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Drug-Resistant Tuberculosis (DR-TB) continues to be a serious worldwide health
concern with a relatively low cure rate, highlighting the importance of timely detection of
individuals likely to experience unfavorable treatment results which remains crucial. This study
aims to map the global research landscape on the use of machine learning (ML) models and
traditional scoring systems (SS) in predicting DR-TB treatment outcomes, focusing on research
trends, intellectual structures, and collaboration networks. A systematic and quantitative
bibliometric analysis was conducted on 37 eligible studies retrieved from the Scopus and
PubMed databases, covering publications from 2015 to 2025. Visualization of publication trends,
keyword co-occurrence, and collaboration patterns among authors, institutions, and countries
was performed using VOSviewer (version 1.6.20). The findings show that publication output
was limited prior to 2021 but increased substantially from 2022 onward. Scoring system-based
studies accounted for the largest proportion (57%), followed by ML-based approaches (40%),
while hybrid ML-SS models were relatively rare (3%). Highly cited studies were predominantly
produced by research groups based in the United Kingdom, United States, and China, frequently
focusing on radiomics, deep learning, and drug exposure-response modeling. Keyword and
temporal overlay analyses indicate a shift from conventional risk-factor and scoring-based
epidemiological models toward data-driven predictive approaches. Collaboration networks
analysis further demonstrates strong intra-regional partnerships but relatively limited cross-
cluster integration. These findings suggest that although ML model development is concentrated
in high-resource settings, scoring models remain essential for practical implementation in
high-burden, resource-limited regions. The limited number of hybrid approaches highlights
the need for integrative models that balance predictive performance with feasibility.
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Tuberculosis (TB) persists as a critical
global health threat, remaining the primary cause
of death from infectious diseases worldwide. ' The
World Health Organization’s 2024 report indicates
approximately 10.8 million incident TB cases and
1.25 million fatalities occurred globally during
the previous year. > Despite considerable advances
have been achieved in treating drug-susceptible
tuberculosis, Drug-Resistant Tuberculosis (DR-
TB) continues to represents the most pressing
clinical and epidemiological challenge.

In 2023, about 400,000 people developed
multidrug-resistant or rifampicin-resistant TB
(MDR/RR-TB), yet only 44% were diagnosed and
treated.! In Low- and Middle-Income Countries
(LMICs), DR-TB diagnostic gaps arise from
multifaceted challenges including inadequate
laboratory infrastructure for advanced molecular
testing, high costs of reagents and equipment
maintenance, unreliable electricity supply, and
insufficient trained personnel to operate and
interpret results of rapid diagnostic tests.** Global
treatment success rate for MDR/RR-TB is 68%,
but under 60% in many resource-limited settings
(RLS)."* A minority develop Extensively Drug-
Resistant TB (XDR-TB), with particularly poor
outcomes.?

DR-TB treatment is characterized by
prolonged and potentially toxic regimens that
require strict patient adherence. Therefore, the
ability to predict Unfavorable Treatment Outcomes
(UTO) defined as treatment failure, loss to follow-
up, or death is a fundamental component of clinical
management.® In the context of healthcare services,
specifically family medicine and community
health, prediction models play an important role as
a triage tool for the allocation of limited resources.
The early identification of high-risk patients
of unfavorable outcomes enables healthcare
providers, especially at the primary level, to
promptly implement targeted interventions, such as
intensive community-based adherence monitoring
or psychosocial support, which are crucial for the
prolonged and potentially toxic DR-TB treatment
regimens.®

Two methodological approaches exist
for UTO prediction: traditional clinical scoring
systems (SS) and Machine Learning (ML) models.
Scoring Systems rely on accessible clinical and
laboratory variables, making them practical in

RLS and demonstrating good performance with
AUC values up to 0.887.72 ML, Such models
have consistently shown strong discriminative
ability, with reported Area Under the Curve
(AUC) values up to 0.09, supported by advances
in computing and multimodal data, can detect
complex non-linear patterns that may not be
captured by conventional statistical method.>'?
Approaches including Artificial Neural Networks
(ANN) and Convolutional Neural Networks
(CNN) show high predictive accuracy, including
AUCs of 0.90 for culture conversion and strong
performance in imaging-based drug resistance
detection.”!" Particularly, Convolutional Neural
Networks (CNN) excel in imaging analysis,
improving diagnosis and drug resistance detection
even in RLS.'>!"* Despite these advances, scoring
systems remain widely used due to their clinical
implementability, creating a methodological divide
between high-accuracy but resource-dependent ML
approaches and simpler, more accessible scoring
tools.

Although systematic reviews on ML in TB
diagnosis'* and DR-TB prediction models exist,"
there has been no comprehensive bibliometric
analysis that explicitly maps and compares the
parallel and convergent research landscapes
of predictive modeling approaches combining
machine learning and clinical scoring systems
for DR-TB treatment outcomes. Therefore, this
study aims to systematically map and compare
the research landscape of machine learning and
scoring-system based prediction models for DR-TB
treatment outcomes using a bibliometric approach.

MATERIALS AND METHODS

Study Design, Scope, and Database Selection
This study adopted a descriptive
quantitative design based on bibliometric analysis'*
The primary objective of this approach is to
systematically map and evaluate the development
of scientific research related to predictive modeling
of Drug-Resistant Tuberculosis (DR-TB) outcomes.
The primary databases used for data acquisition
were Scopus and PubMed. These databases were
selected for their reputation as leading academic
platforms providing comprehensive coverage
of high-impact scientific journals in medicine,
computer science, and public health.!* Scopus was
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selected for its comprehensive citation indexing and
bibliometric export features, while PubMed was
included to ensure broader biomedical coverage of
peer-reviewed literature related to tuberculosis and
predictive modeling. The search was conducted on
February 8, 2026. Publications indexed between
January 1, 2015 until December 31, 2025, were
eligible for inclusion. The final publication period
analyzed was therefore 2015-2025, representing
complete publication years to avoid incomplete-
year bias and to capture the evolution of predictive
modeling approaches, from early clinical scoring
systems to more recent Machine Learning (ML)
advancements.

This bibliometric study was conducted to:
(1) analyze global publication output and temporal
trends in predictive models for DR-TB outcomes;
(2) identify influential journals, authors, and
collaborative networks; (3) explore the intellectual
structure and emerging research themes through
keyword co-occurrence analysis; and (4) examine
methodological and geographical patterns in ML-
and scoring system—based research.
Search Strategy and Data Acquisition

The literature search was specifically
developed to identify studies combining DR-TB
outcome prediction through artificial intelligence
methods and conventional clinical scoring
approaches. The search strategy was carefully
developed by combining controlled vocabulary
terms (Medical Subject Headings [MeSH]) with
relevant free-text terms, linked using the Boolean
operators AND and OR. The following PubMed
search string (Advanced) was applied: ((“Machine
Learning”[Mesh] OR “Deep Learning”[Title/
Abstract] OR “Random Forest”[Title/Abstract]
OR “Neural Networks, Computer’[Mesh] OR
“Support Vector Machine”’[Title/Abstract] OR
“artificial intelligence” [Title/Abstract]) AND
(“Tuberculosis, Multidrug-Resistant”[Mesh]
OR “Tuberculosis, Rifampin-Resistant”[Title/
Abstract] ) AND (“Treatment Outcome”[Mesh]
OR “Predictive Value of Tests”’[Mesh] OR “Risk
Assessment”’[Mesh] OR “nomogram*”[Title/
Abstract] OR “scoring system*”[Title/
Abstract])) AND (“2015/01/01”[PDAT] :
“2025/12/31”[PDAT]) AND (english[la]). Scopus
search string was applied: TITLE-ABS-KEY
((“machine learning” OR “deep learning” OR
“random forest” OR “neural network” OR

“convolutional neural network” OR “support
vector machine” OR “predictive analysis” OR
“artificial intelligence”) AND (“scoring system”
OR “predictive model” OR “risk assessment”
OR “clinical prediction rule” OR “nomogram”)
AND (“outcome prediction” OR “treatment
outcome” OR “treatment success” OR “culture
conversion” OR “prognos*” OR “unfavorable
outcome”OR “unsuccessful”’) AND PUBYEAR
>2014 AND (LIMIT-TO (DOCTYPE, “ar”) OR
LIMIT-TO (DOCTYPE, “re”)) AND (LIMIT-TO
(LANGUAGE, “English™))

Study Eligibility Criteria

For the purpose of this bibliometric
analysis, we applied explicit operational criteria
to classify each study into ML, SS, or hybrid
categories. Studies were coded as ML if they
developed or validated prediction models using
machine learning algorithms (e.g., random forest,
gradient boosting, support vector machines, neural
networks, convolutional neural networks) with
data-driven parameter optimization. Studies were
coded as SS if they proposed or validated point-
based clinical scores or nomograms derived from
conventional regression modeling, in which the
final tool is a fixed scoring rule that can be applied
without computational infrastructure. Studies were
coded as hybrid if they (1) used ML algorithms to
generate a model that was subsequently translated
into a simplified scoring system or nomogram, or
(2) embedded an existing SS as an input variable
within an ML model. When classification was
unclear, two reviewers independently assessed the
methodology and resolved discrepancies through
discussion.

The retrieved records underwent a
systematic and structured screening process
to ensure relevance and quality. The inclusion
criteria were as follows: (1) original papers the
development and review articles focusing on the
development or validation of DR-TB outcome
prediction models, including machine learning
(ML), scoring system (SS), or hybrid approaches;
(2) publications dated between 1 January 2015
and 31 December 2025; and (3) articles published
in English, consistent with standard practice in
international bibliometric research.

The exclusion criteria included: (1)
irrelevant document types such as meeting
abstracts, editorials, letters, book chapters, and
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non—peer-reviewed conference proceedings;
and (2) publications with a purely descriptive
focus or those addressing drug discovery, latent
TB diagnosis, or drug-sensitive TB without an
explicit DR-TB outcome prediction component.
Title and abstract screening, followed by full-text
assessment, were conducted independently by two
reviewers. Discrepancies were resolved through
discussion and consensus.

The screening process was documented
using a flowchart describing the total number of
records identified, filtered by time and language,
and excluded based on document type and topical
relevance, ultimately resulting in the final dataset
for quantitative analysis.

Data Extraction and Cleaning

For each publication included in the final
dataset, the following metadata were extracted:
title, author names, author affiliations/countries,
publication year, journal name, journal thematic
category, citation counts, and author provided
keywords. A critical step in data preparation
was data normalization. Institutional affiliations
and country names were standardized to prevent
fragmentation during collaboration mapping
(for example, merging variations of the same
institutional name into a single standardized
form). Keywords were similarly (e.g., “MDR-
TB” and “multidrug-resistant TB”) to ensure
accurate and cohesive co-occurrence mapping.
This normalization process is essential for reliable
intellectual structure analysis.

Bibliometric Mapping and Visualization

Bibliometric analysis was performed
using dedicated visualization software. VOSviewer
(version 1.6.20) was used as the primary tool
for constructing and visualizing bibliometric
networks.'* The software was applied to analyze
relationships among items such as authors,
keywords, and journals, including distance patterns
and cluster density within the network.

RESULTS

Search Strategy and Data Selection

Following the search and screening
procedures described in the Methods section, a
total of 300 records were initially identified (223
from Scopus and 76 from PubMed) on 8 February
2026. After applying the publication year filter

(2015 - 2025), 103 records were removed, leaving
196 records for title and abstract screening. Of
these, 11 records were excluded due to irrelevant
document types (editorials, letters, conference
papers, notes, and books), resulting in 185 reports
sought for retrieval. One non-English publication
was subsequently excluded, leaving 184 articles
assessed for eligibility through full-text review.
During eligibility assessment, 147 articles were
excluded (108 did not develop a machine learning
or scoring-based prediction model for DR-TB
outcomes and 39 were duplicates). Ultimately, 37
publications met all inclusion criteria and were
incorporated into the final bibliometric analysis
(Figure 1).
Global Publication Output and Temporal
Trends

Between 2015 and 2025, 37 publications
addressing predictive models for DR-TB outcomes
were identified. As shown in Figure 2, publication
output remained low from 2016 to 2020, followed
by a steady increase beginning in 2021 and a
marked rise in 2022, reaching a peak in 2024. A
slight decrease was observed in 2025 compared
with the peak in 2024. Overall, the upward trend
demonstrates sustained and growing interest
in predictive modelling, reflecting the growing
incorporation of digital health data, machine
learning, and precision medicine in TB research.

Figure 3a illustrates that scoring system—
based studies predominated during the earlier
period, whereas ML-based studies increased
more rapidly after 2021. From 2022 onward,
ML publications experienced a marked increase,
reducing the disparity with conventional scoring
system studies. Studies integrating both ML and
scoring systems began to emerge in 2024, although
they remain limited in number. As shown in Figure
3b, conventional scoring systems remain the
most frequently applied approach overall (57%),
followed by ML-based models (40%), while only
3% of studies adopted hybrid approaches. These
findings indicate a gradual methodological shift
toward Al-driven DR-TB outcome prediction
research, although traditional scoring systems
continue to play a central role.
Influential Authors and Collaboration Networks
Most Influential Authors

Table 1 presents the top 10 most highly
cited publications in the field of machine learning
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and scoring systems for DR-TB outcome prediction
between 2015 and 2025. Citation impact was led
by Gao et al. from the United Kingdom,'¢ with 58
citations, followed by Heyckendorf ef al,'” whose
transcriptomic model for predicting treatment
duration received 45 citations. Highly cited
studies originated predominantly from the United
Kingdom, the United States, and China, reflecting
strong research contributions from these countries.
The most influential publications primarily
focused on deep learning and radiomics applied to
pulmonary imaging, as well as biomarker- and drug
exposure—based predictive models, underscoring
the central role of advanced analytical approaches
and biologically informed modeling in advancing

DR-TB outcome prediction.
Collaborative Networks

Figure 4 visualizes the co-authorship
network of studies on machine learning and
scoring system approaches for DR-TB outcome
prediction. Authors are grouped into multiple
collaboration clusters, reflecting distinct research
teams and institutional collaborations. Node size
corresponds to publication output by author,
whereas edge thickness represents collaboration
intensity. Overall, the network remains fragmented,
with several clusters showing strong internal
collaboration but limited cross-cluster and inter-
regional linkages, suggesting that DR-TB outcome
prediction research is largely driven by localized
research teams and would benefit from stronger

[ Identification of studies via databases and registers ]
oy
H Records identified from: Records removed before
= Scopus (n=223) screening:
£ PubMed (a=76) > Recors removed after
E _ publication timeframe filter
2 Total (n=299) (a =103)
_
Records excluded for
L irrelevant document type:
Records screened Editorial (a=3)
(a=196) Letter (n=2)
a= Conference Paper (n=2)
Note (n=1)
il Book (n=1)
g
s Reports sought for retrieval | Reports excluded due to
g (n=18%) language restriction (n=1)
@0
v Reports excluded:
Not develop a Machine
RCPOHS: 3.55_3.55'3‘1 for N Learning/ Scoring
eligibility " prediction model for DR-
(n=184) TB outcomes (n=108)
_— l Duplicate (n=39)

Studies included in review
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Fig. 1. PRISMA 2020 flow diagram illustrating the article selection process for bibliometric analysis (2015-2025)



MURTIANI et al., Biomed. & Pharmacol. J, Vol. 19(1), 139-153 (2026) 144

international collaboration.

Figures 5 and 6 show the international
and institutional collaboration networks in DR-TB
outcome prediction studies. At the international
level (Figure 5), collaboration is most prominent
among China, the United States, Ethiopia, and
Iran, highlighting linkages between high-burden
and technologically advanced countries. At the
institutional level (Figure 6), collaborations are
concentrated in dense clusters around a limited
number of leading institutions, integrating
multidisciplinary expertise in biostatistics,
biochemistry, radiology, epidemiology, and
public health reflecting the interdisciplinary
nature of predictive modeling research in DR-TB
outcomes. These partnerships indicate increasing
global synergy in predictive innovation and
model validation, despite collaboration being
concentrated among a few leading institutions.
Intellectual Structure and Thematic Clusters

Figures 7 and 8 illustrate the intellectual
structure of research on machine learning and
scoring systems for DR-TB outcome prediction
through keyword co-occurrence network and
density visualizations. The network analysis
(Figure 7) identifies 77 keywords clustered into four
major thematic groups. Cluster 1 (red) represents
clinical and observational research, emphasizing
patient characteristics, and study designs such as
adult, male, female, retrospective study, follow-

up, comorbidity, logistic regression analysis,
and prediction. Cluster 2 (green) represents
methodological and machine learning—oriented
themes, including machine learning, random forest,
sensitivity and specificity, area under the curve,
cohort analysis, and controlled study. Cluster 3
(blue) reflects pharmacological and microbiological
dimensions of DR-TB research, incorporating
antitubercular agents, drug therapy, microbiology,
rifampicin, isoniazid, amikacin, and treatment
failure. Cluster 4 (yellow) highlights drug-specific
and microbiological treatment components,
including mycobacterium tuberculosis and second-
line agents such as clofazimine, ethambutol,
cycloserine, and protionamide. The density
visualization (Figure 8) further demonstrates
that core terms such as “multidrug-resistant
tuberculosis,” “human,” “treatment outcome,’
and “prediction” are highly interconnected and
centrally positioned, underscoring their integrative
role in bridging clinical, epidemiological, and
computational domains within DR-TB outcome
prediction research.

Temporal overlay mapping of keyword co-
occurrences, depicting research theme progression
over time. Earlier studies (blue tones) primarily
emphasized clinical outcomes, epidemiological
factors, and traditional scoring-based approaches,
with frequent focus on comorbidities, mortality,
risk factors, and treatment outcomes. Increasingly

’

Trend of Publication on DR-TB Qutcome Prediction
(2015-2025)
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Fig. 2. Overall publication trends (2015-2025)
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emphasize methodological and predictive modeling
concepts, including “machine learning”, “random
forest”, “prediction”, “sensitivity and specificity”,
and “area under the curve”. These terms indicate
growing attention to advanced analytical techniques
and performance evaluation metrics in DR-TB
outcome prediction. Scoring systems remain
present across periods, reflecting their continued
use as baseline or comparative methods, while

the overall trend indicates a gradual shift toward
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Al-driven, data-intensive predictive modeling
integrating clinical, imaging, and laboratory data

(Figure 9).
DISCUSSION
The research on predictive modeling
for DR-TB experienced stagnation from 2016 to

2020, followed by a marked increase after 2021,
peaking in 2024 and remaining elevated through
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Fig. 3. Comparative Trend (a) and Distribution (b) Machine Learning and Scoring System Publications on DR-
TB Outcome Prediction, 2015-2025
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Table 1. Top 10 most cited publications in Machine Learning and Scoring Systems
DR-TB outcome (ranked by total citations, 2015-2025)

Rank Author (Year) Years  Country Total Journal
Citations
1 Gao, et al.'® 2018  United Kingdom 58 Molecular Pharmaceutics
2 Heyckendorf, et al.'” 2021 Germany 45 European Respiratory Journal
3 Modongo, et al.'® 2016  United States 40 Antimicrobial Agents and Chemotherapy
4 Li, et al.”? 2023 China 36 European Radiology
5 Zheng, et al.?° 2022  China 32 European Respiratory Journal
6 Clemens, et al.?! 2019  United States 24 PLoS ONE
7 Abdelbary, et al. 2017  United States 24 Epidemiology and Infection
8 Tola, et al.” 2021 Iran 15 BMJ Open
9 Nijiati, et al.* 2023 China 14 European Journal of Radiology
10 Arroyo, et al. % 2019  Brazil 14 Revista de Saude Publica
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Fig. 4. Visualization of author co-authorship network studies in machine learning and scoring system publications
on DR-TB outcome (VOSviewer, > 1 documents).
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2025. This surge has been driven by the persistently
low global cure rate of DR-TB, underscoring an
urgent need for early identification of patients at
high risk of unfavorable outcomes. In response, a
methodological paradigm shift has occurred, with
Machine Learning (ML) models now dominating
as the primary approach, replacing conventional
Scoring Systems (SS). The dominance of ML has
been enabled by the availability of multimodal
data and advances in computational capacity
facilitating complex data analysis.'? Only a few
studies have integrated both approaches, revealing
substantial opportunities for the development of
hybrid models. Hybrid models that combine the
predictive accuracy of ML with the practicality of

SS are expected to offer more reliable and feasible
solutions,?*?” particularly in resource-limited
settings.

ML research has been primarily driven
by the utilization of advanced features such
as Deep Learning (DL) and radiomics derived
from CT scan imaging,'s where algorithms like
Convolutional Neural Networks (CNN) have
been shown to be highly effective for diagnostic
analysis with the ability to capture complex, non-
visible patterns, often surpassing the performance
of traditional ML models."* In contrast, Scoring
Systems (SS) focus on variables that are more
readily accessible in everyday clinical practice,
including routine clinical parameters, simple
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Fig. 5. Visualization of author co-authorship network studies in machine learning and scoring system publications
on DR-TB outcome (VOSviewer, > 1 documents)
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biomarkers, and demographic data.”®? The shifting
research trend from conventional SS approaches
toward algorithmic ML methods is also reflected
in keyword analyses, which indicate a transition
in focus from conventional clinical determinants
such as treatment failure and HIV infection to
computational metrics like random forest and area
under the curve.

The difference in feature types creates
a dilemma between accuracy and accessibility.
On one hand, ML models with complex
features offer superior predictive accuracy, yet
their implementation is constrained by costly
infrastructural requirements such as CT/MRI
imaging equipment, high-performance computing
servers, and stringent data standards making their
adoption challenging in resource-limited settings. '
On the other hand, SS that rely on routine clinical

data remain more practical and transparent triage
tools, although their maximal accuracy may
be comparatively limited. Moreover, there is a
significant risk that predictive models overly
focused on algorithmic data may overlook Social
Determinants of Health (SDOH), such as economic
and geographic factors, which have been shown
to be critical predictors of unfavorable treatment
outcomes, including treatment default, often driven
by socioeconomic constraints.’**! The integration
of social and economic data into prediction
models is an urgent necessity, given that social
determinants of health directly influence treatment
success rates and patient retention in TB programs,
particularly in low- and middle-income countries.

Although promising high accuracy,
ML models predicting DR-TB outcomes have
demonstrated only moderate accuracy in practice,
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publi&ealth W

human immunggefici

risk as:
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Fig. 7. Keyword co-occurrence network in machine learning and scoring system studies on drug-resistant
tuberculosis outcome prediction (VOSviewer, >5 occurrences).
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particularly when compared to diagnostic models.
Their greatest challenge is the generalization crisis,
whereby model performance both diagnostic
and predictive often declines significantly when
validated on data from different locations. This
occurs because models developed at a single
data center tend to overfit to local population
characteristics and protocols, rendering them
unreliable when applied across diverse clinical
settings, especially in resource-limited areas.?? To
overcome these limitations, extensive multicenter
validation is necessary. Conversely, SS that utilize
more universal clinical variables have shown
greater performance stability despite lower peak
accuracy. Therefore, a prospective strategy is the
development of hybrid models that combine the
stability of SS with the analytical capabilities of
ML, sacrificing some peak accuracy to achieve

substantially improved generalizability.*

This analysis reveals a pronounced
geographic disparity, where advanced
methodological innovations such as ML, DL and
radiomics are primarily concentrated in countries
with well-established computational and research
infrastructures, including the United States, China,
and the United Kingdom. In contrast, countries
bearing a high burden of DR-TB such as Ethiopia,
Brazil, Iran, and Mexico are more prominently
involved in the development of SS and predictive
cohort studies, positioning them as critically
important sites for clinical validation processes.

Despite promising high accuracy, ML
models for predicting DR-TB outcomes have in
practice demonstrated only moderate accuracy,
especially when compared to diagnostic models.
Their major challenge is the generalization crisis,

Fig. 8. Density visualization of keyword co-occurrence in machine learning and scoring system studies on drug-
resistant tuberculosis outcome prediction (VOSviewer, >5 occurrences).
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wherein model performance both diagnostic
and predictive often declines significantly when
validated on data from different locations.'
This occurs because models developed at a
single data center are prone to overfitting local
population characteristics and protocols, making
them unreliable when applied to diverse clinical
settings, particularly in resource-limited areas.’!
To address these limitations, extensive multicenter
validation is required. Conversely, SS that utilize
more universal clinical variables have shown
greater stability in performance, albeit with lower
peak accuracy. Therefore, a prospective strategy
involves developing hybrid models that combine
the stability of SS with the analytical capabilities
of ML, sacrificing some peak accuracy to achieve
considerably better generalizability.

The integration of ML and clinical SS is
crucial for optimizing resource allocation among
high-risk DR-TB patients. For use in resource-
limited settings, advanced ML models should be

translated into practical, lightweight tools such as
nomograms or mobile applications suitable for
primary care decision-making. Future research
should emphasize robust external validation
and hybrid models that balance ML predictive
performance with the simplicity of scoring systems.
Concurrently, policy efforts should strengthen
standardized data infrastructures and promote
collaboration between technology centers and
national TB programs in high-burden low- and
middle-income countries to ensure Al tools are
relevant, ethical, and equitable.
Study Limitations

This bibliometric study has several
limitations. It includes only English-language
publications indexed in Scopus and PubMed,
potentially excluding relevant scoring system
studies from high-burden regions. Bibliometric
methods also cannot assess methodological quality
or clinical validity of models. In addition, indexing
bias may favor ML/Al studies, as computer science
journals are generally better indexed than regional
clinical journals.
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CONCLUSION

Research on predicting drug-resistant
tuberculosis (DR-TB) treatment outcomes has
increased markedly since 2022, reflecting growing
efforts to improve early risk identification. This
bibliometric analysis shows that traditional
scoring systems remain widely used due to their
practicality and feasibility in resource-limited
settings, while machine learning (ML) approaches
have expanded rapidly, indicating a shift toward
data-driven prediction. However, hybrid models
integrating ML and scoring systems remain
scarce, representing an important methodological
gap. Future research should prioritize externally
validated hybrid approaches and stronger cross-
regional collaboration to improve generalizability
and clinical applicability.
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