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Abstract
The challenges to effective tuberculosis (TB) disease control are considerable, and the current global
targets for reductions in disease burden seem unattainable. The combination of complex pathophysiology
and technical limitations results in difficulties in achieving consistent, reliable diagnoses, and long
treatment regimens imply serious physiological and socioeconomic consequences for patients. Artificial
intelligence (AI) applications in healthcare have significantly improved patient care regarding diagnostics,
treatment and basic research. However, their success relies on infrastructures prioritising comprehensive
data generation and collaborative research environments to foster stakeholder engagement. This viewpoint
article briefly outlines the current and potential applications of advanced AI models in global TB control
and the considerations and implications of adopting these tools within the public health community.

Introduction
Tuberculosis (TB) is a persistent global health challenge, with 7.5 million new diagnoses and an estimated
incidence of 10.6 million cases in 2022 [1]. At present, achieving the World Health Organization (WHO)
End-TB Strategy’s ambitious aims for a 95% decrease in TB-related deaths and a 90% decline in TB
incidence rate by 2035 appears unrealistic [2].

The status quo of TB control methods is fraught with challenges. The standard passive case-finding
strategies fail to identify non-symptomatic infectious individuals with pulmonary TB, who represent a
large proportion (50.4%) of the overall disease burden, thereby hindering effective interruption of
transmission [3]. The tuberculin skin test and interferon-γ release assays, which are essential diagnostic
tests for sensitisation against Mycobacterium tuberculosis antigens, cannot distinguish between latent
infection or previous disease [4].

Current treatment regimens for adult drug-susceptible and drug-resistant TB are long, can result in serious
drug-related adverse health events, and represent a significant financial burden to patients [1]. Previous
efforts to reduce the duration of current regimens resulted in increased risk of treatment failure and
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relapse [5]. In addition, the inherent technical challenges of sputum culture-based treatment monitoring
complicate accurate patient follow-up in both programmatic and clinical trial settings, and are not
applicable in paucibacillary populations.

The increased prevalence of multidrug-resistant and extensively drug-resistant strains, and the emergence
of bedaquiline resistance, represent grave public health concerns and threaten to decrease rates of
successful treatment [1]. The deficits in current diagnostic, treatment and vaccination capabilities are clear;
urgent solutions are required if hopes for achieving the WHO End-TB targets are to be maintained.

Artificial intelligence (AI), heralded as the technology underpinning the fourth industrial revolution, has
resulted in paradigm-shifting breakthroughs in a variety of scientific disciplines, including healthcare.
Machine learning (ML) and deep learning (DL), subdivisions of AI, are distinguished by unique model
architectures and their methods for processing the characteristics, or “features”, of the input data. The
differences between ML and DL are expanded upon in figure 1 [6].

ML models can learn patterns from data and apply them in novel settings but involve human-based feature
engineering; raw data requires modification before input, which is time-consuming and demands high
levels of field expertise. This can be circumvented with DL-based models, which receive raw input data
without prior modification and generate new “intermediary” features from the raw input, permitting the
discovery of novel representations of features and, thereby, new patterns in the data [7]. The impact of
these tools in healthcare has been remarkable [6] but has caveats. Reaping the full benefits of such
powerful tools requires large and comprehensive datasets for model training. This prerequisite is easily
achieved in diseases such as cancer but is not as straightforward for TB. Despite this, there have been
exciting developments in AI implementation within TB disease control; for example, computer-assisted
diagnostic (CAD) algorithms for TB radiography analysis [8] and DL models designed to predict
mechanisms of antimicrobial resistance [9].

In this viewpoint, we present the opportunities where AI could be deployed to address the current issues
within TB disease control, and also seek to open a discussion of the future perspectives within the field in
light of the opportunities afforded by AI, including the associated challenges.

AI in the clinical setting
Diagnostics
The field of diagnostics was recently described as “the weakest link in TB disease control” [10]. However,
it is also the area in which the most significant contributions from AI-based tools have been achieved.
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FIGURE 1 Artificial intelligence, machine learning and deep learning hierarchy, with example models and
requirements. t-SNE: t-distributed stochastic neighbour embedding. Figure created in BioRender.
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In addition to some algorithms achieving sensitivity measures on a par with human experts (95.5%) [8],
implementation as standalone triage tools and with molecular diagnosis via nucleic acid amplification
techniques appears highly cost-effective [11]. WHO recommendations now include the use of CAD
algorithms for diagnosis where human experts are unavailable [12].

This has been possible in part by the use of radiography as a primary diagnostic tool for TB [13], resulting
in large volumes of radiographic imaging data available for model training, that have permitted the
formation of a range of datasets from patients across areas of high endemicity [14].

However, the requirement for expert labelling of these data points prior to model development presents a
significant barrier for researchers and public health professionals within low-resource settings. Transfer
learning and semi-supervised techniques could avoid requirements for labelled data in the future [15], but
examples from open-access initiatives, such as the VinDr-CXR dataset [16], demonstrate the power of
concerted data aggregation and collaborative data sharing efforts in the advancement of disease control.

AI in treatment
In TB, treatment success on standard of care regimens is high (∼88%) [1]. However, those patients at risk
of long-term outcomes like relapse and those that will suffer adverse treatment outcomes cannot currently
be stratified at baseline for alternative supportive therapies.

Prognostic determination of treatment outcome has resulted in significant improvements to patient care,
particularly in oncology [17]. Within TB, any improvements in treatment strategy must balance
overtreatment rates and management of the risk of adverse outcomes, including drug-induced injury and
disease relapse. Exciting work from IMPERIAL et al. [18] created a patient stratification framework for
optimised treatment duration based on markers of baseline disease severity by employing traditional
statistical modelling methods, and extension of this into ML modelling has produced a range of models
designed to predict treatment failure [19–22] and adverse events [23, 24]. The models incorporate a range
of data types, including clinical covariates like age and sex, and also transcriptomic gene signatures.
Notably, there is a visible gap between the creation of these models and their translation into clinical
practice, principally due to a generalised lack of validation in external datasets, and heterogeneity in the
included features, resulting in a wealth of standalone algorithms that did not translate directly to clinical
practice [25].

Exemplified in the case of diagnostic models based on radiographic image data, collaborative data
generation and sharing efforts would provide platforms through which these disparate models could be
systematically validated, hopefully improving rates of adoption into clinical practice. Another avenue is the
integration of data types into multimodal signatures; these types of ML models have demonstrated superior
performance to those based on unimodal data in other diseases [26] and TB [27].

AI in research
There are currently 28 antitubercular compounds in phase I–III trials, 18 of which are novel [28]. The
complexity of the M. tuberculosis organism is a significant hurdle in the rate of identification and
development of novel compounds [29]; deployment of ML methods for the large-scale screening [30] and
compound prioritisation processes [31] stands to streamline the TB drug development pipeline and provide
a novel tool in efforts to overcome drug resistance.

The recent advances in basic research into host–pathogen interactions are exciting examples of the insights
available in TB research following investment in complex data generation. Improved resolution of the
underlying cellular dynamics of disease and treatment response has been made possible in a range of
infectious diseases by novel molecular techniques like single-cell multi-omics. The high-dimensional
datasets produced by these methods are rich opening avenues for novel drug target pathways or
host-directed therapies [32]. However, these data require powerful neural networks to extract meaningful
biological signals [33]. Initial application of these methods in TB has provided insights into long-term
memory T-cell behaviour [34], identified novel immune cell subpopulations across infection states [35],
and expanded on the concepts of pretreatment patient classification [36].

Opportunities, considerations and future perspectives
Although the potential advances afforded by AI-based analysis tools are considerable, attitudes within the
medical community towards AI remain an important facet of the discussion. Natural language models, a
type of DL model incorporated for automating administrative tasks for clinicians and nurses, resulted in
savings in working hours of 17% and 51%, respectively [37]. However, varied perceptions of the true
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extent of AI model capabilities have been reported. There are established concerns from healthcare workers
regarding the accuracy of AI-based clinical decision algorithms and the perceived loss of professional
autonomy. Negative attitudes towards AI and an observed lack of direct clinical translation are
compounded by the prevalence of “black-box” model architectures [38]. Two key factors of model design
contribute to this issue: accuracy and interpretability [39].

Black-box architectures, in which sacrifices in algorithm interpretability are made for increased accuracy,
pose obvious problems in patient-centred approaches and weaken trust from healthcare providers, as it
becomes difficult to determine how diagnostic decisions are achieved and their clinical relevance.
Solutions have arisen from tools such as Grad-CAM [40], which are designed to include increased
interpretability of convolutional neural network architectures used for image data analysis.

Concerns regarding the propagation of racial bias in algorithm development are established and central to
the discussion of AI in healthcare [41]. However, studies examining the intersection between model
interpretability and bias propagation within computer-assisted clinical decision-making are now
highlighting the further nuances of this problem, concerning physician over-reliance on model output.
Using a case study of respiratory failure diagnosis, JABBOUR et al. [42] demonstrated that while the greatest
diagnostic performance was achieved by physicians plus interpretable model support, incorrect model
interpretations significantly worsened diagnostic accuracy, even to below the performance of the physician
alone. The results of this work are summarised in table 1.

What is important to note is that the accuracy of physicians’ interpretations was highest when accompanied
by accurate, interpretable AI tools. This also suggests important considerations for future collaborations
between ML engineers and healthcare professionals; that there should be a concerted focus on model
integration workflows that maintain and encourage physician autonomy with additional theoretical training
concerning model functionality.

Conclusions
As outlined above, the issues in TB control are multifaceted. Diagnostic tools that increase our capabilities
in terms of accuracy and access to reliable triage and screening tools, and thereby facilitate earlier detection
of disease risk would result in improvements in the interruption of onward transmission, and subsequently
disease prevention. Streamlining of drug development pipelines to aid rapid identification of novel compounds
and effective treatment regimens would be invaluable in the face of rising rates of antibiotic resistance.

The initial applications of AI-based tools to these problems have produced exciting results but with an
important caveat: their success has relied on access to large and comprehensive training and validation
datasets. We consider this the principal issue currently hindering replication of the previous achievements
of AI-based medicine in TB, being summarised in what we term a “data paucity cycle”: a profound lack of
data, particularly for validation purposes, leads to unsuccessful efforts to develop translatable tools, in turn
resulting in a lack of evidence to convince further investment, ultimately leading back to data paucity.

Efforts from consortia, such as UNITE4TB, an innovative industry–academia collaborative network, stand to
effect meaningful change [43]. With EUR 185 million funding for the acceleration of new treatment regimen

TABLE 1 Comparison of performance metrics from different physician and deep learning algorithm
combinations in the diagnosis of acute respiratory failure due to three possible causes (pneumonia, heart
failure or COPD)

Diagnostic framework Absolute percentage difference in
accuracy (95% CI)

Baseline (physician alone)#

Physician+standard model 2.9 (0.5–5.2)
Physician+standard model+model-derived interpretation 4.4 (2.0–6.9)
Physician+biased (incorrect) model −11.3 (−15.5–−7.2)
Physician+biased (incorrect) model+model-derived interpretation −9.1 (−13.2–−4.9)

Diagnostic accuracy and percentage point differences in accuracy were determined by calculating predictive
margins and contrasts across vignette settings after fitting a cross-classified generalised random effects model
of diagnostic accuracy. #: diagnostic accuracy was 73.0% (95% CI 68.3–77.8%). Information from [42].
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generation, key strategic decisions regarding expansive data generation, including detailed clinical, genomic
and host transcriptomic data, across multiple international clinical treatment trials represent an unparalleled
novel resource for the development of powerful AI models and a break in the data paucity cycle.

Achieving the WHO End-TB Strategy targets and a future without TB will require concerted efforts in
developing novel strategies. AI-based technologies have produced impressive advances in diagnosing and
treating several diseases, but are reliant on the availability of large, comprehensive and high-quality datasets.
High-level stakeholders and funding bodies in TB control programmes can become key effectors of change
through commitments to quality data generation and prioritising collaborative data-sharing cultures.

Disclaimer: This communication reflects the authors’ view and neither IMI nor the European Union, EFPIA, or any
Associated Partners are responsible for any use that may be made of the information contained therein.

Conflict of interest: M. McCLean and T.C. Panciu declare no competing interests. C. Lange is supported by the
German Center of Infection Research; has provided consultation services to INSMED, a company that produced
liposomal amikacin as an inhalative suspension for the treatment of NTM-PD, outside of the scope of this work;
has received speakers’ honoraria from INSMED, GILEAD, AstraZeneca and GSK, outside the scope of this work; and
is a member of the Data Safety Board for trials from Medicines sans Frontiers, outside of the scope of this
work. R. Duarte declares the following current grants: NTMENACE: Nontuberculous mycobacteria from drinking
water: beyond the lung disease epidemic (PTDC/BIA-MIC/0122/2021) (01/01/2022–31/12/2024; Team Member);
UNITE4TB: Academia and Industry innovation and treatment for Tuberculosis. (H2020 - UNIT4TB - 101007873) (01/
06/2021–31/05/2028; WP Lead on communication). F. Theis is supported by the EU-IMI2 101007873; has provided
consultation service to Immunai, Singularity Bio B.V., Cytoreason Ltd and Cellarity, outside of the scope of this
work; has received speakers’ honoraria from Genentech, Roche, ThirdRockVentures and Boehringer Ingelheim,
outside of the scope of this work; is a member of the Advisory Board for National High Performance Computing of
Technische Universität Dresden, the Scientific Advisory Board Max Planck Institute for Intelligent Systems, is a
member of European Molecular Biology Laboratory’s (EMBL) Scientific Advisory Committee and is a member of the
Advisory Board of “Molecular Systems Biology”, all outside of the scope of this work; and has an ownership
interest in Dermagnostix GmbH and Cellarity.

Support statement: This project has received funding from the Innovative Medicines Initiative 2 Joint Undertaking
(JU) under grant agreement No 101007873. The JU receives support from the European Union’s Horizon 2020
research and innovation programme and EFPIA, Deutsches Zentrum für Infektionsforschung e. V. (DZIF), and
Ludwig-Maximilians-Universität München (LMU). EFPIA/AP contribute 50% of the funding, whereas the contribution
of DZIF and the LMU University Hospital Munich has been granted by the German Federal Ministry of Education
and Research. C. Lange is supported by DZIF under Grant agreement TTU-TB 02.709.

References
1 World Health Organization. Global tuberculosis report 2023. Geneva, World Health Organization, 2023. https://

www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
2 World Health Organization. Executive Board 134th session: global strategy and targets for tuberculosis

prevention, care and control after 2015. Geneva, World Health Organization, 2013. https://apps.who.int/gb/
ebwha/pdf_files/EB134/B134_12-en.pdf

3 Frascella B, Richards AS, Sossen B, et al. Subclinical tuberculosis disease—a review and analysis of
prevalence surveys to inform definitions, burden, associations, and screening methodology. Clin Infect Dis
2021; 73: e830–e841.

4 Pai M, Behr MA, Dowdy D, et al. Tuberculosis. Nat Rev Dis Primer 2016; 2: 16076.
5 Wallis RS, Peppard T, Hermann D. Month 2 culture status and treatment duration as predictors of recurrence

in pulmonary tuberculosis: model validation and update. PLoS One 2015; 10: e0125403.
6 Bhinder B, Gilvary C, Madhukar NS, et al. Artificial intelligence in cancer research and precision medicine.

Cancer Discov 2021; 11: 900–915.
7 LeCun Y, Bengio Y, Hinton G. Deep learning. Nature 2015; 521: 436–444.
8 Codlin AJ, Dao TP, Vo LNQ, et al. Independent evaluation of 12 artificial intelligence solutions for the

detection of tuberculosis. Sci Rep 2021; 11: 23895.
9 Kuang X, Wang F, Hernandez KM, et al. Accurate and rapid prediction of tuberculosis drug resistance from

genome sequence data using traditional machine learning algorithms and CNN. Sci Rep 2022; 12: 2427.
10 Pai M, Dewan PK, Swaminathan S. Transforming tuberculosis diagnosis. Nat Microbiol 2023; 8: 756–759.
11 Geric C, Qin ZZ, Denkinger CM, et al. The rise of artificial intelligence reading of chest X-rays for enhanced TB

diagnosis and elimination. Int J Tuberc Lung Dis 2023; 27: 367–372.

https://doi.org/10.1183/20734735.0056-2024 5

BREATHE VIEWPOINT | M. MCCLEAN ET AL.

on first page for reuse rights. 
 on December 12, 2024 at Helmholtz Zentrum Muenchen - Zentralbibliothek. Please see licensing informationhttps://publications.ersnet.orgDownloaded from 

https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023
https://apps.who.int/gb/ebwha/pdf_files/EB134/B134_12-en.pdf
https://apps.who.int/gb/ebwha/pdf_files/EB134/B134_12-en.pdf
https://apps.who.int/gb/ebwha/pdf_files/EB134/B134_12-en.pdf
https://apps.who.int/gb/ebwha/pdf_files/EB134/B134_12-en.pdf


12 Foundation for Innovative New Diagnostics. Digital Chest Radiography and Computer-aided Detection (CAD)
Solutions for Tuberculosis Diagnostics. Technology Landscape Analysis. 2021. www.finddx.org/wp-content/
uploads/2023/04/20210407_rep_lsc_digital_chest_xray_tb_dx_FV_EN.pdf

13 World Health Organization. Chest radiography in tuberculosis detection: summary of current WHO
recommendations and guidance on programmatic approaches. Geneva, World Health Organization, 2016.
https://iris.who.int/handle/10665/252424

14 Santosh K, Allu S, Rajaraman S, et al. Advances in deep learning for tuberculosis screening using chest
X-rays: the last 5 years review. J Med Syst 2022; 46: 82.

15 Kotei E, Thirunavukarasu R. A comprehensive review on advancement in deep learning techniques for
automatic detection of tuberculosis from chest X-ray images. Arch Comput Methods Eng 2024; 31: 455–474.

16 Nguyen HQ, Lam K, Le LT, et al. VinDr-CXR: an open dataset of chest X-rays with radiologist’s annotations. Sci
Data 2022; 9: 429.

17 Dercle L, Fronheiser M, Lu L, et al. Identification of non–small cell lung cancer sensitive to systemic cancer
therapies using radiomics. Clin Cancer Res 2020; 26: 2151–2162.

18 Imperial MZ, Nahid P, Phillips PPJ, et al. A patient-level pooled analysis of treatment-shortening regimens for
drug-susceptible pulmonary tuberculosis. Nat Med 2018; 24: 1708–1715.

19 Hamada Y, Penn-Nicholson A, Krishnan S, et al. Are mRNA based transcriptomic signatures ready for
diagnosing tuberculosis in the clinic? - A review of evidence and the technological landscape. eBioMedicine
2022; 82: 104174.

20 Peng A-Z, Kong XH, Liu S-T, et al. Explainable machine learning for early predicting treatment failure risk
among patients with TB-diabetes comorbidity. Sci Rep 2024; 14: 6814.

21 Chinagudaba SN, Gera D, Dasu KKV, et al. predictive analysis of tuberculosis treatment outcomes using
machine learning: A Karnataka TB data study at a scale. arXiv 2024; preprint [https://doi.org/10.48550/arXiv.
2403.08834].

22 Heyckendorf J, Marwitz S, Reimann M, et al. Prediction of anti-tuberculosis treatment duration based on a
22-gene transcriptomic model. Eur Respir J 2021; 58: 2003492.

23 Bogale L, Tenaw D, Tsegaye T, et al. A score to predict the risk of major adverse drug reactions among
multi-drug resistant tuberculosis patients in southern Ethiopia, 2014–2019. Infect Drug Resist 2022; 15:
2055–2065.

24 Zielinski N, Baiceanu D, Dragomir A, et al. A transcriptomic biomarker predicting linezolid-associated
neuropathy during treatment of drug-resistant tuberculosis. Pathog Immun 2024; 9: 25–42.

25 Peetluk LS, Rebeiro PF, Ridolfi FM, et al. A clinical prediction model for unsuccessful pulmonary tuberculosis
treatment outcomes. Clin Infect Dis 2021; 74: 973–982.

26 Acosta JN, Falcone GJ, Rajpurkar P, et al. Multimodal biomedical AI. Nat Med 2022; 28: 1773–1784.
27 Mulenga H, Fiore-Gartland A, Mendelsohn SC, et al. The effect of host factors on discriminatory performance

of a transcriptomic signature of tuberculosis risk. EBioMedicine 2022; 77: 103886.
28 World Health Organization. 6. TB research and innovation. Geneva, World Health Organization, 2023. www.who.

int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
29 Craggs PD, de Carvalho LPS. Bottlenecks and opportunities in antibiotic discovery against Mycobacterium

tuberculosis. Curr Opin Microbiol 2022; 69: 102191.
30 Radchenko EV, Antonyan GV, Ignatov SK, et al. Machine learning prediction of mycobacterial cell wall

permeability of drugs and drug-like compounds. Molecules 2023; 28: 633.
31 Lane TR, Urbina F, Rank L, et al. Machine learning models for Mycobacterium tuberculosis in vitro activity:

prediction and target visualization. Mol Pharm 2022; 19: 674–689.
32 Rood JE, Maartens A, Hupalowska A, et al. Impact of the human cell atlas on medicine. Nat Med 2022; 28:

2486–2496.
33 Wolf FA, Angerer P, Theis FJ. SCANPY: large-scale single-cell gene expression data analysis. Genome Biol 2018;

19: 15.
34 Nathan A, Beynor JI, Baglaenko Y, et al. Multimodally profiling memory T cells from a tuberculosis cohort

identifies cell state associations with demographics, environment and disease. Nat Immunol 2021; 22: 781–793.
35 Cai Y, Dai Y, Wang Y, et al. Single-cell transcriptomics of blood reveals a natural killer cell subset depletion in

tuberculosis. EBioMedicine 2020; 53: 102686.
36 DiNardo AR, Nishiguchi T, Grimm SL, et al. Tuberculosis endotypes to guide stratified host-directed therapy.

Med; 2: 217–232.
37 Hazarika I. Artificial intelligence: opportunities and implications for the health workforce. Int Health 2020; 12:

241–245.
38 Lambert SI, Madi M, Sopka S, et al. An integrative review on the acceptance of artificial intelligence among

healthcare professionals in hospitals. NPJ Digit Med 2023; 6: 111.
39 Rane S. The balance: accuracy vs. interpretability. Medium. Date last accessed 21 February 2024. Date last

updated: 3 December 2018. https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b38614
08062

https://doi.org/10.1183/20734735.0056-2024 6

BREATHE VIEWPOINT | M. MCCLEAN ET AL.

on first page for reuse rights. 
 on December 12, 2024 at Helmholtz Zentrum Muenchen - Zentralbibliothek. Please see licensing informationhttps://publications.ersnet.orgDownloaded from 

https://www.finddx.org/wp-content/uploads/2023/04/20210407_rep_lsc_digital_chest_xray_tb_dx_FV_EN.pdf
https://www.finddx.org/wp-content/uploads/2023/04/20210407_rep_lsc_digital_chest_xray_tb_dx_FV_EN.pdf
https://www.finddx.org/wp-content/uploads/2023/04/20210407_rep_lsc_digital_chest_xray_tb_dx_FV_EN.pdf
https://iris.who.int/handle/10665/252424
https://iris.who.int/handle/10665/252424
https://doi.org/10.48550/arXiv.2403.08834
https://doi.org/10.48550/arXiv.2403.08834
https://doi.org/10.48550/arXiv.2403.08834
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2023/tb-research-and-innovation
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062


40 Selvaraju RR, Cogswell M, Das A, et al. Grad-CAM: visual explanations from deep networks via gradient-based
localization. Int J Comput Vis 2020; 128: 336–359.

41 Wiens J, Saria S, Sendak M, et al. Do no harm: a roadmap for responsible machine learning for health care.
Nat Med 2019; 25: 1337–1340.

42 Jabbour S, Fouhey D, Shepard S, et al. Measuring the impact of AI in the diagnosis of hospitalized patients:
a randomized clinical vignette survey study. JAMA 2023; 330: 2275–2284.

43 Unite4TB. Accelerating the development of new treatment regimens for tuberculosis. 2023. www.unite4tb.
org/accelerating-development-new-treatment-regimens-tuberculosis

https://doi.org/10.1183/20734735.0056-2024 7

BREATHE VIEWPOINT | M. MCCLEAN ET AL.

on first page for reuse rights. 
 on December 12, 2024 at Helmholtz Zentrum Muenchen - Zentralbibliothek. Please see licensing informationhttps://publications.ersnet.orgDownloaded from 

https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis
https://www.unite4tb.org/accelerating-development-new-treatment-regimens-tuberculosis

	Artificial intelligence in tuberculosis: a new ally in disease control
	Abstract
	Introduction
	AI in the clinical setting
	Diagnostics
	AI in treatment

	AI in research
	Opportunities, considerations and future perspectives
	Conclusions
	References


