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Abstract  

 Tuberculosis (TB) is a serious worldwide health concern, demanding reliable and efficient diagnostic techniques. 

Machine learning (ML) techniques have emerged as viable ways to enhance tuberculosis detection through the analysis 

of complicated biomarker data. However, the comparative effectiveness of various ML models is unclear, emphasizing 

the need for a thorough assessment. This study evaluates the diagnostic accuracy of ML algorithms for tuberculosis 

detection, outlining their strengths, limitations, and clinical applications. A comprehensive search of 6 databases identified 

studies using biomarker-based ML approaches for TB diagnosis. A 2-level mixed-effects logistic regression model was 

used to assess pooled sensitivity, specificity, and AUC. The RoB 2.0 tool was used to evaluate quality, whereas RevMan 

5.4 was used for meta-analysis. Among the algorithms tested, the Probabilistic Neural Network (PNN) had the greatest 

pooled sensitivity (96.1%), specificity (89.9%), and AUC (0.94). Decision Tree (DT) models have great sensitivity 

(95.2%), but poor specificity (58.7%). Naïve Bayes (NB) had the greatest specificity (91.5%) and sensitivity (79.6%), 

while Random Forest (RF) and Support Vector Machine (SVM) performed similarly, with sensitivities of 83.7% and 

84.1%, and accuracies of 82.5% and 83.8%, respectively. Logistic regression (LR) had the lowest sensitivity (54.3%) and 

accuracy (73.1%). ML algorithms have great potential for improving TB diagnosis using biomarker data, with PNN 

appearing as the best-performing model in terms of sensitivity, specificity, and AUC. However, the availability and 

expense of biomarker testing may limit the use of such strategies in resource-constrained environments. The clinical 

context, diagnostic goals, and infrastructure capabilities should all be considered while selecting algorithms. 
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Introduction 

 Tuberculosis (TB) is a significant worldwide 

health concern, especially in areas with high incidence 

rates such as Southeast Asia and Africa [1]. In 2023, 

about 10.8 million people contracted TB, and 

approximately 1.3 million succumbed to the disease, 

with countries such as India, Indonesia, and the 

Philippines being the most affected [1]. Sub-Saharan 

Africa contributes substantially to the worldwide burden 

of tuberculosis. The issue is exacerbated by the advent 

and proliferation of multidrug-resistant tuberculosis  

 

(MDR-TB), a severe variant of the illness resistant to 

primary therapies such as rifampicin and isoniazid. 

MDR-TB presents a significant issue in low- and 

middle-income countries (LMICs), where healthcare 

systems often lack the necessary infrastructure, 

resources, and modern technology for prompt and 

precise diagnosis [2]. Eight nations represent over 66% 

of worldwide TB cases, with Indonesia (9.2%) 

positioned second behind India. The Global TB Report 

2022 indicates that Indonesia documented 969,000 
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tuberculosis infections in 2021, with 44% of these cases 

concentrated in its most densely populated areas, 

including East Java, West Java, and Central Java [3]. 

 The concerning data underscore an urgent need for 

novel and efficient diagnostic instruments to address the 

TB pandemic. Traditional diagnostic techniques, 

including sputum microscopy, often exhibit 

sluggishness, diminished sensitivity, and an inability to 

identify drug resistance, resulting in postponed or 

insufficient therapy. This facilitates continuous 

transmission, extended morbidity, and elevated death 

rates. Chest X-ray (CXR) is often used as an adjunctive 

technique for detecting lung abnormalities indicative of 

tuberculosis, however its interpretation may be 

subjective and reliant on the radiologist’s skill. 

Alternative non-sputum-based methodologies, such as 

interferon-gamma release assays (IGRA) and IP-10 

tests, have been investigated to enhance tuberculosis 

detection, especially for latent tuberculosis infection; 

however, they encounter constraints regarding 

sensitivity, cost, and accessibility in certain 

environments [4-6]. 

Progress in molecular diagnostics and other 

technologies, such as machine learning (ML) and 

artificial intelligence (AI), provide intriguing solutions 

for these difficulties. Researchers have progressively 

used AI and ML into tuberculosis diagnoses. Machine 

learning algorithms have shown improved sensitivity 

and accuracy in identifying tuberculosis from chest X-

ray pictures, providing more reliable and expedited 

diagnosis. Studies show that AI-driven approaches can 

surpass human diagnostic performance, especially in 

low-resource environments [7,8]. Machine learning’s 

ability to analyze complex datasets, including 

radiographic images and biomarkers, has shown great 

promise in TB diagnostics [9]. 

Despite these advances, the full potential of ML 

remains underexplored, especially in regions where 

healthcare access is limited. While preliminary studies 

suggest that ML algorithms can offer cost-effective, 

automated diagnostic solutions, widespread adoption 

faces barriers such as the need for large-scale clinical 

validation, data standardization, and integration into 

existing healthcare systems [10]. Furthermore, there are 

concerns about the quality and diversity of training 

datasets, which must be representative of diverse 

populations to ensure robust and equitable performance. 

Nonetheless, the initial results are promising, indicating 

that ML could play a vital role in bridging the gap 

between traditional diagnostic methods and modern, 

scalable technologies [10,11]. The integration of ML 

with biomarker-based approaches and other molecular 

diagnostics could pave the way for next-generation TB 

diagnostic tools that are not only accurate but also 

accessible to underserved populations. As research 

continues to refine these technologies, their 

implementation could mark a significant milestone in 

the global fight against TB, aligning with international 

health goals to reduce TB incidence and mortality 

[10,11]. 

 Biomarkers are biological indicators that signify 

normal or pathological physiological processes in 

reaction to internal or external exposures or treatments 

associated with the human immune system. They 

function as preliminary indicators for certain illnesses 

and are often categorized or obtained from antigens, 

proteins, genes, or genomes associated with a disease. 

Biomarkers have become a crucial area of study for 

doctors and biomedical scientists. Biomarker-based 

testing, an essential component of precision medicine, 

offers critical insights into illness prevention, diagnosis, 

and therapy by detecting particular biomarkers, 

including genes inside the human body [12]. These 

biomarkers are quantifiable and specific to certain 

disorders, facilitating precise measurement. Biomarkers 

for tuberculosis (TB) include antibodies such as 

immunoglobulins (IgG1 and IgG3), mycobacterial 

antigens such as Mycobacterium tuberculosis DNA and 

cell wall constituents (e.g., Lipoarabinomannan, LAM), 

specific genes including RAB20 or INSL3, and 

cytokines that stimulate T-cell immunity (e.g., 

interleukins IL-1α and IL-1β) [13]. Notwithstanding the 

promise of these biomarkers, there exists a paucity of 

understanding about the utilization of AI methodologies 

in the diagnosis of TB using these indications. 

 Previous systematic reviews have examined the 

role of machine learning in tuberculosis detection by 

imaging and conventional diagnostic methods. 

Nevertheless, a thorough meta-analysis on the 

usefulness and accuracy of machine learning algorithms 

in biomarker-based tuberculosis detection has yet to be 

performed. This systematic review and meta-analysis 

seeks to assess the efficacy of machine learning 

algorithms in detecting tuberculosis biomarkers, 
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offering a comprehensive evaluation of their diagnostic 

performance and quality management. Moreover, most 

prior systematic reviews focus on imaging or deep 

learning; our study will focused on biomarker-based ML 

models. This study will evaluate essential outcomes, 

including enhanced diagnostic accuracy, sensitivity, 

specificity, and the quality management of machine 

learning in tuberculosis detection, which may speed up 

treatment and perhaps enhance outcomes, particularly in 

low- and middle-income contexts. This research aims to 

synthesize current knowledge to provide insights that 

can improve early diagnosis, inform treatment, and 

bolster worldwide efforts to eradicate tuberculosis more 

effectively. 

 

Materials and methods 

 This meta-analysis was conducted based on the 

Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) statement guidelines [13]. 

This study was registered on PROSPERO with 

registration number CRD42024593089 as of October 

15, 2024. 

 

 Search strategy and selection of studies 

 A comprehensive literature review was conducted 

on November 12, 2024.  The literature search was 

conducted across 6 databases: PubMed, Cochrane, 

Wiley, EBSCO, Epistemonikos, and Web of Science, up 

to October 2024.  The literature search used keywords 

in conjunction with the boolean operators ‘AND’ and 

‘OR’, as specified in Table 1.  Three independent 

evaluators (RNR, DRPR and FAG) conducted the article 

search, retrieval, and screening.  Any disputes that occur 

throughout this procedure will be handled by consensus.  

Articles with relevant titles and abstracts will undergo 

full-text evaluation according to this procedure.

 

Table 1 Keywords combinations used in different databases. 

Database Keywords combination Hits 

PubMed 

allintitle: (tuberculosis AND (machine learning OR artificial intelligence)) AND 

(biomarker OR diagnostic OR diagnosis OR detection) AND (hospital OR healthcare 

setting) 

443 

Cochrane 

TITLE ((tuberculosis AND (machine learning OR artificial intelligence)) AND 

(biomarker OR diagnostic OR diagnosis OR detection) AND (hospital OR healthcare 

setting)) 

7 

Wiley 

TITLE ((tuberculosis AND (machine learning OR artificial intelligence)) AND 

(biomarker OR diagnostic OR diagnosis OR detection) AND (hospital OR healthcare 

setting)) 

590 

WoS 
(tuberculosis AND (machine learning OR artificial intelligence)) AND (biomarker OR 

diagnostic OR diagnosis OR detection) AND (hospital OR healthcare setting) 
524 

Epistemonikos 
(tuberculosis AND (machine learning OR artificial intelligence)) AND (biomarker OR 

diagnostic OR diagnosis OR detection) AND (hospital OR healthcare setting) 
378 

EBSCO 
(tuberculosis AND (machine learning OR artificial intelligence)) AND (biomarker OR 

diagnostic OR diagnosis OR detection) AND (hospital OR healthcare setting) 
14 

 

 Inclusion and exclusion criteria 

 The inclusion criteria for this review 

encompassed: Studies involving human subjects with 

suspected or confirmed tuberculosis, inclusive of both 

adults and children; clinical trial studies; articles 

published in English from 2014 to 2024; and studies 

employing machine learning techniques for tuberculosis 

detection, diagnosis, classification, or prediction. 

Included studies were required to include diagnostic 

performance data, including sensitivity, specificity, 

accuracy, positive predictive value (PPV), or negative 

predictive value (NPV). Moreover, only research using 

particular indicators derived from non-sputum 

biological specimens - such as blood, urine, or saliva - 

were deemed suitable. The biomarkers included proteins 

(such as the ADA enzyme, secretory proteins, MTB 

H37Rv and T-cell epitopes), antitubercular peptides, 

and gene expression patterns, which were incorporated 
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into machine learning models for diagnostic evaluation. 

The exclusion criteria included: 1) Studies employing 

methodologies distinct from machine learning, such as 

deep learning or genetic algorithms, and those utilizing 

commercial diagnostic software (e.g., Qure.ai); 2) 

Review articles, conference proceedings, brief 

communications, research protocols, letters to editors, 

and preprints; 3) Studies involving non-human 

sampling; and 4) Non-peer-reviewed studies. The 

authors assessed the eligibility of each research 

independently, and any discrepancies were resolved by 

discussion. 

 

 Screening and selection 

 Following the automated elimination of duplicates 

using EndNote 19, the screening procedure was 

executed in 2 phases: An initial evaluation of titles and 

abstracts, followed by a comprehensive analysis of the 

entire texts. Each phase was conducted separately by 2 

reviewers (RNR and FAG), with discrepancies resolved 

by consensus. In the absence of anonymity, a third 

reviewer (MA) was contacted to provide a final 

conclusion. 

 

 Critical appraisal 

 The quality of the included studies was 

independently evaluated by 2 reviewers (RNR and 

FAG) using the Newcastle-Ottawa Scale (NOS) for the 

assessment of observational studies. A detailed 

elucidation of the NOS has been previously delineated 

(8). The NOS assessment assessed 3 principal domains: 

Participant selection, group comparability, and exposure 

or outcome assessment. Studies were evaluated on a 

scale from 0 to 9, with quality classified as low (0 - 2), 

fair (3 - 5), and good/high (6 - 9). Disagreements were 

addressed via dialogue or, as required, by engaging a 

third reviewer (MA). 

 

 Data extraction 

 We retrieved the following data from each 

included research: First author’s name, year of 

publication, country, study design, and sample size. 

Demographic information of the study participants was 

also gathered, including age (in months or years) and 

gender (male/female). Furthermore, methodological 

specifics including the used machine learning 

algorithms, evaluated biomarker characteristics, and 

performance measures (e.g., sensitivity, specificity and 

area under the curve (AUC)) were recorded to enable a 

comprehensive comparison across investigations. The 

accuracy metric is defined as the ratio of accurate 

predictions to the total number of forecasts. The 

specificity parameters are defined as the ratio of genuine 

negatives accurately detected by the model to the total 

number of negatives. The sensitivity parameters are 

defined as the ratio of genuine positives to the total 

number of actual positives that a model might have 

identified. Region The Area Under the ROC Curve is a 

comprehensive metric that evaluates the effectiveness of 

a binary classifier at various thresholds. All the criteria 

mentioned span from 0 to 1 (often expressed as a 

percentage), with an elevated score signifying superior 

performance. Authors extracted data using a defined 

manner. The first reviewer (DRPR) conducted data 

extraction separately, which was then validated for 

correctness and completeness by the second reviewer 

(RNR). Discrepancies detected throughout the 

procedure were addressed via conversation, so 

confirming the trustworthiness and authenticity of the 

retrieved material. 

 

 Quality assessment 

 The potential for bias in diagnostic accuracy 

studies was evaluated using the Quality Assessment of 

Diagnostic Accuracy Studies-2 (QUADAS-2) 

instrument [14]. This instrument assesses 4 critical 

domains: Patient selection, index test, reference 

standard, and flow and time. The QUADAS-2 

evaluation categorizes bias risk into 3 levels: Low 

(green), moderate (yellow), and high (red). Each 

research received an overall risk rating, recorded in the 

“bias” portion of a Microsoft Excel 2021 spreadsheet. 

The spreadsheet was then uploaded to the ROBVIS 

platform (https://mcguinlu.shinyapps.io/robvis/ 

(Accessed on November 14, 2023)) to visualize the 

assessment results using a traffic light system, 

enhancing clarity and interpretability. 

 

 Quantitative synthesis 

 A meta-analysis was conducted using Review 

Manager version 5.4 (The Nordic Cochrane Center, The 

Cochrane Collaboration, Copenhagen) [15]. The studies 

used a 2-level mixed-effects logistic regression to 

compute aggregate diagnostic accuracy measures, 

https://mcguinlu.shinyapps.io/robvis/
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including sensitivity, specificity, and AUC. The 

measures were used to evaluate the overall efficacy of 

machine learning models in diagnosing TB using 

biomarker data. Subgroup studies were performed to 

investigate the efficacy of various machine learning 

techniques. Furthermore, the biomarkers used include 

proteins (e.g., ADA enzyme, secretory proteins, MTB 

H37Rv, T-cell epitopes), antitubercular peptides, and 

gene expression patterns, which were incorporated into 

machine learning models for diagnostic evaluation.  To 

address heterogeneity, we applied random-effects 

models, subgroup analyses, and sensitivity analyses. 

Subgrouping by biomarker type was not performed to 

avoid bias stemming from methodological differences in 

biomarker measurement and variability across assay 

platforms, as well as because most studies used multiple 

biomarkers simultaneously, making it difficult to isolate 

individual biomarker effects. Heterogeneity among the 

included studies was evaluated using the I2 statistic, with 

thresholds of 0%, 25%, 50%, and 75% indicate 

negligible, low, moderate, and extreme heterogeneity, 

respectively. Subgroup analyzes included studies based 

on established criteria, guaranteeing that only those with 

relevant and comprehensive data were evaluated. The 

results of these studies provide significant insights into 

the variability and reliability of machine learning 

models for tuberculosis diagnosis, emphasizing critical 

parameters that affect their incorporation into hospital-

based tuberculosis control efforts. 

 

Results and discussion 

 Study selection and identification 

 From a total of 1,956 records identified across 6 

databases (PubMed: 443, Web of Science: 524, 

Cochrane: 7, Wiley: 590, EBSCO: 14, and 

Epistemonikos: 378), 486 records were excluded based 

on year and type of article filter. Additionally, 119 

duplicate records were removed, resulting in 1,351 

records for screening. During the screening phase, 983 

records were excluded based on their titles, and 330 

records were excluded after abstract review. This 

reduced the list to 38 full-text publications that were 

evaluated for eligibility and overall analysis. Finally, 12 

studies were considered appropriate for inclusion in the 

meta-analysis. Figure 1 shows the PRISMA flow 

diagram, which summarizes the screening and selection 

procedure.
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Figure 1 Preferred reporting items for systematic reviews and meta-analyses (PRISMA) flowchart for study identification 

and selection. 

 

Characteristics of the included studies 

 Table 2 summarizes the features of the included 

studies. The table highlights the features of the 12 

studies that used ML algorithms for biomarker-based 

TB diagnosis [17-28]. Sample sizes varied widely, 

ranging from 64 to 30,574 participants, and studies were 

conducted in diverse geographic settings including 

Colombia, Spain, China, and multicenter collaborations 

[17-28]. A diverse array of machine learning models 

was utilized, featuring prevalent algorithms such as 

random forest (RF), support vector machine (SVM), k-

nearest neighbors (KNN), logistic regression (LR), 

gradient boosting machines (GBM/XGB), multilayer 

perceptron (MLP), and probabilistic neural networks 

(PNN) [17-28]. The data sources also varied among 

studies. Some used hospital-based clinical data, such as 

those from the TB program at Hospital Santa Clara or 

infectious disease hospitals [16], while others relied on 

established biological databases such as UniProt [21], 

STRING [23], NCBI GEO [26], AntiTb RD and MD 

[22], and the Immune Epitope Database [28]. Feature 

extraction methods included normalization techniques 

(such as mean-standard deviation or Pearson 

correlation), 1-hot encoding, recursive feature 

elimination, and gene ontology approaches, depending 

on the nature of the data. In terms of biomarkers, the 
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studies analyzed various molecular indicators including 

proteins (e.g., ADA enzyme, secretory proteins, MTB 

H37Rv, T-cell epitopes), antitubercular peptides, and 

gene expression profiles. Notably, some studies did not 

report specific biomarkers [17-28].

  

Table 2 Included studies characteristic. 

No Author Algorithms Sample Country Data source Feature extraction Biomarker  

1 

Orjuela-

Cañón et al. 

[17] 

DT, LR, MLP, 

RF, SVM 
220 Colombia 

TB program 

Hospital 

Santa Clara 

NR 
Protein - ADA 

enzyme 
 

2 

Garcia-

Zamalloa et 

al. [18] 

DT, KNN, 

MLP, RF 
230 Spain 

Multicenter 

Hospital 

Normalization 

using mean-tandard 

deviation 

Protein - ADA 

enzyme 
 

3 
Ghermi et al. 

[19] 

GBM, KNN, 

LR, MLP, NB, 

RF, SVM, 

XGB 

885 NR NR NR 
Protein - ADA 

enzyme 
 

4 
Smith et al. 

[20] 

GBM, RF, 

SVM 
262 NR NR NR 

Protein - ADA 

enzyme 
 

5 
Ahmed et al. 

[21] 

KNN, PNN, 

SVM 
200 NR UniProt NR 

Protein - Secretory 

proteins 
 

6 
Akbar et al.  

[22] 

KNN, PNN, 

RF, SVM 
398 NR 

AntiTb RD 

and AntiTb 

MD 

One-hot encoding 

Protein - 

Antitubercular 

peptides 

 

7 
Mei et al.  

[23] 
LR 30574 NR 

STRING 

database 

Multi-instance 

Gene ontology 

Protein - MTB 

H37Rv 
 

8 
Peng et al.  

[24] 

LR, RF, SVM, 

XGB 
429 NR NR NR Organic molecule  

9 Hu et al.  [25] 
MLP, RF, 

SVM 
64 China 

Infectious 

Disease 

Hospitals 

Pearson correlation 

coefficient 
Organic molecule  

10 
Osamor and 

Okezie [26] 
NB, SVM 200 NR 

NCBI GEO 

(Transcript 

Expression 

Omnibus) 

Data normalization 

and recursive 

feature elimination 

Gene - TB gene 

expression 
 

11 
Chen et al. 

[27] 

RF, SVM, 

XGB 
23587 NR NR NR Organic molecule  

12 
Khanna and 

Rana [28] 
RF, SVM 200 NR 

Immune 

Epitope 

Database 

R-Studio (caret 

package) 

Protein- T-cell 

epitopes 
 

NR = Not Reported; DT= Decision Tree; GBM = Gradient Boosting Machine; KNN = K-Nearest Neighbors; LR = NR = Not reported; 

Logistic Regression; MLP = Multi-Layer Perceptron; NB = Naive Bayes; PNN = Probabilistic Neural Network; RF = Random 

Forest; SVM = Support Vector Machine; XGB = XGBoost (Extreme Gradient Boosting). 

 

 The outcomes of various machine learning 

techniques applied to biomarker-based TB diagnosis are 

summarized and presented on Table 3. The machine 

learning techniques identified in the included studies 

included Decision Trees (DT), Gradient Boosting 

Machines (GBM), k-Nearest Neighbors (KNN), 

Logistic Regression (LR), Multilayer Perceptron 

(MLP), Naive Bayes (NB), Probabilistic Neural 
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Networks (PNN), Random Forest (RF), and Support 

Vector Machines (SVM). Decision Trees (DT) 

exhibited moderate performance, with accuracy ranging 

from 68.4% to 90%, while Gradient Boosting Machines 

(GBM) consistently showed high accuracy. K-Nearest 

Neighbors (KNN) performed well with accuracy 

between 78.9% and 92.5%, while Logistic Regression 

(LR) demonstrated reliable results, with accuracies 

ranging from 70% to 96%. MLP models achieved 

impressive performance, with accuracy reaching up to 

94.7%. NB and PNN showed moderate-to-high 

accuracy, ranging from 67% to 96% and 79.8% to 91%, 

respectively.

 

 

Table 3 Outcomes reported in the included studies. 

Authors Algorithms Accuracy Sensitivity Specificity AUC N+ N− 

Orjuela-Cañón et al. [17] DT 63 90 35 0.60 ± 0.005 184 36 

Garcia-Zamalloa et al.  [18] DT 96 100 95 96 168 62 

Ghermi et al. [19] GBM NR 83.3 83.3 89 225 660 

Smith et al. [20] GBM NR 88 85 0.88 131 131 

Ahmed et al. [21] KNN 88.02 92.59 86.03 NR 100 100 

Akbar et al. [22] KNN 78.96 87.23 71.08 NR 199 199 

Garcia-Zamalloa et al.  [18] KNN 0.91 78 95 96 168 62 

Ghermi et al. [19] KNN 76 70.2 82.1 83 225 660 

Orjuela-Cañón et al. [17] LR 86 94 66 0.69 ± 0.017 184 36 

Ghermi et al. [19] LR 79 71.4 86.9 86 225 660 

Mei et al. [23] LR NR 99.75 99.76 99.78 15,287 15,287 

Peng et al. [24] LR 81 68.89 87.95 91 294 135 

Orjuela-Cañón et al. [17] MLP 80 82 68 0.71 ± 0.009 184 36 

Garcia-Zamalloa et al. [18] MLP 0.93 89 95 98 168 62 

Hu et al. [25] MLP 94.7 80 100 NR 27 37 

Ghermi et al. [19] NB 77 69 84.5 85 225 660 

Osamor and Okezie [26] NB 96 70 100 NR 100 100 

Ahmed et al. [21] PNN 91.02 100 86.46 NR 100 100 

Akbar et al. [22] PNN 79.82 93.04 93.62 NR 199 199 

Akbar et al. [22] RF 80.85 76.59 85.11 NR 199 199 

Orjuela-Cañón et al. [17] RF 66 87 36 0.67 ± 0.008 184 36 

Chen et al. [27] RF 85 76 88 NR 21,219 2,368 

Garcia-Zamalloa et al. [18] RF 0.93 89 95 98 168 62 

Ghermi et al. [19] RF 81 79.8 82.1 88 225 660 

Hu et al. [18] RF 89.47 80 85.71 NR 27 37 

Khanna and Rana [28] RF 78 71 87 0.78 100 100 

Peng et al. [24] RF 84 93.06 71.11 92 294 135 

Smith et al. [20] RF NR 88 84 0.87 131 131 

Ahmed et al. [21] SVM 97 99.24 93.53 NR 100 100 

Akbar et al. [22] SVM 84.04 82.98 85.11 NR 199 199 

Orjuela-Cañón et al. [17] SVM 81 95 55 0.56 ± 0.013 184 36 
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Authors Algorithms Accuracy Sensitivity Specificity AUC N+ N− 

Chen et al. [27] SVM 79 72 91 NR 21,219 2,368 

Ghermi et al. [19] SVM 82 82.1 82.1 88 225 660 

Hu et al. [25] SVM 89.47 80 100 NR 27 37 

Khanna and Rana [28] SVM 72 70 76 0.69 100 100 

Osamor and Okezie [26] SVM 95 60 100 NR 100 100 

Peng et al. [24] SVM 80 80 80.72 93 294 135 

Smith et al. [20] SVM NR 88 89 0.89 131 131 

Chen et al. [27] XGB 87 81 90 NR 21,219 2,368 

Ghermi et al. [19] XGB 83 83.3 83.3 89 225 660 

Peng et al. [24] XGB 84 71.1 91.67 93 294 135 

NR = Not reported; AUC = Area Under the Curve; NR = Not Reported; N+ = Number of True Positives; N− = Number of True 

Negatives; DT= Decision Tree; GBM = Gradient Boosting Machine; KNN = K-Nearest Neighbors; LR = Logistic Regression; MLP = 

Multi-Layer Perceptron; NB = Naive Bayes; PNN = Probabilistic Neural Network; RF = Random Forest; SVM = Support Vector 

Machine; XGB = XGBoost (Extreme Gradient Boosting). 

 

 

 Quality appraisal 

 Twelve diagnostic studies were evaluated for 

quality using the QUADAS-2 technique. Among them, 

one study was classified as having a high risk of bias, 4 

were assessed as moderate risk, and the other 7 were 

considered to have a low risk of bias, as seen in Figure 

2. In the area of patient selection, Garcia et al. [18] were 

assigned an ambiguous risk due to the study’s lack of 

adequate information on whether participants were 

recruited sequentially or randomly, as well as the clarity 

of pre-specified inclusion and exclusion criteria. 

Meanwhile, Osamor and Okezie [26] were 

rated unclear due to the apparent use of a retrospective 

dataset without clarifying if the study design was cohort-

based, which can introduce selection bias [23]. In 

the reference standard domain, Ahmed et al. received 

a high risk rating as the study failed to explain whether 

the reference standard was applied independently of the 

ML algorithm’s outcome which might lead to 

incorporation bias. For the flow and timing domain, 3 

studies were rated as unclear [20]. Mei et al. [23] did not 

specify the time interval between biomarker collection 

and reference testing. Khanna and Rana [28] lacked 

clarity on whether all participants received both the 

index and reference tests, and did not state if any patients 

were excluded from the final analysis [25]. 

Lastly, Ahmed et al. [21] showed discrepancies 

between the number of participants initially enrolled and 

those included in the outcome analysis.
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Figure 2 Risk of bias summary using the QUADAS-2 tool for randomized-controlled trial studies. The green region 

represents studies with a low risk of bias, the yellow region shows studies with unclear risk of bias, and the red region 

shows studies with a high risk of bias. 

 

 

 Pooled sensitivity, specificity, and accuracy of 

machine learning algorithms for biomarker-based 

tuberculosis diagnosis 

 The table displays the pooled sensitivity, 

specificity, and accuracy of various machine learning 

algorithms, along with their respective 95% confidence 

intervals (CI) and heterogeneity (I2 values). Algorithms 

include Decision Tree (DT), Gradient Boosting 

Machine (GBM), K-Nearest Neighbors (KNN), Logistic 

Regression (LR), Multilayer Perceptron (MLP), Naive 

Bayes (NB), Probabilistic Neural Network (PNN), 

Random Forest (RF), Support Vector Machine (SVM), 

and Extreme Gradient Boosting (XGB). PNN 

demonstrated the highest overall accuracy (0.928, 95% 

CI: 0.909 - 0.947) and sensitivity (0.961, 95% CI: 0.903 

- 1.000), while NB achieved the highest specificity 

(0.915, 95% CI: 0.784 - 1.000). Variability in 

performance metrics across algorithms highlights the 

diversity in diagnostic capabilities.
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Table 4 Summary outcomes of each algorithms. 

Algorithms 
Pooled sensitivity Pooled specificity Pooled accuracy 

Mean (95% CI) I2 Mean (95% CI) I2 Mean (95% CI) I2 

DT 0.952 (0.860 - 1.000) 98.50% 0.587 (0.227 - 1.000) 99.24% 0.897 (0.742 - 1.000) 98.00% 

GBM 0.852 (0.808 - 0.899) 51.84% 0.835 (0.814 - 0.857) 0.00% 0.844 (0.816 - 0.872) 50.76% 

KNN 0.784 (0.717 - 0.858) 88.68% 0.887 (0.826 - 0.954) 90.76% 0.834 (0.786 - 0.885) 90.21% 

LR 0.543 (0.284 - 1.000) 99.79% 0.785 (0.687 - 0.898) 94.92% 0.731 (0.599 - 0.893) 98.85% 

MLP 0.889 (0.817 - 0.968) 85.04% 0.809 (0.661 - 0.990) 90.41% 0.860 (0.794 - 0.931) 84.07% 

NB 0.692 (0.658 - 0.727) 0.00% 0.915 (0.784 - 1.000) 98.81% 0.820 (0.784 - 0.859) 63.42% 

PNN 0.961 (0.903 - 1.000) 89.27% 0.899 (0.833 - 0.969) 74.73% 0.928 (0.909 - 0.947) 0.00% 

RF 0.824 (0.776 - 0.875) 95.52% 0.773 (0.644 - 0.929) 99.38% 0.825 (0.795 - 0.856) 92.36% 

SVM 0.805 (0.734 - 0.882) 98.83% 0.855 (0.782 - 0.936) 98.71% 0.838 (0.793 - 0.887) 97.57% 

XGB 0.783 (0.714 - 0.859) 94.89% 0.882 (0.832 - 0.934) 92.74% 0.811 (0.782 - 0.842) 88.43% 

CI; Confidence Interval; I2: I-squared statisti; DT= Decision Tree; GBM = Gradient Boosting Machine; KNN = K-Nearest 

Neighbors; LR = Logistic Regression; MLP = Multi-Layer Perceptron; NB = Naive Bayes; PNN = Probabilistic Neural 

Network; RF = Random Forest; SVM = Support Vector Machine; XGB = XGBoost (Extreme Gradient Boosting). 

 

 

 Performance comparison of machine learning 

algorithms for biomarker-based tuberculosis 

diagnosis 

 This figure presents forest plots of sensitivity and 

specificity, along with their 95% CI, for various 

machine learning algorithms across different studies. 

Algorithms include DT, GBM, KNN, LR, MLP, NB, 

PNN, RF, SVM, and XGB. Each plot includes the TP, 

FP, FN, and TN values for individual studies. The blue 

squares represent the point estimates, while the 

horizontal lines indicate the 95% CI, demonstrating the 

variability and precision of sensitivity and specificity for 

each algorithm across different datasets. The 

consistency of performance varies between algorithms, 

with some (such as PNN) showing high sensitivity and 

specificity across studies, while others (such as LR) 

demonstrate greater variability.
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Figure 3 Forest plot summarizing sensitivity and specificity for different machine learning algorithms. The blue square 

and solid lines represent the odds ratio with 95% confidence intervals. The size of the squares indicates the weight of each 

study. The black rhombus indicates the pooled estimate with 95% confidence intervals. 
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 Summary receiver operating characteristic 

(sROC) curves of machine learning algorithms for 

biomarker-based tuberculosis diagnosis 

 In this sROC curves, sensitivity is plotted against 

1-specificity to evaluate the overall diagnostic 

performance. Each curve represents the trade-off 

between sensitivity and specificity for a specific 

algorithm, summarizing the diagnostic ability across 

studies. PNN and DT algorithms indicate superior 

diagnostic capabilities, characterized by higher 

sensitivity and specificity.

 

 

Figure 4 Summary receiver operating characteristic (sROC) curves for different machine learning algorithms. Data points 

on the plot correspond to individual study results, while the curves reflect the algorithm’s aggregated performance. The 

dashed diagonal line represents random classification performance. Algorithms with curves closer to the upper left corner 

indicate superior diagnostic capabilities, characterized by higher sensitivity and specificity. 

 

Table 5 Summary of Area Under Curve (sAUC) of each algorithms. 

Algoritma sAUC 95% CI p-value I2 (%) 

DT 0.8231 0.4876 - 1.1586 <0.0001 98.18 

GBM 0.8213 0.7425 - 0.9001 <0.0001 89.61 

KNN 0.8053 0.7375 - 0.8731 <0.0001 91.36 
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Algoritma sAUC 95% CI p-value I2 (%) 

LR 0.8342 0.7199 - 0.9485 <0.0001 98.41 

MLP 0.8307 0.6750 - 0.9863 <0.0001 95.97 

NB 0.8150 0.6790 - 0.9510 <0.0001 96.81 

PNN 0.9348 0.9157 - 0.9539 <0.0001 0.00 

RF 0.7828 0.7208 - 0.8448 <0.0001 96.81 

SVM 0.8194 0.7551 - 0.8837 <0.0001 98.11 

XGB 0.7385 0.6642 - 0.8129 <0.0001 96.68 

 

 Table 5 shows sAUC for various machine 

learning algorithms. Among all, PNN achieved the 

highest AUC (0.9348) with no observed heterogeneity 

(I2 = 0%), indicating consistent performance. LR, MLP, 

and GBM also showed high AUCs (above 0.82), 

suggesting good discriminative ability, though with high 

heterogeneity (I2 > 89%). In contrast, RF and XGB had 

lower AUCs (0.7828 and 0.7385, respectively) with 

substantial heterogeneity. SVM, NB, and DT presented 

statistically significant results, with high I2 values 

indicating variability across studies. All models had 

significant p-values (p < 0.0001), confirming the 

robustness of their pooled performance. Overall, PNN 

was the most consistent, while other algorithms showed 

considerable heterogeneity. 

 

Discussion 

 The present study evaluated the diagnostic 

performance of various ML algorithms for biomarker-

based TB diagnosis. Pooled sensitivity, specificity, and 

accuracy metrics were provided, complemented by 

forest plots and sROC curves to visualize their 

diagnostic capacity across different datasets. Overall, 

our findings emphasize the increasing importance of 

ML techniques in TB diagnostics, with significant 

differences in algorithmic performance. Among these, 

the PNN demonstrated superior performance with the 

highest pooled sensitivity (96.1%), specificity (89.9%), 

and accuracy (92.8%). PNN’s superior performance is 

due to its unique structure as a radial basis function 

(RBF) network that uses Bayesian decision theory to 

optimize classification [27]. It estimates probability 

density functions for each class and classifies samples 

based on maximum likelihood, which improves 

accuracy with complex, high-dimensional biomarker 

data. Its non-parametric nature allows it to adapt well to 

different datasets without extensive tuning, reducing 

sensitivity to variations in biomarkers and populations 

[28]. A previous study also reported that the PNN 

achieved remarkably high diagnostic performance, with 

an accuracy of 97.0%, sensitivity of 99.24%, and 

specificity of 92.53%, indicating its strong potential for 

detecting true TB cases while minimizing false positives 

[21]. These results suggest that PNN may be particularly 

effective in clinical settings where both early 

identification and precise discrimination between TB 

and non-TB cases are crucial. This makes PNN 

promising for TB diagnostics, especially in resource-

limited, high-burden areas. PNNs excel in learning 

complex patterns, adapting to various network 

architectures, and performing robustly in diverse 

applications. Their flexibility supports implementation 

across different systems, which is valuable for 

biomarker-based TB diagnostics that require efficient 

handling of high-dimensional data. Additionally, PNNs 

generalize well across datasets, enhancing their 

diagnostic accuracy and clinical utility [29]. In the 

present study, DT algorithms demonstrated high 

sensitivity (95.2%) and accuracy (89.7%), highlighting 

their strength in identifying TB cases [30]. By 

recursively partitioning data based on informative 

features, DTs create interpretable rule-based models that 

are easy to implement, especially in low-resource 

settings. However, their relatively low specificity 

(58.7%) indicates a tendency for false positives, which 

may lead to over-diagnosis. Their simplicity, 
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transparency, and ease of visualization support clinical 

decision-making. NB algorithms, on the other hand, 

achieved the highest specificity (91.5%), effectively 

identifying non-TB cases - particularly valuable in low-

prevalence areas [31]. However, with lower sensitivity 

(69.2%), NB models risk missing true TB cases. Despite 

these trade-offs, both DT and NB remain practical 

options for TB diagnostics in settings with limited 

computational resources due to their fast training, 

minimal complexity, and interpretability, which fosters 

clinical trust and usability [32]. 

 Our study also demonstrated that RF and SVM 

demonstrated balanced diagnostic performance, with 

pooled accuracy of 82.5% and 83.8%, respectively 

[21,33]. These models effectively handle complex, non-

linear relationships in biomarker data, making them 

suitable when both sensitivity and specificity are 

critical. RF showed slightly lower specificity (77.3%) 

than SVM (85.5%), but its ensemble nature offers 

robustness to variations in biomarker expression. SVM, 

with its ability to construct complex decision 

boundaries, excels in scenarios requiring precise 

classification. Their adaptability and performance make 

both models well-suited for TB diagnostics, particularly 

in resource-limited settings where diagnostic accuracy 

is vital. In contrast, LR yielded lower pooled sensitivity 

(54.3%) and accuracy (73.1%), with extremely high 

heterogeneity in sensitivity (I2 = 99.8%) [34,35]. This 

suggests instability across studies, likely due to LR’s 

reliance on linear relationships and its limited capacity 

to model complex feature interactions [25,34]. Such 

limitations hinder its performance on heterogeneous, 

high-dimensional datasets typical of TB biomarkers. 

While LR may still serve as a baseline comparator or for 

simpler diagnostic tasks, its reduced generalizability and 

tendency to underperform in nuanced classification 

highlight the need for more advanced ML approaches in 

TB diagnostics. SROC curves also showed that PNN, 

NB, and DT had the best sensitivity-specificity balance, 

indicating strong diagnostic performance. In contrast, 

LR and XGB were farther from the ideal curve, 

suggesting limited suitability for broad TB diagnostic 

use. 

 Prior research assessing machine learning 

algorithms in pulmonary tuberculosis indicated that 

decision trees were the most effective algorithm for 

analyzing clinical trial data, possibly attributable to the 

dataset’s properties and the aims of the analysis [43]. 

Although DT, RF, SVM, and NB exhibit commendable 

performance in many scenarios, more sophisticated 

methodologies such as Gradient Boosting Machines, 

Deep Learning (Neural Networks), DBN, and advanced 

ensemble approaches provide enhanced accuracy, 

adequately manage intricate interactions, and easily 

scale to extensive datasets [44]. For example, a DBN 

survival Cox model outperformed other ML algorithms 

in predicting overall survival in osteosarcoma patients 

[41].  Additionally, a Chinese study found RF to be the 

top-performing model among 6 ML approaches for 

predicting lymph node metastasis in Ewing’s sarcoma 

[45]. This difference could stem from the fact that prior 

studies dealt with different clinical conditions and 

prediction tasks (e.g., survival, metastasis), which may 

favor models designed for continuous outcome 

prediction or larger, more structured datasets. Therefore, 

the divergence in findings highlights the importance of 

matching ML algorithms to the specific data types and 

clinical questions in TB biomarker diagnostics versus 

other medical domains.  While this study primarily 

focuses on evaluating ML algorithms for TB 

diagnostics, it is equally important to consider the 

baseline diagnostic performance of the biomarkers 

themselves in the absence of ML. Previous meta-

analyses have demonstrated that individual biomarkers 

such as IFN-γ, IP-10, CRP, and certain miRNAs offer 

moderate diagnostic accuracy when used alone, 

typically achieving pooled AUCs ranging from 0.70 to 

0.80, with variable sensitivity and specificity depending 

on the population and setting [43].  However, when 

these same biomarkers are analyzed using ML 

algorithms, our findings indicate a substantial 

improvement in diagnostic performance, with pooled 

AUCs reaching up to 0.89 and enhanced balance 

between sensitivity and specificity. This comparison 

highlights the added value of ML in extracting more 

patterns from biomarker data, optimizing classification 

decisions beyond what conventional threshold-based 

interpretations can achieve. By integrating both 

biological and computational strengths, ML models 

amplify the clinical utility of existing biomarkers, 

enabling more accurate, timely, and context-adaptable 

TB diagnostics. 

 Our study findings carry important clinical 

implications, especially for resource-limited and high-
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burden settings. Algorithms with high sensitivity, such 

as PNN and DT, are ideal in such contexts as they 

enhance early detection of TB cases, enabling timely 

treatment and reducing community transmission [36]. In 

contrast, high-specificity algorithms such as NB are 

better suited for low-prevalence areas, where 

minimizing false positives helps conserve limited 

resources and reduce patient anxiety. For more balanced 

needs, RF and SVM offer strong overall performance, 

adaptable across various clinical settings [37]. Beyond 

diagnostics, ML integration supports hospital 

management through early case detection, contact 

tracing, and infection control [46]. In high-burden 

hospitals, sensitive algorithms can improve screening 

among patients and staff, aiding in early isolation and 

preventing nosocomial spread. In low-burden settings, 

specific models can prevent unnecessary isolation, 

ensuring efficient use of resources. This targeted 

application of ML enhances diagnostic workflows and 

infection control strategies across diverse healthcare 

environments [38,39]. This targeted ML approach can 

improve patient flow and reduce costs by minimizing 

overcrowding and optimizing bed use. ML-based risk 

assessment tools also help hospital administrators 

identify high-risk zones, guiding tailored infection 

control strategies like improved ventilation, triage 

systems, and staff rotation. However, given 

performance variability across studies, algorithm 

selection should be tailored to local data, population 

characteristics, and available resources [40]. Successful 

implementation requires both technical and strategic 

planning to enhance diagnostic accuracy, reduce TB 

burden, and support better patient care. As hospitals 

advance digitally, integrating ML into TB diagnostics 

can strengthen public health efforts, support clinical 

decisions, and reduce transmission in healthcare settings 

[41,42]. 

 A major strength of this study lies in its ability to 

synthesize diverse data to highlight the potential of ML 

models in enhancing diagnostic accuracy of TB on a 

global scale. However, several limitations should be 

acknowledged. Although biomarker type is likely to 

influence the diagnostic accuracy of ML models, our 

review did not perform subgroup analyses based on 

biomarker categories. This decision was made because 

most studies assessed multiple biomarkers 

simultaneously, and measurement platforms varied 

widely across investigations. Attempting to isolate 

individual biomarker effects in this context risked 

introducing methodological bias. Future studies using 

standardized biomarker panels and harmonized assay 

platforms are needed to systematically evaluate the 

relative contributions of different biomarker types and 

combinations to ML diagnostic performance. The 

differences in algorithm implementation in real-settings 

of each study can also contribute to the observed 

heterogeneity in results. Additionally, the lack of 

standardized evaluation metrics and reporting formats 

across studies limits the generalizability of the findings 

and hinders direct comparison. Despite these 

limitations, the study emphasizes the potential of 

machine learning algorithms in increasing tuberculosis 

diagnosis, as well as the necessity for standardized 

methodology to improve future research and clinical 

applications. Future studies might possibly fill these 

gaps. Finally, this systematic review intends to shed 

light on the application of machine learning algorithms 

in tuberculosis diagnoses, emphasizing their strengths, 

limits, and clinical significance. 

 

Conclusions 

 This systematic review and meta-analysis 

demonstrate that machine learning algorithms hold 

significant promise for biomarker-based tuberculosis 

diagnosis, with probabilistic neural networks (PNN) 

showing the most consistent performance, while 

decision trees and naïve Bayes offer interpretability and 

feasibility in resource-limited settings. However, the 

findings must be interpreted with caution given the high 

heterogeneity across studies, variability in biomarker 

types and assay methods, potential publication bias, and 

dataset imbalance. These limitations highlight the need 

for standardized biomarker panels, harmonized 

evaluation protocols, and balanced datasets to 

strengthen the reliability of future models. Moreover, 

deep learning approaches, though excluded from the 

present analysis, represent an important avenue for 

biomarker-based diagnostics that should be 

systematically assessed as the field evolves. Future 

research should integrate accuracy, explainability, and 

clinical feasibility to develop ML-driven diagnostic 

tools that are robust, equitable, and adaptable to diverse 

healthcare settings. 
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