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ABSTRACT

Tuberculosis (TB) is ranked as one of the leading causes of death from infectious diseases in the present world,
causing important health and economic consequences in developing countries. Traditional diagnostic approaches,
although still used, are commonly associated with subjectivity, slowness, and operational burden, and they are often
limited to visual observation and laboratory handling. The growing capacity of advanced machine learning (ML) is
a promising area that has shown potential in improving TB diagnosis, identifying drug resistance, and supporting
disease management. This review presents multiple aspects of using ML in diagnosing and managing TB, including
deep learning, hybrid approaches, and metabolomics-based approaches. These methods have produced substantial
diagnostic improvements in sensitivity, specificity, and accuracy. Furthermore, ML has been used to analyze the
molecular profile of TB and identify potential drug targets for future targeted therapies. Although ML-based solutions
offer substantial benefits, questions concerning data quality, model interpretation, generalization, and ethical issues
continue to hinder broader application. This review concludes that ML can transform TB diagnosis and management

and calls for further investment to overcome these barriers to global health.
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1. INTRODUCTION

Tuberculosis remains one of the most critical global health
problems, and its effect is evaluated in terms of annual fatali-
ties. As a persistent and highly contagious pulmonary disease
caused by Mycobacterium tuberculosis, TB remains endemic
in developing nations where health facilities are stretched to
their limits. The World Health Organization estimated that, in
2018, ten million people became ill with TB and 1.5 million
died, which underscores the necessity of combating this en-
demic disease. The fact that TB remains among the top killers
indicates that social, economic, health, and genetic factors
continue to expose populations to the disease, while new and

more virulent strains challenge existing treatments [1, 2].

TB also has a major animal-health dimension, especially in
cattle. Mycobacterium bovis infection affects animal health
and productivity and poses risks to human health and food
safety. Zoonotic transmission is a concern in farming regions
where animals are a main source of livelihood and food. In
Brazil, for example, bovine TB remains endemic and causes
economic losses and public-health concerns; therefore, new
control and management strategies are required [3].

For years, TB has been diagnosed using traditional methods
such as direct observation and laboratory tests. However,
these methods are often cumbersome, expensive, and prone
to inaccuracy. Sputum-smear examination, while useful, de-
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pends heavily on the technician and may lead to variation in
detection. These approaches may also fail to identify chronic
or subclinical infection, resulting in delayed diagnosis and
treatment. These limitations emphasize the need for more
effective TB detection methods in humans and cattle [4].

New technologies and data-processing science make it possi-
ble to develop diagnostic methods based on ML algorithms.
Artificial intelligence and machine learning can process exten-
sive datasets and identify behavioral patterns that are difficult
to detect manually. Incorporating ML approaches allows re-
searchers to create models to diagnose TB faster and more
successfully. Accordingly, using ML to identify TB is a
viable way to improve disease detection and control [5].

This review analyzes the potential of machine learning for
TB diagnosis and forecasting, including bovine TB predic-
tion from epidemiological data. By using factors related to
farms and cattle health conditions, ML studies can establish
reliable hypotheses explaining TB risk in cattle. These tools
go beyond diagnostic improvement by enabling farmers and
public-health authorities to use actionable analytics models
to fight disease spread [6, 7].

2. LITERATURE REVIEW

Recent studies demonstrate that ML and Al techniques can
improve TB diagnosis, forecasting, drug-resistance analysis,
and epidemiological control. Ensemble convolutional neu-
ral networks (CNNs), for example, have been used for chest
X-ray analysis and have achieved high accuracy on the Mont-
gomery and Shenzhen datasets through Bayesian-optimized
voting and preprocessing variation [8]. Other work has ad-
dressed drug-resistant TB diagnosis by combining diagnostic
methods with ML to improve diagnostic precision and reduce
long diagnostic processes [9].

Support Vector Machine (SVM) models have also been used
for preliminary TB diagnosis based on hospital datasets,
showing the feasibility of automated recognition systems
for early and accurate diagnosis [10]. In low-resource set-
tings, Al-assisted chest-radiography systems such as TB-
UNet with ResNeXt encoders improved sensitivity compared
with radiologist-only diagnoses, showing potential for regions
with limited specialists [11].

CNN configurations have been examined for binary TB clas-
sification using objective-function values and feature combi-
nations. One reported model achieved a validation accuracy
of 0.9671 and an AUC of 0.9733, indicating that CNN-based
systems can capture signs of TB effectively [12]. Machine
learning has also been applied to identify active molecules
against Mycobacterium tuberculosis. Models such as SVM,
Random Forest, Gradient Boosting, Deep Neural Networks,
and XGBoost have been used for molecular-descriptor analy-
sis, with consensus stacking producing strong external-test
performance [13].

Al and ML methods have also been used to estimate
multidrug-resistant TB (MDR-TB). High-throughput se-
quencing data containing approximately 10,000 mutations
have been analyzed using Naive Bayes, K-nearest neigh-
bors, SVM, and artificial neural networks, producing aver-
age accuracy values above 85% for genes associated with
resistance to rifampicin, isoniazid, pyrazinamide, and fluoro-

quinolones [14].

Despite these promising results, large-scale adoption of
computer-assisted TB detection software remains challeng-
ing. Issues include limited generalization to different popu-
lations, dataset distribution shift, and methodological weak-
nesses [15]. Evaluations of pretrained CNNs such as AlexNet,
VGG16, and VGG19 have shown that image resolution,
dataset splitting, and hyperparameter configuration strongly
affect pulmonary TB detection performance [16]. CNN-based
CAD models have also achieved useful validation accuracy
in screening TB from X-ray images, particularly where radi-
ologists are unavailable [17].

Other recent approaches include the Intelligent Emperor Pen-
guin Optimized LightGBM (IEPO-LGBM) method for rapid
TB diagnosis, which demonstrated superior sensitivity, speci-
ficity, accuracy, and precision compared with existing meth-
ods [18]. Hybrid machine-learning techniques combining an
artificial immune recognition system (AIRS) with fuzzy logic
controllers achieved high classification accuracy on patient
epicrisis reports [19]. Automated image-analysis algorithms
using mobile microscopes and SVM classification have also
produced slide-level performance comparable to specialists
in low-resource settings [21].

ML approaches have further been applied to anti-TB drug dis-
covery and compound permeability. XGBoost, Random For-
est, SVM, and Naive Bayes models can classify compounds
as permeable or impermeable using enzymatic and cellular
assay data, identifying key parameters that influence drug per-
meability [22]. Comparative CNN studies have reported that
DenseNet121 can outperform other CNN architectures in TB
detection tasks [23]. Metabolomics-based diagnosis has used
serum metabolic fingerprints and ML-derived biomarkers to
produce diagnostic AUC values of 97.8% for TB detection
and 85.7% for classification [24].

For bovine TB, machine learning has been applied to epi-
demiological survey data from 1,743 farms in Sao Paulo,
Brazil. With 77 predictors including farm type, lactation type,
and herd size, gradient-boosted trees achieved 88.07% ac-
curacy, with daily milk production, number of cows, farm
type, breed, and slaughter of adult animals identified among
relevant predictors [7].

Table | summarizes multiple analyses highlighting the use of
ML and Al solutions in diagnosing and treating TB. These
studies range from image-diagnostic CNNs for chest X-rays
to ensemble ML models and Al systems that support radiol-
ogists in low- and middle-income countries. Other studies
examine genomics data to detect drug resistance and classify
molecules, while additional work aims to increase diagnos-
tic efficiency through hybrid models and new algorithms.
Overall, the literature shows that the speed, sensitivity, and
cost-benefit of TB diagnosis can improve when ML and Al
technologies are applied to overcome the drawbacks of con-
ventional approaches.

3. DISCUSSION

The studies described in this review show significant poten-
tial for machine learning and Al to transform TB diagnosis.
These technologies exploit large amounts of health, imaging,
genomic, metabolomic, and epidemiological data to improve
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Table 1. Summary of Literature Review

Ref. Authors/Study Focus Area ML Approach Key Findings

[8] Ensemble CNN for TB de- Chest X-ray analysis Ensemble CNN, InceptionV3, Achieved 97.5-97.7% accuracy on Montgomery and Shenzhen datasets
tection Xception using Bayesian-optimized voting.

[9] Diagnostic approaches for Drug-resistant TB diagnosis Combined diagnostic methods Enhanced diagnostic precision while addressing long diagnostic processes
drug-resistant TB with ML and accuracy issues.

[10] SVM for preliminary TB Early and accurate TB diag- Support Vector Machine

diagnosis nosis

[11] Al-based TB detection in Underdeveloped regions
low-resource settings

[12] Improving early TB diag- Binary TB classification

TB-UNet, ResNeXt encoder

Demonstrated higher accuracy rates using local hospital data.

Improved sensitivity detection by 11.8% compared with radiologist-only
diagnoses.

CNN configurations with LV- Achieved validation accuracy of 0.9671 and AUC of 0.9733.

nosis CEL, MVA, and TT features
[13] ML models for Mtb in- Drug-resistant TB and in- SVM, RF, Gradient Boosting, XGBoost with consensus stacking achieved an AUC of 0.942.

hibitors hibitors DNN, XGBoost
[14] Estimating MDR-TB using MDR-TB analysis
Al and ML

[15] ML for TB surveillance
tion

[16] CNNs in pulmonary TB de- CXR analysis
tection

[17] CNN-based CAD model ~ Diagnostic support using Deep CNNs

CAD

[18] IEPO-LGBM Rapid TB diagnosis

[19] Hybrid ML diagnosis

[21] Automated CellScope al- Low-resource diagnosis
gorithm

[22] Drug permeability in TB

TB case classification

cation Bayes
[23] CNN model comparison

[24] Metabolomics-based diag- Metabolic fingerprinting
nosis

[7] Predictive bovine TB anal- Epidemiological animal TB Gradient-boosted trees
ysis

CAD software for TB detec- Computer-assisted detection

AlexNet, VGG16, VGG19

Deep-learning TB detection CNN architectures
ML analysis of serum biomarkers Diagnostic models achieved AUC values of 97.8% for detection and 85.7%

Naive Bayes, K-NN, SVM, ANN Over 85% accuracy in identifying genes associated with resistance.

Large-scale adoption remains limited by methodology and generalization
issues.

Image-splitting and hyperparameter choices strongly affected detection
performance.

Achieved validation accuracy of 87.1%.

Intelligent Emperor Penguin Op- Demonstrated superior sensitivity, specificity, and precision compared with
timized LightGBM

AIRS with fuzzy logic
SVM-based image analysis

existing methods.
Achieved 99.14% classification accuracy.

Obtained 89.2% =+ 2.1% average precision, comparable to human special-
ists.

Anti-TB compound classifi- XGBoost, RF, SVM, Naive XGBoost identified key parameters influencing drug permeability.

DenseNet121 achieved the highest reported accuracy of 83.5%.

for classification.
Achieved 88.07% accuracy in predicting bovine TB cases in Sao Paulo
farms.

the chances of correct diagnosis and early detection. In partic-
ular, deep learning is effective for chest X-ray interpretation,
while ensemble models and hybrid ML systems can improve
robustness and classification performance.

However, the reviewed literature also reveals several recurring
limitations. Dataset quality, class imbalance, and population-
specific distribution shifts can reduce generalizability. Model
interpretability remains a challenge in clinical environments,
where medical decisions require explanation and accountabil-
ity. Ethical considerations, including privacy and equitable
access to Al tools, must also be addressed to ensure that af-
fected populations benefit from these technologies, especially
in underprivileged areas.

4. CONCLUSION

TB remains a major health concern worldwide, especially
in developing nations where complications of diagnosis and
treatment are readily apparent. Traditional approaches can
be slow, costly, and less accurate in some settings; therefore,
better diagnostic approaches are required. This review shows
that machine-learning techniques have the potential to over-
come these challenges by increasing the accuracy, speed, and
cost efficiency of TB diagnosis.

The reviewed studies demonstrate the broad scope of ML in
TB control, including identifying drug-resistant strains, ana-
lyzing chest radiographs, discovering active molecules, using
metabolomics biomarkers, and studying factors contributing
to zoonotic TB. Modern approaches, including deep learning,
hybrid models, and metabolomics-related ML methods, have
shown good accuracy, sensitivity, and specificity. These im-
provements suggest that ML can contribute to early diagnosis
and accurate management of TB, thereby reducing its spread.

Future challenges include data quality, model interpretability,

generalization, privacy, and accessibility. Continued investi-
gation and development of robust, explainable, and scalable
Al solutions will be critical. This work is not only about ma-
chine learning; it is also about strengthening the fight against
TB and improving global health outcomes.
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