incorporates regularization and subsampling
mechanisms that improve generalization and robustness when
handling structured tabular data.

CatBoost processes categorical features through ordered
target statistics computed on permuted subsets of the training
data, so the encoding of each sample depends only on preced-
ing observations. This ordered boosting strategy reduces the
risk of target leakage and prediction shift. The configuration
uses 300 iterations, learning rate 0.1, depth 6, and the Mul-
tiClass loss function with softmax output, directly optimizing
the model for the four-class task.

LightGBM grows trees leaf-wise, expanding the leaf with
the highest loss reduction at each step. Two mechanisms
distinguish it from other boosting implementations: Gradient-
based One-Side Sampling (GOSS), which retains instances
with large gradients and subsamples those with small gradi-
ents, and Exclusive Feature Bundling (EFB), which reduces
dimensionality by merging mutually exclusive sparse features.
Setting max_depth=-1 allows the algorithm to determine
tree depth from data, which may contribute to its sensitivity
to class distribution and the large performance gap observed
between the unbalanced and SMOTE conditions.

The four algorithms represent distinct approaches to ensem-
ble learning: Random Forest reduces variance through bagging
and averaging; XGBoost and CatBoost reduce bias through
sequential boosting with regularization; LightGBM prioritizes
computational efficiency through histogram approximations
and selective sampling. All four produce feature importance
scores and handle nonlinear interactions in tabular data, which
meets the interpretability and robustness requirements of epi-
demiological classification tasks.

The hyperparameters used in this study were defined
through a manual tuning process. Different configurations
were empirically tested for each model, and their performance
was evaluated based on cross-validation results and classifica-
tion metrics. These values follow common choices reported
in tabular data literature. XGBoost, CatBoost, and LightGBM
used a learning rate of 0.1, a default value that controls the
step size at each iteration, shrinking the contribution of each
new tree while providing stable convergence. XGBoost and
CatBoost used a maximum depth of 6, a common default
that limits tree complexity while capturing interactions among
predictor variables. LightGBM kept max_depth = -1, letting
the leaf-wise growth strategy determine tree structure directly
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from the data.

The number of estimators balanced predictive performance
and computational cost. Random Forest used 200 trees; the
boosting algorithms used 300. These configurations produced
stable results, with standard deviations below 0.005 across
folds and random seeds. The use of class_weight=balanced in
Random Forest and LightGBM served as a baseline strategy
for handling class imbalance, allowing the contribution of
SMOTE to be isolated from algorithm-level weighting. This
study did not perform systematic hyperparameter optimization
(grid search or Bayesian optimization with nested cross-
validation); results compare the algorithms under a common
set of empirically chosen configurations rather than individu-
ally optimized settings.

The models were evaluated using accuracy, precision, recall,
and weighted Fl-score, with confusion matrices generated
to provide a detailed view of class-specific performance and
reveal misclassification patterns. In addition to the main evalu-
ation, a cross-validation analysis was conducted on the training
set to assess model stability and generalization. An ablation
study was performed to quantify the contribution of individual
preprocessing steps, and a feature subset analysis compared
three configurations: clinical variables only, socioeconomic
variables only, and the complete feature set. A temporal split
validation was also carried out to assess model robustness un-
der a chronological data partition, simulating a more realistic
deployment scenario. Beyond the computational evaluation,
the results were examined for their practical implications in
public health, given that the early identification of abandon-
ment or death risk is essential to guide targeted interventions
and optimize healthcare resource allocation.

IV. RESULTS AND DISCUSSION

This section presents and discusses the performance results
obtained from the ML models applied to tuberculosis treatment
outcomes. The classification task considered four possible out-
comes: Abandonment (0), Cure (1), Death from tuberculosis
(2), and Death from other causes (3).

A. Data Analysis

The graphs and detailed analyses supporting the findings
described in this section are available in the project repository
[26].

The data analysis identified clear social and clinical dispar-
ities. Abandonment and death were concentrated in specific
patient profiles. The highest proportions occurred among men
aged 25-44 years, representing the economically active group.
Individuals with low education levels, especially those with
only primary education or no formal schooling, exhibited
higher abandonment rates. These results indicate that socioe-
conomic conditions directly influence treatment continuity,
consistent with the findings reported by Queiroz et al. and
Biggs et al. [3], [5].

Alcohol use disorder was one of the strongest factors asso-
ciated with abandonment. Patients with a history of alcoholism
were more likely to discontinue therapy. Additionally, mental
health disorders were frequently observed, often co-occurring
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with alcohol use, which further compromised treatment adher-
ence.

Deaths were mainly associated with HIV co-infection and
delayed treatment initiation. Patients who started therapy more
than 60 days after diagnosis showed higher mortality. Among
HIV-positive individuals, deaths accounted for a larger propor-
tion of total outcomes compared with other groups.

Both abandonment and death were more frequent among
patients with lower education levels. These same groups
also had higher rates of missing information, especially in
education and occupation variables, which limits the analysis
and the model’s ability to identify risk patterns.

Overall, the results indicate that social vulnerability, comor-
bidities, and delayed treatment are the key factors associated
with abandonment and death in tuberculosis cases.

Informed by these findings, models were trained to classify
tuberculosis treatment outcomes. However, because abandon-
ment and death are infrequent and often linked to incomplete
socioeconomic data, the dataset remained inherently unbal-
anced. This imbalance impacted model performance, causing
algorithms to prioritize the majority class (Cure) and reducing
sensitivity for minority outcomes. The following subsections
detail the performance of each model, emphasizing their
capacity to detect abandonment and death.

B. Random Forest

Random Forest achieved an accuracy of 0.7461, with high
recall for Cure (0.9704) and low recall for the minority classes:
Abandonment (0.1596), Death from tuberculosis (0.0402), and
Death from other causes (0.0741), as shown in Table III. The
confusion matrix shows that most abandonment and death
cases were misclassified as cure, reflecting the influence of
class imbalance (Fig. 5).

TABLE III
RANDOM FOREST - CLASSIFICATION REPORT
Class Precision  Recall  Fl-score
0 0.5230 0.1596 0.2446
1 0.7621 0.9704 0.8537
2 0.5116 0.0402 0.0746
3 0.4031 0.0741 0.1252
Accuracy 0.7461

To ensure a consistent interpretation in the multiclass set-
ting, the elements of the confusion matrix were computed
using a one-vs-rest approach. For each outcome, the class of
interest was considered the positive class, while the remaining
outcomes were grouped as negative. Thus, for a given outcome
(e.g., abandonment), correctly predicted cases of that outcome
were counted as true positives, cases incorrectly assigned to
that outcome were considered false positives, cases of that
outcome predicted as other categories were treated as false
negatives, and all remaining correctly classified instances were
considered true negatives. This procedure was consistently
applied to all outcomes, namely cure, abandonment, death
from tuberculosis, and death from other causes.

After applying SMOTE, as detailed in Table IV, accuracy
decreased to 0.7229, but recall improved for the minor-
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Fig. 5. Confusion matrix of the Random Forest model for the four
tuberculosis outcomes: 0 - Abandonment, 1 - Cure, 2 - Death from
TB, and 3 - Death from other causes.

ity classes (abandonment: 0.2433, death from tuberculosis:
0.1261, death from other causes: 0.1994).

TABLE IV
RANDOM FOREST WITH SMOTE - CLASSIFICATION
REPORT
Class Precision Recall F1-score
0 0.3965  0.2433  0.3015
1 0.7863  0.9054  0.8417
2 0.3350  0.1261  0.1833
3 0.3118  0.1994  0.2433
Accuracy 0.7229

The confusion matrix shows more true positives for critical
outcomes (Fig. 6). This indicates that balancing partially
corrected the bias toward the majority class, at the cost of
higher misclassification among cured cases.

In summary, Random Forest captured the general structure
of the dataset but remained limited by the imbalance and
missing socioeconomic data, particularly affecting predictions
of abandonment and death.

C. XGBoost

XGBoost achieved 0.7486 accuracy and high recall for Cure
(0.9596). Recall for Abandonment (0.1839) and the two death
outcomes (0.1225 and 0.1168) remained low (Table V). The
confusion matrix shows the same concentration of predictions
in the majority class (Fig. 7).

With SMOTE, accuracy slightly decreased to 0.7395, but
recall improved for abandonment (0.2369), death from tuber-
culosis (0.1335), and death from other causes (0.2051) (Table
VI). The model preserved precision while improving minority-
class detection, showing good adaptation to oversampled data
(Fig. 8).
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Fig. 6. Confusion matrix of the Random Forest model trained on
the SMOTE-balanced dataset for the four tuberculosis treatment
outcomes: 0 - Abandonment, 1 - Cure, 2 - Death from TB, and 3 -
Death from other causes.

TABLE V

XGBOOST - CLASSIFICATION REPORT
Class Precision ~ Recall ~ Fl-score

0 0.5115 0.1839 0.2705

1 0.7734 0.9596 0.8565

2 0.5276 0.1225 0.1988

3 0.3744 0.1168 0.1781
Accuracy 0.7486

D. CatBoost

CatBoost without SMOTE reached an accuracy of 0.7522,
with recall of 0.9697 for Cure and 0.1775, 0.0878, and 0.0997
for the three minority classes (Table VII). As in the previous
models, most abandonment and death cases were predicted as
Cure. (Fig. 9).

With SMOTE, accuracy decreased to 0.7301, while recall
for the minority classes increased (abandonment: 0.2656, death
from tuberculosis: 0.1463, death from other causes: 0.2308)
(Table VIII). The confusion matrix (Fig. 10) confirms this
redistribution. CatBoost also showed stable weighted averages,
indicating consistency across different resampling strategies.

Overall, CatBoost achieved a better compromise between
classes, showing balanced recall values while maintaining
general accuracy, making it one of the most reliable models

TABLE VI
XGB0oOST WITH SMOTE - CLASSIFICATION REPORT

Class Precision  Recall ~ Fl-score
0 0.4673 0.2369 0.3144
1 0.7851 0.9281 0.8507
2 0.3946 0.1335 0.1995
3 0.3655 0.2051 0.2628
Accuracy 0.7395
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Fig. 7. Confusion matrix of the XGBoost model for the four tuber-
culosis treatment outcomes: 0 - Abandonment, 1 - Cure, 2 - Death
from TB, and 3 - Death from other causes.
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Fig. 8. Confusion matrix of the XGBoost model trained on the
SMOTE-balanced dataset for the four tuberculosis treatment out-
comes: 0 - Abandonment, 1 - Cure, 2 - Death from TB, and 3 -
Death from other causes.

in this analysis.

E. LightGBM

LightGBM exhibited performance distinct from the other
models. Without SMOTE, accuracy was 0.5905, with low
recall for Cure (0.6355) and higher recall for the death classes
(0.4406, 0.4330) (Table IX).

The confusion matrix (Fig. 11) reveals significant misclas-
sification across classes, indicating that the model struggled to
separate boundaries effectively under strong imbalance, likely
due to aggressive class weighting.
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TABLE VII
CATBOOST - CLASSIFICATION REPORT
Class Precision  Recall  Fl-score
0 0.5505 0.1775 0.2685
1 0.7698 0.9697 0.8582
2 0.5854 0.0878 0.1526
3 0.4070 0.0997 0.1602
Accuracy 0.7522
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Fig. 9. Confusion matrix of the CatBoost model for the four tuber-
culosis treatment outcomes: 0 - Abandonment, 1 - Cure, 2 - Death
from TB, and 3 - Death from other causes.

After applying SMOTE, accuracy increased to 0.7432, and
recall improved for Cure (0.9406), while also improving
overall reliability (Table X). This suggests that LightGBM is
more sensitive to resampling methods, as shown in Fig. 11,
and benefits substantially from balanced training data.

This behavior indicates that LightGBM depends strongly
on data balancing to achieve reliable performance across all
outcomes.

FE. Ablation Study

An ablation study was conducted using a Random Forest
classifier as a fixed baseline model to evaluate the contribu-
tion of feature engineering and data balancing with SMOTE.
By keeping the model unchanged, the analysis isolates the
impact of data representation and class imbalance handling
on predictive performance. Experiments were repeated with
multiple random seeds to evaluate performance variability.

Table XI presents the results in terms of cross-validation
performance and test performance averaged over five different
seeds.

Feature engineering produced a small increase in perfor-
mance compared to the baseline. In contrast, the addition
of SMOTE resulted in a larger improvement, indicating the
impact of class imbalance on the task.
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TABLE VIII
CATBOOST WITH SMOTE - CLASSIFICATION REPORT
Class Precision Recall Fl1-score
0 0.4411 0.2656  0.3316
1 0.7929  0.9065  0.8459
2 0.3306  0.1463  0.2028
3 0.3273  0.2308  0.2707
Accuracy 0.7301
7000
6000
0{ 416 1044 26 80
5000
< 1 440 7177 89 211
e t 4000
o
()
~
F 24 39 386 80 42 r 3000
r 2000
34 48 445 47 162
- . - . r 1000
0 1 2 3
Predicted label

Fig. 10. Confusion matrix of the CatBoost model trained on the
SMOTE-balanced dataset for the four tuberculosis treatment out-
comes: 0 - Abandonment, 1 - Cure, 2 - Death from TB, and 3 -
Death from other causes.

Additionally, the low standard deviation across cross-
validation and test runs indicates stable performance across
different random initializations.

G. Feature Subsets

Using the same Random Forest configuration, experiments
were conducted with different subsets of input variables: (i)
clinical features, (ii) socioeconomic features, and (iii) the
complete feature set, as shown in Table XII.

The results indicate that both clinical and socioeconomic
features contribute to predictive performance, but neither is
sufficient alone. Models trained with only clinical variables
showed the lowest performance, suggesting that clinical infor-
mation alone does not fully capture the factors associated with
treatment outcomes.

Socioeconomic features yielded better results, reinforcing
the influence of social vulnerability identified in the data anal-
ysis. However, the best performance was achieved using the
complete feature set, indicating that combining both sources of
information is essential. These results reinforce findings from
the theoretical background: social vulnerability and clinical
variables interact in ways that unidimensional indicators fail
to capture [18], [19].
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TABLE IX
LIGHTGBM - CLASSIFICATION REPORT
Class Precision  Recall  Fl-score
0 0.3240 0.4860 0.3888
1 0.8685 0.6355 0.7339
2 0.1966 0.4406 0.2719
3 0.2229 0.4330 0.2943
Accuracy 0.5905
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Fig. 11. Confusion matrix of the LightGBM model for the four
tuberculosis treatment outcomes: 0 - Abandonment, 1 - Cure, 2 -
Death from TB, and 3 - Death from other causes.

H. Temporal Analysis

To evaluate model generalization under realistic temporal
conditions, a walk-forward validation strategy was applied. At
each iteration, the model was trained on all records prior to
year ¢ and tested on records from year ¢, with ¢ ranging over
the available years in the dataset. Years with fewer than 30
test records were excluded. SMOTE was applied exclusively
to the training set within each fold to prevent data leakage.

Fig. 13 presents the weighted F1-score and per-class recall
across test years.

Performance varied across years, reflecting distributional
shifts in the data over time. The weighted F1-score remained
generally below the values obtained in the random split
setting, consistent with the increased difficulty of temporal
generalization, with a more pronounced decline observed in
the most recent years (2022-2024). Recall for Cure remained
the highest across all years. Recall for Abandonment showed
moderate but unstable values, while recall for Death from tu-
berculosis and Death from other causes remained consistently
low throughout the evaluation period, indicating limited model
sensitivity to these rare outcomes under temporal shift. These
results confirm that class imbalance and data heterogeneity
across years constitute the main obstacles to reliable minority-
class detection in a prospective deployment scenario.

This decline in the most recent years reflects three factors.
First, the COVID-19 pandemic disrupted tuberculosis surveil-

TABLE X
LIGHTGBM wITH SMOTE - CLASSIFICATION REPORT
Class Precision  Recall Fl1-score
0 0.4769 0.2171 0.2984
1 0.7814 0.9406 0.8537
2 0.4400 0.1207 0.1894
3 0.3628 0.1752 0.2363
Accuracy 0.7432
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Fig. 12. Confusion matrix of the LightGBM model trained on
the SMOTE-balanced dataset for the four tuberculosis treatment
outcomes: 0 - Abandonment, 1 - Cure, 2 - Death from TB, and 3 -
Death from other causes.

lance in Brazil during 2020-2022: case notifications dropped
13% in 2020 and 9% in 2021, and studies estimate around
20,000 TB cases went undiagnosed nationally between April
2020 and December 2021 [43], [44]. This disruption created
a temporal distribution shift between the training data from
earlier years and the 2022-2024 test sets. Second, the walk-
forward scheme uses a cumulative training window, so the
model progressively incorporates data from different reporting
regimes, which reduces its sensitivity to the most recent
patterns.

Third, the low prevalence of Death from tuberculosis and
Death from other causes makes yearly recall estimates highly
sensitive to small variations in case counts under a temporal
split. This explains the noisy and consistently low recall curves
for these classes. Prospective deployment requires periodic
retraining and targeted monitoring of minority-class recall,
since aggregate metrics such as accuracy or weighted F1-score
can mask clinically important degradation in rare-outcome
detection.

1. Model Comparison

Tables XIII and XIV summarize the comparative perfor-
mance of all evaluated models. The metrics include weighted
precision, weighted recall, weighted Fl-score, and overall
accuracy, which represent the average performance across all
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Fig. 13. Walk-forward temporal validation: weighted F1-score and per-class recall across test years.

TABLE XI
ABLATION STUDY: IMPACT OF FEATURE ENGINEERING
AND SMOTE ON WEIGHTED F1-SCORE (RANDOM
FOREST, FIVE RANDOM SEEDS)

Config. CV F1 Std 95% CI Test F1 Std

Baseline 0.6745 0.0026 (0.671, 0.678) 0.6707 0.0016
+ FE 0.6767 0.0025 (0.674, 0.680) 0.6774 0.0028
+ FE + SMOTE 0.6940 0.0036 (0.690, 0.699) 0.6912 0.0027

TABLE XII
WEIGHTED F1-SCORE BY FEATURE SUBSET (CLINICAL,
SOCIOECONOMIC, COMPLETE) USING RANDOM FOREST

WITH SMOTE
Subset CV FI Std 95% CI Test F1 Std
Clinical 0.6254  0.0030 (0.622, 0.629) 0.6208  0.0042
Socioeconomic  0.6431  0.0046 (0.637, 0.649) 0.6433  0.0023
Complete 0.6933  0.0024 (0.690, 0.696)  0.6923  0.0027

outcome classes while accounting for their unequal frequen-
cies in the dataset.

To further assess model robustness, a 5-fold cross-validation
procedure was conducted. Table XV presents the mean
weighted Fl-score, standard deviation, and 95% confidence
intervals for each model.

Cross-validation results indicate low variability across folds,
with standard deviations below 0.005 for all models, confirm-

TABLE XIII
WEIGHTED PRECISION, WEIGHTED RECALL, F1-SCORE,
AND ACCURACY OF ALL MODELS WITHOUT SMOTE

Model W. Prec. W.Rec. W.Fl Acc.

Random Forest 0.6977 0.7475 0.6791  0.7475

XGBoost 0.6965 0.7495 0.6944  0.7495

CatBoost 0.7074 0.7530  0.6925 0.7530

LightGBM 0.7077 0.5852 0.6260  0.5852
TABLE XIV

WEIGHTED PRECISION, WEIGHTED RECALL, F1-SCORE,
AND ACCURACY OF ALL MODELS WITH SMOTE

Model W. Prec. W.Rec. W.Fl Acc.

Random Forest 0.6771 0.7238 0.6914  0.7238
XGBoost 0.6924 0.7401 0.7013  0.7401
CatBoost 0.6892 0.7308 0.7013  0.7308
LightGBM 0.6910 0.7423 0.6989  0.7423

ing stable and consistent performance. Confidence intervals
were narrow, reinforcing the reliability of the estimates.
Across both test and cross-validation results, XGBoost and
CatBoost achieved the best balance between accuracy and
recall. CatBoost with SMOTE obtained the highest mean F1-
score, followed by XGBoost and LightGBM with SMOTE.
Random Forest showed consistent but lower sensitivity to
minority outcomes, while LightGBM demonstrated the largest
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TABLE XV
5-FOLD CROSS-VALIDATION PERFORMANCE

Model Mean F1 Std 95% CI

Random Forest 0.6780 0.0028  (0.6741, 0.6819)
Random Forest + SMOTE 0.6930 0.0039  (0.6876, 0.6984)
XGBoost 0.6976 0.0027  (0.6939, 0.7014)
XGBoost + SMOTE 0.7048 0.0029  (0.7007, 0.7088)
CatBoost 0.6933 0.0042  (0.6874, 0.6992)
CatBoost + SMOTE 0.7071 0.0031  (0.7028, 0.7113)
LightGBM 0.6353 0.0016  (0.6331, 0.6376)
LightGBM + SMOTE 0.7025 0.0012  (0.7008, 0.7042)

improvement after applying SMOTE, indicating strong depen-
dence on data balancing.

Overall, the results demonstrate that model performance is
influenced more by data characteristics than by the choice of
algorithm. Class imbalance, missing information, and feature
representation play a central role in predictive performance.

The extended evaluation framework, including multi-seed
experiments, feature subset analysis, and temporal validation,
reveals that combining clinical and socioeconomic data is
essential for improving generalization. Furthermore, while
SMOTE consistently improves the detection of minority out-
comes, predicting rare events such as abandonment and death
remains a challenging task, particularly under real-world tem-
poral shifts.

CONCLUSIONS

This study evaluated the potential of tree-based ML models
to classify tuberculosis treatment outcomes in Minas Gerais
and examined how data imbalance and socioeconomic dis-
parities shape predictive performance. The exploratory anal-
ysis showed that abandonment and death are concentrated
in specific groups, especially individuals with low education,
alcohol use disorder, HIV co-infection, and delayed treatment
initiation. These patterns highlight structural vulnerabilities
that directly influence outcome distribution within the dataset.

Across all models, performance was affected by the predom-
inance of the Cure class and by missing information in key
socioeconomic variables. Without balancing, the algorithms
achieved high recall for the majority class but low sensitivity
for abandonment and death. After applying SMOTE, recall
for minority outcomes improved, albeit at the expense of
reduced overall accuracy. CatBoost and XGBoost exhibited
the most stable results, while LightGBM showed the largest
improvement after oversampling.

From our perspective, cross-validation results provide the
most reliable basis for comparing models, as they reflect
performance across multiple data partitions rather than a
single split. CatBoost with SMOTE achieved the highest mean
weighted Fl-score of 0.7071 (95% CI: 0.7028-0.7113), fol-
lowed by XGBoost with SMOTE at 0.7048 (95% CI: 0.7007-
0.7088) and LightGBM with SMOTE at 0.7025 (95% CI:
0.7008-0.7042). Standard deviations remained below 0.005
across all configurations, confirming stable generalization
across folds. Without SMOTE, LightGBM yielded a mean F1-
score of only 0.6353, the lowest among all configurations,
which indicates that its leaf-wise growth strategy requires
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balanced training data to function reliably. CatBoost main-
tained consistent performance under both conditions, reflecting
the advantage of its ordered boosting strategy in handling
heterogeneous and imbalanced tabular data. The ablation study
reinforces this interpretation: SMOTE produced a larger F1-
score gain than feature engineering alone, raising the Ran-
dom Forest baseline from 0.6767 to 0.6940, which shows
that correcting class imbalance contributes more to predictive
performance than encoding refinements when the outcome
distribution is heavily concentrated in one class. The fea-
ture subset analysis confirms that clinical and socioeconomic
variables each contribute independently: the complete feature
set reached a cross-validation Fl-score of 0.6933, against
0.6254 for clinical-only and 0.6431 for socioeconomic-only
configurations.

The findings suggest that algorithmic performance relies not
only on model choice but also on the quality and completeness
of epidemiological data. The models were able to capture
general patterns but remained limited in identifying high-risk
cases, reflecting gaps in the underlying dataset. Improving
data completeness, especially for education, occupation, and
behavioral variables, may enhance the detection of vulnerable
groups and strengthen predictive modeling.

These findings should be interpreted in light of limitations
related to data quality and study design. Most studies reported
in the literature are based on radiographic data and deep learn-
ing approaches, which rely on more standardized inputs and
more complete datasets. In contrast, this study uses real-world
epidemiological surveillance data, which are characterized by
heterogeneity, class imbalance, and incomplete recording of
key variables. Variables relevant to public health planning, in-
cluding education level, race, and comorbidities, presented fair
or insufficient completion, which weakens disease monitoring
and restricts the identification of priority populations. Conse-
quently, although the evaluated models achieved reasonable
performance in distinguishing cure outcomes, their sensitivity
to treatment abandonment and death remained constrained
by the underlying data structure rather than by the modeling
approach.

In summary, ML can support tuberculosis surveillance by
indicating which factors contribute to unfavorable outcomes
and by assisting in early risk identification. However, the
current results underscore the critical need for improved data
quality and targeted data collection strategies to fully realize
this potential. Future work should explore alternative sampling
methods, cost-sensitive learning, and the integration of spatial
or temporal features to improve model sensitivity to abandon-
ment and death.
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