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Chapter 

Imaging and AI Techniques in 
Intrapulmonary Tuberculosis 
Diagnosis and Management
Victor Chigbundu Nwaiwu

Abstract

Pulmonary tuberculosis (PTB) remains a major health threat worldwide, 
resulting in millions of deaths yearly, despite ongoing global, regional, and 
national efforts to eradicate and control this highly infectious disease. The lungs 
are the primary organs affected, which can be permanently damaged or spread to 
other body parts if not treated early, medical imaging crucial in diagnosis, 
assessment, staging, monitoring, and guidance. Chest X-ray (CXR) is the 
standard initial screening tool for suspected PTB , providing an overall view of 
structures within the chest. Computed tomography (CT) provides more insights 
into lymphadenopathy and early bronchogenic spread. Positron emission 
tomography–computed tomography (PET/CT) is being explored for determining 
treatment response. Radiological appearances of PTB alongside details from 
diverse research across these imaging modalities were evaluated. A targeted 
screening approach involving taking X-ray services down to the doorstep of many 
in TB-endemic countries, including strategies such as campaigning, mass 
screening, active case finding, and contact tracing, certainly yielded better 
results. AI introduction in imaging has surprisingly been instrumental to the 
recent success and giant strides made in addressing PTB. Empirical studies have 
demonstrated the remarkable performance of AI techniques such as machine 
learning (ML), deep learning (DL), natural language processing (NLP), expert 
systems (ES), robotics, and fuzzy logic (FL) in PTB imaging tasks – worklist 
management, triaging/prioritization, dose optimization, diagnosis/reporting, and 
treatment outcome prediction. However, while it is necessary for models to 
undergo robust training and validation, it is imperative to address growing 
ethical and regulatory concerns regarding responsible AI use.

Keywords: medical imaging, AI techniques, intrapulmonary tuberculosis, diagnosis, 
management

1. Introduction

Pulmonary tuberculosis (PTB) is a form of tuberculosis (TB) that affects the 
lungs, accounting for a large majority (85–90%) of reported TB cases worldwide. 
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It is the most frequent clinical manifestation of the disease and poses a globally 
significant health issue, with incidence rates varying significantly by region, 
from low rates in high-income countries to high rates in low- and middle-income 
countries, primarily in Asia (45%), Africa (23%), Western Pacific (18%), Eastern 
Mediterranean (8.1%), Americas (2.9%), and Europe (2.2%) [1, 2].

The prevalence of intrapulmonary TB in 2017 globally was 9.6 cases per 100,000 
people, and this figure is projected to increase to 11.4 by 2030. In 2021, statistics 
reveal that 10.6 million people were affected, with a whopping 6.4 million newly 
diagnosed TB cases, of which 5.3 million are PTB [2, 3]. Recent figures from the 
World Health Organization (WHO) reveal a staggering 1.25 million deaths, making it 
currently the world’s leading cause of death from a single infectious agent [4]. 
Several driving factors are responsible for these abysmal results. The fact that 
millions of people with intrapulmonary TB are missed by diagnostic systems 
each year is one factor. Multidrug-resistant TB (MDR-TB), a public health crisis 
characterized by resistance to at least two of the most effective first-line anti-TB 
drugs (isoniazid and rifampicin), is yet another factor (estimated 450,000 new cases 
annually), making standard TB treatments ineffective and resulting in longer, more 
complex, and expensive treatment courses (nearly 20 times greater than those 
associated with drug-sensitive TB). Also, the impact of HIV coinfection with TB has 
worsened treatment outcomes [5]. Despite global efforts that have resulted in saving 
about 79 million lives since 2000, its easy spread nature and late detection mean the 
world is unlikely to meet the WHO milestone of a 75% reduction in TB mortality 
between 2015 and 2025, reports the World Bank [6]. Early detection of 
intrapulmonary TB remains key to preventing transmission and improving health 
outcomes [7].

The following medical imaging techniques are proven modalities used to diagnose 
and manage intrapulmonary TB:

● Chest radiography (chest X-ray [CXR])

● Computed tomography (CT)

● Positron emission tomography–computed tomography (PET/CT)

Chest radiography, otherwise called CXR, remains the first-line imaging due 
to its ready availability, cost-effectiveness, and relatively low radiation dose [8]. 
Chest X-ray screening services have been very useful in intrapulmonary TB 
programs in TB-endemic countries (mostly rural areas) faced with a higher 
burden and greater barriers to accessing health services, which can affect 
outcomes. Computed tomography is usually resorted to in the detection and 
characterization of subtle lung lesions, lymphadenopathy, and bronchiectasis 
[9]. Positron emission tomography–computed tomography (PET/CT) is 
a hybrid technology that combines the anatomical information from CT with 
the metabolic information from PET, allowing for the visualization of 
metabolically active areas and distinguishing between active and inactive TB 
lesions [10].

The advent of artificial intelligence (AI), rooted in advanced algorithms and 
learning systems, and its integration with imaging modalities, is beginning to make 
waves in contemporary TB practice and research in a bid to further improve 
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intrapulmonary TB diagnosis and management strategies, cutting across aspects of 
worklist management, prioritization, dose reduction, image quality, and reporting 
tasks [11]. It is in these imaging and AI directions that this chapter looks to 
synthesize evidence.

2. Intrapulmonary TB

Intrapulmonary TB is an airborne infectious disease confined in the lungs and 
caused by the bacteria Mycobacterium tuberculosis. The International Consensus 
for Early TB (ICE-TB) framework distinguishes latent-active paradigm of TB, 
from disease to infection state that is symptomatic (chest pain, cough, weakness 
or fatigue, weight loss, night sweats, and loss of appetite) and highly 
contagious [12].

Latent intrapulmonary TB is commonly diagnosed using a TB skin test (Mantoux 
test) or a TB blood test (interferon gamma release assay [IGRA]), as imaging tests 
alone cannot accurately diagnose the latent TB state but help identify individuals at 
higher risk of progressing from latent to active [13]. Without treatment, latent 
intrapulmonary TB can develop into active intrapulmonary TB, although it is 
important to note that not all active cases begin as latent (see Figure 1). While some 
people infected with intrapulmonary TB develop a latent infection (one in four 
people globally are estimated to have a latent TB infection), it is possible for the 
infection to progress directly to active disease within weeks or months 
(see Figure 2). Its easy-to-spread nature when in the active state (via airborne 
droplets released when an infected person coughs or sneezes) makes it quite difficult 
and challenging to control, which is the reason imaging techniques are crucial for 
early diagnosis and effective management [14, 15]. Risk factors include exposure to 
infected persons, congregate settings (homeless shelters, correctional facilities), 

Figure 1. 
Latent and active intrapulmonary tuberculosis.
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certain health conditions (e.g., diabetes, cancer, kidney disease), environment 
(being born in or frequently traveling to high TB burden countries), and lifestyle 
factors (malnutrition, smoking/tobacco use, excessive alcohol consumption) [16, 
17]. Following recent studies [18], it has become imperative to disrupt the chain of 
transmission that sustains the TB epidemic by intensifying efforts in detecting and 
treating PTB, employing population-wide imaging approaches such as mass 
screening, targeted chest screening, contact tracing, and further imaging tests 
[19, 20].

3. Anatomy of the lung

The lungs are large, air-filled, spongy organs, both encased by membranes 
called the pleura, contained within and protected by the thoracic cage, also 
known as the rib cage (see Figure 3). The right and left main bronchi, which are 
a continuation of the trachea, alongside blood vessels, nerves, and lymphatic 
vessels, penetrate and enter each lung on the medial surface in a region called the 
hilum and thereafter branch extensively throughout the lung. Each lung 
(right and left lung) is divided anatomically into distinct lobes by fissures, 
with each lobe containing a portion of the bronchial tree leading into the 
alveoli [21].

The right lung (slightly shorter and wider than the left) has three lobes: superior, 
middle, and inferior, and two fissures: horizontal fissure and oblique fissure (the 
horizontal fissure separates the superior and middle lobes, while the oblique fissure 
separates the middle and inferior lobes). The left lung has two lobes: superior and 
inferior, and one fissure: oblique fissure (the oblique fissure separates the superior 
and inferior lobes) [22].

Figure 2. 
Active intrapulmonary tuberculosis.
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4. Imaging of intrapulmonary TB (modalities, diagnosis, and 
assessment)

4.1 Chest X-ray

Conventional chest X-ray is the initial modality employed for screening and 
diagnosis and remains the standard for detecting and monitoring intrapulmonary 
TB. It makes use of a small dose of ionizing radiation (approximately 0.1mSv) to 
produce pictures of the internal structures of the thoracic region (lungs, ribs, heart, 
airways, blood vessels, bones, and diaphragm), capturing the resulting image on an 
image receptor system. The image produced depicts different levels of absorption 
that occur in the various tissues, creating contrast. A standard posteroanterior (PA) 
and lateral view is the typical initial screening projection, although an 
anteroposterior (AP) lordotic view may be used as a supplementary projection to 
better visualize lung apices if obscured [8].

X-ray systems are large, stationary units typically found in hospitals. 
Nonetheless, due to the need to bring diagnostic services directly to hard-to-reach 
communities, mobile vans equipped with digital X-ray machines gained traction for 
rapid and efficient on-site intrapulmonary TB screening to identify and manage 
cases. The mobile van facility comprises an inbuilt X-ray room, battery/capacitor- 
assisted X-ray unit and generator, operator/computer room, uninterrupted power 
supplies (UPS), and lead protective walls/shields (see Figure 4a). The use of mobile 
vans in mass screening campaigns was successful in detecting a large pool of 
prevalent intrapulmonary TB cases among hard-to-reach populations, and surveys of 

Figure 3. 
Anatomy of the lungs.
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follow-up campaigns showed significant reductions in the burden of this disease, 
overcoming socioeconomic barriers and improving access to high-quality TB 
treatment [23]. A similar mobile van equipped with a digital X-ray machine was 
again useful in detecting 236 (3.4%) TB cases out of 6,899 screened in a cross- 
sectional descriptive study [24]. Elsewhere, mobile chest X-ray screening events (in 
camps) that screened a total of 1,214,289 individuals (from 2017 to 2021) detected 
7,625 cases of intrapulmonary TB and patients successfully treated [25]. These 
findings agree with an epidemiological analysis of historical data on mass chest X-ray 
screening conducted in 2024, demonstrating a major and sustained reduction in TB 
case notifications [26]. In the studies of [27], mobile X-ray targeted screening for TB 
resulted in an overall yield of 200 per 100,000 persons screened, with a focus at 
homeless persons and problem drug users. This proves that targeted active case 
finding using X-rays has the potential to deliver a major contribution to 
intrapulmonary TB. Despite several positives, this approach has been reported to 
suffer logistics and funding challenges, impacting successful TB program 
implementation across the globe especially in low resource settings [24, 28].

Contemporary practice in chest radiography has witnessed the creation of 
portable systems that prioritize convenience and accessibility, now being deployed 
for diagnostic and/or screening activities located far from health structures, for 
example, outreach interventions (see Figure 4b). This battery-powered and 
completely wireless transportable technology (weighing less than 30 kg, including 
all accessories) allows rapid and accurate chest X-ray services for intrapulmonary 
TB to be brought directly to communities and can be performed in remote 
locations, resource-constrained or other non-clinical settings. It possesses an 
energy-efficient high-frequency generator that produces image quality comparable 
to stationary X-ray systems and an integrated digital detector and precise 
collimation system; but since it is mostly not performed in a dedicated room, it will 
demand adequate radiation protection measures put in place, such as distance, 
time, and shielding [29].

Community-based screening efforts with these portable digital X-ray units, as 
illustrated, have shown the potential to identify people with intrapulmonary TB at 
a very early stage in their disease course and to substantially increase notification 
rates. Its emerging use in combination with AI systems is rapidly reshaping the 
landscape of imaging practice.

Artificial intelligence is concerned with replicating human intelligence in 
machines, trained to perform knowledge-intensive tasks, accomplish advanced 

Figure 4. 
(a) Mobile van housing compact digital X-ray machine and (b) portable X-ray system.
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functions, solve problems, and make decisions. The roots of AI can be traced back to 
the 1940s, when the “Turing test” – a test to check the ability of a machine to exhibit 
intelligent behavior equivalent to human intelligence – sparked the first AI conference 
held at Dartmouth College. McCarthy’s AI programming language (LISP), 
Weizenbaum’s interactive natural language processing (NLP) computer program 
(ELIZA), and Shakey, the mobile robot, were notable achievements between the 
1940s and 1970s, which laid the foundation for the discovery of expert systems (ES) 
(knowledge-based systems MYCIN and EMYCIN), algorithms, machine learning 
(ML), and deep learning (DL) from the 1970s to the 2020s. Later advances have seen 
AI systems being able to process vast amounts of data to make accurate predictions 
and generate images, texts, videos, and 3D designs in response to prompts. This is 
known as generative AI (GenAI), rooted in the GPT (generative pre-trained 
transformer) architectural foundation and built into different language models such as 
GPT-1, GPT-2, GPT-3, and GPT-4. GenAI continues to learn and evolve, using neural 
networks to identify patterns and undergoing training on large unlabeled datasets to 
predict outcomes in the same ways humans act [30].

In the field of medical imaging, the ability of these computer systems to learn to 
identify complex patterns and trends in radiographic images and reports 
(via feature learning techniques, artificial neural networks [ANNs], NLP, etc.) 
without constant guidance from humans is the reason behind AI’s successful 
integration with imaging technologies. They are able to extract features from images, 
identify abnormalities, and generate reports. Chest X-ray–compatible AI-powered 
computer-aided detection (CAD) software solutions (such as CAD4TB 
[Delft Imaging], INSIGHT CXR [Lunit], and qXR [Qure.ai]) have been able to solve 
intra and inter-reader variability of CXR reporting and the challenging nature of 
precise adherence of human readers to guidelines on CXR interpretation by 
providing reports in a few seconds/minutes that are consistent, adaptable, and 
unaffected by fatigue, stress, or lapses of concentration. AI-powered portable X-ray 
systems could be deployed either in the form of cloud-based solutions or offline 
systems. The cloud-based option is cheaper, quicker to troubleshoot, and easier to 
upgrade to new services/software versions, and it can be accessed by a central expert 
radiologist for quality control, although it is dependent on stable internet 
connections with high upload bandwidth and may experience downtime, resulting in 
major delays in screening practices, particularly when not used in conjunction with 
an on-site human reader. The offline category does not need an internet connection 
and can be very useful for screening in remote areas that lack stable internet, but 
it requires expensive laptops with high-end computing and graphical processing 
power; also, installation and maintenance can be cumbersome. Nevertheless, a key 
consideration will be the availability of information technology (IT)/human 
resources for support as well as skilled personnel to conduct CXR examinations, 
maintain the equipment, and read the results [31–33].

This AI feature has significantly increased the diagnostic capacities of the system, 
its efficacy and efficiency, and its appropriateness and advantages of use, as seen in 
the latest studies. Abiola, in 2025, with the aim of bringing pulmonary TB 
screening innovations to hard-to-reach communities and strengthening the active 
case-finding interventions for TB, demonstrated an average presumptive TB 
proportion of 10.84 ± 5.42% and 10% confirmed TB cases from 94,694 subjects 
screened using ultra-portable digital X-ray with CAD4TB [34]. Similarly, 
a Delft-light backpack portable digital X-ray CAD4TB unit identified 1,140 (13.9%) 

Imaging and AI Techniques in Intrapulmonary Tuberculosis Diagnosis and Management 
DOI: http://dx.doi.org/10.5772/intechopen.1014716

7



presumptive TB cases out of a total of 8,230 participants screened for PTB, with the 
proportion of confirmed TB cases given as 12.0% and 5.6% for men and women, 
respectively (P < 0.001) [35]. The evaluation of the ultra-portable X-ray system 
revealed its significant potential to improve PTB case detection and equitable access 
to high-quality TB care, producing a mean image quality rating of 3.71 (compared to 
a reference of 3.99, P < 0.001) with no significant differences in TB abnormality 
scores, nor in any of the steps along the TB care cascade during campaigning [36]. In 
a comparative study of ultra-portable CXR screening to TB symptom screening in 
campaigns, it was found to provide more efficient TB screening in hard-to-reach 
areas, with the AI feature able to improve triaging when human readers are 
unavailable and save expensive diagnostic testing costs [37]. According to 
a recent formative assessment in 2024, the implementation of a portable digital chest 
X-ray machine at the community level is the best means for PTB screening/contact 
tracing, allowing for more TB contacts living with the index patient to be 
screened without proximity and transportation constraints [38]. In a further 
literature review, the heterogeneity of active TB risk among population groups was 
noted, indicating that systematic chest X-ray-led screenings should be targeted at 
specific high-risk groups rather than universally applied to optimize PTB yield [39].

Chest radiography contains a large amount of information about a patient’s 
health and has great clinical value in the diagnosis of a range of chest anomalies. 
Radiographic findings associated with active intrapulmonary TB (Figure 5a–d) are 
[40–42]:

(1) Airspace disease: Infiltration, consolidation, or opacification of lung parench
yma involving any lung segment or lobe (Ghon focus) and silhouetting 
adjacent structures, including caseating granuloma (also known as 
a tuberculoma, representing a pulmonary nodule), which typically 
calcifies, becoming a Ghon lesion.

(2) Lymphadenopathy: Chest X-ray is usually unremarkable during the 
incubation stage (CT preferred) but typically presents with lobulated 
hilar/paratracheal opacity. There is potential for airway attenuation or 
deviation. A doughnut sign may be observed on a lateral radiograph. 
Airway compression or displacement is the most reliable finding. 
Attenuation can result in distal ipsilateral hyperinflation, atelectasis, or 
consolidation.

(a) (b) (c) (d)

Figure 5. 
Primary and post-intrapulmonary tuberculosis appearance on a chest X-ray.
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(3) Cavitation: Cavity formation is the hallmark of postprimary TB. Small cavities 
are easily missed on CXR, as it is often difficult to distinguish a small cavity 
from consolidation. Airspace opacification surrounding an area of cavitation 
represents central caseous necrosis and liquefaction. An air-fluid level may 
represent secondary infection.

(4) Miliary TB: Chest X-ray is usually unremarkable at the onset but manifests as 
diffuse small non-calcified/sarcoid nodules (1–3 mm to 5 mm in diameter, 
randomly distributed throughout both lungs with a “snow-storm” appear
ance) with intra and interlobular septal thickening. Computed tomography is 
able to demonstrate miliary disease before it becomes radiographically 
apparent. This miliary pattern, well-defined, uniformly distributed, and 
representing hematogenous dissemination, is different from the tree-in-bud 
nodules seen under bronchiectasis below, which have a patchy distribution 
and are poorly defined.

(5) Pleural effusion: Increased homogeneous density superimposed over the lung 
fields, more commonly seen in 30–40% of adult cases and 5–10% of pediatric 
cases.

Chest X-ray is a vital and preferred imaging technique employed to monitor 
intrapulmonary TB treatment and clinical outcomes, such as response to 
characteristic features like infiltrates, cavitation, effusion, lymphadenopathy, and 
miliary pattern (see Figures 6, 7 and Table 1). Repeated tissue damage and repair 
often result in pulmonary fibrotic scarring, linear opacity, calcifications, or volume 
loss on CXR even after treatment [43].

4.2 Computed Tomography

Computed tomography is the method of choice to reveal early bronchogenic 
spread in postprimary intrapulmonary TB and is more sensitive than CXRs in 
detecting lymphadenopathy and characterizing the infection as active or not. A CT 
scan combines a series of X-rays to create cross-sectional, detailed gray-scale images 
of internal structures in the chest region that represent the distribution of X-ray 
attenuation coefficients. Images obtained through 360 degrees then undergo 
reconstruction into three primary planes – axial, coronal, and sagittal – from a single 
3D dataset, allowing for detailed multiplanar views of the anatomy [44].

A CT machine is very bulky and expensive and requires on-site installation. Most 
importantly, it involves a much higher dose of radiation (5–7mSv) compared to 
a standard CXR (0.1mSv), which poses a greater health risk, especially for routine 
screening, making it impractical for widespread screening. Again, CT alone lacks the 
sensitivity and specificity required for accurate intrapulmonary TB diagnosis due to 
overlapping imaging features with other conditions like lung cancer, leading to 
misdiagnosis, and is therefore not recommended for routine use [45, 46].

It is, therefore, not recommended for initial mass screening but is useful in 
certain clinical situations (see Figures 8–10 and Table 2) [42, 47, 48]:

(1) Lymphadenopathy: Right paratracheal and hilar lymph nodes are the most 
common sites of nodal enlargement (>2 cm), with a “rim sign,” consisting of 
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Figure 6. 
Chest X-ray in PTB.

Figure 7. 
Right paratracheal and hilar lymphadenopathy before and after treatment.

1 Patches of consolidation

2 Centrilobular nodules (tree-in-bud appearance)

3 Miliary nodules

4 Cavitation

5 Lymphadenopathy

6 Fibro-cavitary changes and pleural effusion

Table 1. 
Summary of CXR findings. 
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a low-density center representing caseous necrosis, surrounded by 
a peripheral enhancing rim due to granulomatous inflammatory tissue. 
Contrast-enhanced CT delineates lymph nodes and shows central necrosis 
well, along with peripheral rim enhancement. It allows accurate assessment of 

Figure 8. 
Multifocal pulmonary opacities.

Figure 9. 
Imaging comparison on CXR and CT of same patient.
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lymph node compression, measurement of stenosis length, and prediction 
of whether the offending node is endobronchial, submucosal, or 
peri-bronchial.

(2) Bronchiectasis: Early bronchogenic spread in CT appears as 2–4-mm cen
trilobular nodules (inflammatory lesions in the bronchioles and peri- 
bronchial alveoli) and sharply marginated linear branching opacities 
around terminal and respiratory bronchioles (tree-in-bud sign). This sign 
mimics the branching pattern of a budding tree, and an increased broncho- 
arterial ratio (severely dilated bronchial lumens or bronchial wall thick
ening, leading to increased broncho vascular markings) is indicative of 
bronchiectasis.

(3) Differentiation between active and latent PTB: While chest radiographs may 
show mild or nonspecific findings in patients with active PTB, studies reveal 
that CT scans can correctly diagnose 91% of cases of PTB and correctly 
characterize 80% of patients with active disease and 89% with inactive dis
ease. Features include cavitation/cavity lesions, clusters of nodules, presence 
of centrilobular nodules, and consolidation involving the apex, the superior 
segment of the right or left lower lobe, or the posterior segment of the right 
upper lobe or left upper lobe.

Computed tomography provides insights into postprimary intrapulmonary TB/ 
treatment, such as the response to parenchymal, airway, pleural, mediastinal, and 
vascular sequelae of intrapulmonary TB (although CXR, to some extent, can reveal 

Figure 10. 
PTB CT chest windowing alt- text: (a) Axial mediastinal and (b) lung window sections denoting cavities with 
air-fluid levels in left lower lobe, consolidation, associated pleural effusion and bronchiectatic changes encircled 
in right lower lobe.

1 Location Upper lobes, superior segments of the lower lobes, subpleural consolidation

2 Nodules Centrilobular (tree-in-bud), miliary, peri-lymphatic

3 Lymph nodes Hilar and mediastinal, calcified, central necrosis (rim sign), enhancing

4 Pleural involvement Pleural effusion, empyema, bronchopleural fistula

Table 2. 
Summary of CT findings. 
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some of these features) (see Figures 11 and 12). These include calcified mediastinal 
or hilar masses with central airway narrowing, mediastinal lymphadenopathies, 
early bronchogenic spread, bronchial obstruction secondary to fibrosis (which may 
result in obstructive pneumonia or atelectasis), pulmonary vessel encasement, and 
compression of the superior vena cava [49].

4.3 Positron emission tomography–computed tomography

Is a hybrid form of imaging in nuclear medicine that involves the injection of 
a radioactive compound such as F-18 Choline, Ga68 PSMA, F-18 Choline, F-18 
PSMA, C11 Methionine, 18F-FDG (18F-fluorodeoxyglucose, most common) into 
the body, which undergoes decay to produce two 511 KeV gamma photons 
following annihilation, detected externally with a PET scanner. This imaging 
method provides both anatomic and metabolic information and is widely used for 
the differentiation of malignant from benign lesions, including identifying 
patients at high risk of relapse. It works by the accumulation of 18F-FDG in 
inflammatory cells such as neutrophils, activated macrophages, and lymphocytes 
at the site of inflammation or infection; these signals are detected as 18F-FDG 
uptake, usually seen in intrapulmonary TB, in tuberculoma, and in other TB- 
related lesions [50].

Several studies have demonstrated the relevance of PET/CT in assessing the 
response to intrapulmonary TB treatment (although it can mimic lung cancer), 
owing to its high sensitivity in detecting and assessing disease activity, 

Figure 12. 
Follow-up CT after eight weeks of treatment.

Figure 11. 
Imaging comparison on CXR and CT of same patient presenting with PTB.
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inflammation, response to therapy, and malignancy (see Figures 13 and 14). 
However, it is not for routine use and involves high radiation exposure.

Chen [51], in a prospective study, discovered bronchial spread of PTB, primarily 
from cavities but occasionally from consolidations, with PET/CT displaying 17% new 
or expanding lesions linked to cavities via bronchial inflammation that were not 
present at baseline.

Active PTB shows increased 18F-FDG uptake with high standardized uptake 
values (although it may mimic cancer). Evaluating FDG/PET-CT studies assessing 
response to treatment in a recent review in 2024 [52, 53] showed a decrease of 31% in 
18F-FDG standardized uptake value after one month of treatment. This finding 
seems consistent with [54], where a reduction in the total glycolytic activity index by 
30–62% at four weeks of treatment in cured patients was observed. With treatment, 
this translates to a reduction in standardized uptake value max as noted in [55]. On 
the contrary, the standardized uptake value in nonresponders to TB treatment was 
higher after four months, outperforming lymph node size in predicting 
nonresponders (P < 0.01) [56], which agrees with studies where baseline 
standardized uptake value and the number of lymph node regions involved were 
higher in treatment nonresponders [52].

Predicting unfavorable outcomes or recurrent infections is another aspect. 
Treatment failure was reflected by the failure to reduce the total glycolytic activity 

Figure 13. 
Whole-body PET scan.
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index by < 80% at the end of treatment (EoT) in 2020 [57]. In cases requiring 
a longer duration of treatment and higher chances of mortality, nonresponse at 12  
weeks following PET/CT imaging was observed [58]. Persistent metabolic activity at 
EoT may signal metabolically active old lesions (not active); thus, correlation with 
clinical data is essential when assessing EoT [59].

4.4 Ultrasound

Ultrasound, though portable, cost-effective, and radiation-free, lacks sufficient 
evidence regarding its appropriateness as a diagnostic imaging method for 
intrapulmonary TB. Nevertheless, studies have reported its useful role in 
identifying pleural effusions and guiding minimally invasive interventional 
procedures, such as the placement of chest tubes, drainage of loculated collections, 
thoracentesis, and percutaneous biopsy of subpleural pulmonary consolidations or 
pleural plaques [60].

5. AI techniques in imaging of intrapulmonary TB (workflow, triaging, 
prioritization, diagnosis, dose reduction, image quality, reporting, and 
treatment outcome prediction) and concerns

Artificial intelligence is a set of technologies that empowers intelligent 
computers to learn, reason, and perform a variety of advanced tasks in ways 
that used to require human intelligence, utilizing certain techniques, methods, 
and algorithms to successfully carry out knowledge-intensive tasks. Artificial 
intelligence use in intrapulmonary TB diagnosis/management is rapidly 

Figure 14. 
Previously healed PTB: CT and 18F-FDG-PET/CT imaging comparison among two subjects.
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evolving, employing techniques such as ML, DL, NLP, ES, fuzzy logic (FL), and 
robotics. However, ML and DL appear to be the most used due to their robust 
performance (see Figures 15 and 16).

5.1 Machine learning

Machine learning is powered by “algorithms,” which inform the computer how to 
learn to operate on its own. These algorithms are the step-by-step instructions that 
enable an intelligent system to complete a task and are divided into three major types 
(supervised, unsupervised, and reinforcement learning) based on the learning 
process involved to make predictions. Supervised learning entails humans acting as 
a guide, training the model on a labeled dataset on predefined tasks, for example, 
classification (predicting distinct class labels) and regression (predicting 
a continuous quantity). In unsupervised learning, the computer learns from an 
unlabeled dataset with no defined output to identify complex processes and patterns 

Figure 15. 
Artificial intelligence and major domains.

Figure 16. 
Natural language processing and components.
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in the absence of constant guidance from humans, for example, cluster analysis and 
feature learning tasks (feature extraction and feature selection). Reinforcement 
learning, on the other hand, is characterized by the absence of both human 
intervention and a training dataset, as the system learns from its experience through 
repeated trial and error [30].

In imaging and management of PTB, ML algorithms (supervised and 
unsupervised), as seen in studies, play vital roles in workflow, diagnosis, prediction, 
and dose reduction. Popular ML models that carry out these tasks include k-nearest 
neighbors (KNN), support vector machine (SVM), decision tree (DT), hierarchical 
clustering, random forest (RF), k-means clustering, logistic regression, and naive 
Bayes (NB) [61–63]. A brief description of these models is given in Table 3.

As seen in a practical case study on PTB screening [64], an AI-integrated queue 
management system driven by advanced algorithms was extremely useful in 
workflow, worklist management, and crowd control, promoting orderliness, 
accuracy, communication, and maintaining privacy. These parameters are vital in 

ML model Type and function Role in PTB imaging

K-nearest neigh
bors (KNN)

Supervised; classification 
and regression

Classifies a pixel or region (e.g., a lung nodule) based on the 
majority class of its “k” closest neighbors (already labeled 
images) in the feature space and averages values for regression

Support vector 
machine (SVM)

Supervised; classification 
and regression

Robust classification by finding the best “hyperplane” (deci
sion boundary) to separate TB-positive features from healthy 
lung features, also extended to regression

Decision tree 
(DT)

Supervised; classification 
and regression

Tree-like model of decisions (e.g., “Is the nodule solid? Is it 
calcified?”) to classify regions/discrete classes and continuous 
values (regression) by choosing different splitting criteria; 
also useful for interpretability

K-means 
clustering

Unsupervised; clustering 
and feature learning

Partitions data points into a predefined number of clusters 
(k), where each data point belongs to the cluster with the 
nearest mean (centroid); useful in CXR image segmentation, 
feature analysis, and as a component in CAD automated 
diagnostic systems

Hierarchical 
clustering (HCA)

Unsupervised; clustering 
and feature learning

Builds a hierarchy of clusters and does not require the number 
of clusters to be specified beforehand, offers natural group
ings within complex image data (e.g., various subgroups of 
radiographic presentations of PTB), correlates severe 
pulmonary radiological manifestations with clinician data, 
facilitates feature extraction, and enhances advanced deep 
learning models

Random forest 
(RF)

Supervised; classification 
and regression

Ensemble of many decision trees by averaging predictions 
from individual trees for regression and taking the majority 
vote for classification, thus improving robustness and accu
racy, making it strong at handling noisy PTB CXR image data

Logistic 
regression

Supervised; classification 
and regression

Classifier that extracts image features to predict the prob
ability of PTB presence and odds ratios

Naïve Bayes 
(NB)

Supervised; classification 
and regression

Uses probability (Bayes’ theorem) to predict disease and 
classification and is good for text-based or feature-rich PTB 
data

Table 3. 
Description of popular ML models. 
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improving the quality of care and clinical outcomes, owing to the highly infectious 
and widespread nature of the disease. Elsewhere [65], an ML algorithm (XmarTB 
tool) reportedly yielded a sensitivity of 98.1% and specificity of 99.7% in detecting 
PTB cases among abnormal CXRs, as well as a sensitivity of 96.7% and specificity of 
98.7% in detecting PTB cases among all CXRs, proving to be an accurate diagnostic 
tool in automatically detecting abnormal CXRs and satisfactorily differentiating PTB 
from other thoracic diseases. This is consistent with the studies of [66], where 
a similar CAD software (comprising image preprocessing, extracting region of 
interest [ROI] regions, extracting ROI features, and classifying disease according to 
the features) enhanced CXR interpretation and resulted in the discovery of more 
PTB patients during community screening initiatives. In addition, the use of noise 
reduction algorithms has achieved dose reductions of approximately half (47.8%) in 
CXR without compromising image quality for abnormal lung findings [11]. 
Furthermore, ML models (DT) were useful in predicting PTB treatment success and 
adverse effects (accuracy – 92.72%, AUC – 0.909, precision – 95.90%, recall – 
95.60%, and F1-score – 95.75%), thus improving PTB management [67]. However, as 
radiological data continues to increase disproportionately in comparison with 
trained readers, determining in a robust way features for PTB as well as other chest 
abnormalities has opened up opportunities for advancing traditional CAD systems in 
imaging, leading to deep learning.

5.2 Deep learning

Deep learning entails the use of “artificial neural networks”, which comprise 
several processing layers to learn from data, mimicking the way the brain processes 
information. Examples of common DL algorithms are multilayer perceptron (MLP), 
convolutional neural networks (CNNs), long short-term memory networks 
(LSTMs), recurrent neural networks (RNNs), generative adversarial networks 
(GANs), and Autoencoder. Convolutional neural network is the most widely used 
DL algorithm, consisting of a convolutional layer (feature extraction), pooling layer 
(feature selection), and connected layer (integrates extracted features), which has 
been excellent in diagnosis, triaging/prioritization, and dose reduction in PTB 
imaging (see Figure 17) [60]. Table 4 describes these algorithms [68–70].

As demonstrated in the experimental studies of [71], an AI system based on CNNs 
(incorporating NLP) successfully automated real-time triaging of adult CXR on the 

Figure 17. 
DL model- PTB in CXR.
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basis of the urgency of imaging appearances (critical, urgent, nonurgent, or normal), 
recording sensitivity, specificity, positive predictive value, and negative predictive 
value of 71%, 95%, 73%, and 94%, respectively. A feature that can be incorporated 
during mass screening programs further reduced the average reporting delay time 
from 11.2 to 2.7 days for critical imaging findings (P < 0.001) and from 7.6 to 4.1 days 
for urgent imaging findings (P < 0.001). A similar deep neural network was found to 
be non-inferior to radiologists for active pulmonary TB triaging in a population with 
a high TB burden (P < 0.001) [72].

The use of recent DL-based models for accurate and precise detection of PTB in 
CXR achieved classification accuracy, precision, recall, F1-score, and AUC values of 
99.29%, 99.30%, 99.29%, 99.29%, and 0.999, respectively, asserting the system’s 
efficacy and superiority to clinicians’ precision in PTB diagnosis [73].

Evaluation of three popular DL systems (CAD4TB, Lunit INSIGHT, and qXR) for 
PTB detection in CXR TB programs achieved similar AUC values (CAD4TB [0.92, 
95% CI: 0.90–0.95], Lunit [0.94, 95% CI: 0.93–0.96], qXR [0.94, 95% CI: 0.92–0.97]) 
with significantly higher sensitivity than radiologists (except one), further reducing 
by 66% the number of Xpert MTB/RIF confirmation tests for PTB, which is the gold 
standard, while also maintaining sensitivity at 95% or better [74]. The findings of 
[75] noted a nearly perfect AUC (0.99) for PTB in CXR.

An integrated DL model, upon evaluation in PET/CT, yielded hugely promising 
results (AUC 0.84 [0.82–0.88], sensitivity 0.85 [0.80–0.88], and specificity 0.84 

DL algorithms Description Role in PT imaging

Multilayer perceptron 
(MLP)

Fully connected network consisting of 
an input layer, one or more hidden 
layers, and an output layer, utilizing 
the backpropagation technique

Basic detection and classification 
tasks in PTB struggle with complex 
spatial patterns compared to CNNs

Convolutional neural 
networks (CNNs)

Comprise convolutional layers (fea
ture detection and extraction), pool
ing layers (feature aggregation), and 
connected layers (feature integration)

Excel at spatial feature extraction 
(lesions, opacities) in PTB diagnosis, 
segmenting lung fields, classifying 
disease severity, and dose reduction

Recurrent neural networks 
(RNNs) and Long short-term 
memory networks (LSTMs)

Consist of a generator (creates 
content) and a discriminator 
(checks for accuracy) in processing 
sequential data and capturing 
temporal patterns

Sequential data, like changes over 
time or time-series scans, crucial for 
tracking PTB disease progression and 
treatment response in follow-up scans 
(with LSTMs handling longer depen
dencies better) and predicting future 
disease states

Generative adversarial net
work (GAN)

Comprises of input, hidden layers 
(for remembering information), and 
output

Data augmentation and image 
enhancement, for example, generat
ing synthetic PTB X-rays to balance 
datasets and creating high-quality 
images for better model training

Autoencoder Feedforward neural network, made 
up of the encoder, the code, and the 
decoder trained to repeat data from 
the input to the output layer

Feature extraction/compression, cap
turing essential features with minimal 
data loss, dose reduction, image 
enhancement, and PTB anomaly 
detection

Table 4. 
Description of popular DL models. 
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[0.83–0.87]) in distinguishing PTB nodules from lung cancer based on DL features, 
radiomic features, and clinical information [76].

In chest CT, there was no statistically significant difference between the deep 
learning CNN model and the physicians in detecting PTB [77]. Interestingly, another 
study proved that the mean effective radiation dose of ultra-low-dose CT following 
DL algorithm use (CycleGAN) was 0.12 mSv, with a mean 93.9% reduction 
compared to standard-dose CT, still producing quality images [78].

5.3 Natural language processing

Natural language processing (NLP) is an AI technique that understands and 
processes human language development in the form of texts or spoken words 
(historically focused on English due to larger datasets, but significant advances are 
now happening with multilingual tools such as translation and chatbots). Natural 
language processing comprises natural language understanding (NLU), which 
understands the arrangement of words and sounds, and natural language generation 
(NLG), which produces sentences. NLP in PTB imaging has applications across 
dataset creation, report generation, diagnosis, and assistance in clinical decision- 
making [60].

Natural language processing has been used to generate captions for abnormal 
CXR (pulmonary diseases such as PTB) in 283 seconds (consistent with the 
radiologist’s report), which provides prior information for writing reports and 
making CXR interpretation more efficient [79]. Natural language processing 
(embedded into deep CNN) also generated reports of lung diseases (TB) from 
CXR, achieving an accuracy of 94% [80]. In addition, an NLP model discovered 
PTB in an incidental lung nodule (ILN) follow-up program on a CT scan, 
which produced positive acid-fast bacilli (AFB) testing and a positive culture 
for pan-susceptible Mycobacterium tuberculosis, prompting initiation of 
treatment [81].

5.4 Expert system

Expert system refers to a computer program that learns by accumulating 
knowledge and integrates it with a set of rules (inference rules engine) to make 
decisions; the main components are the knowledge base, inference engine, and user 
interface. It is mostly used in conjunction with ML/DL systems to improve accuracy. 
In the research of Zulkifli et al. [82], they developed InceptionV3, a lung disease 
diagnosis expert system (built on CNN and SVM architecture), which uses human 
knowledge to diagnose lung TB (including other lung diseases) in CXR. It produced 
one of the best results – classification accuracy, precision, recall, and F1-score were 
0.86, 0.91, and 0.91, respectively.

5.5 Robotics

It is a system in which robots are conditioned to carry out certain tasks without 
any further human intervention. Excellent results in robotic-assisted lung resection 
surgery on patients with advanced intrapulmonary TB have been observed, 
demonstrating the efficacy and safety of using robots in standard lobectomy with 
pulmonary TB [83]. Elsewhere, robot-assisted thoracoscopic (RATS) bi-lobectomy 
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for PTB yielded very impressive results with a one-year follow-up, reducing some 
limitations of video-assisted thoracoscopic surgery (VATS) [84].

5.6 Fuzzy logic

Fuzzy logic is rooted in approximate reasoning and decision-making, applied 
in situations where true or false cannot be ascertained. It comprises four parts as 
follows:

(1) Rule base: It contains all rules and conditions to control decision-making.

(2) Fuzzification: It converts crisp input into fuzzy sets.

(3) Inference engine: It checks for the degree of match between fuzzy inputs and 
rules

(4) Defuzzification: It converts fuzzy sets to crisp output.

Recently, in 2024, a novel fuzzy lattice (formed using X-ray image pixels and 
lattice kinetic energy (K.E.) assisted EJAYA Q-Learning, utilizing a classifier for the 
automatic detection of pulmonary TB (presence or absence)) remarkably achieved 
accuracy, sensitivity, specificity, precision, and F-score of 95.50%, 96.39%, 94.40%, 
95.52%, and 95.95%, respectively. When compared with contemporary classification 
techniques, it showed superiority in terms of accuracy (96.928% and 95.905% for 
presence and absence of PTB, respectively) and speed of classification (39.98  
seconds) [85].

The use of AI effectively and safely in PTB imaging requires a thoughtful and 
cautious approach, acknowledging that while AI offers immense potential, it also 
presents significant risks, ranging from data privacy issues, security concerns, cost/ 
hardware limitations, algorithmic biases, information accuracy and reliability 
challenges, and ethical and regulatory ambiguities. It is important to anonymize data 
where possible, adjust privacy settings (e.g., access, deletion, restrict data 
processing), educate patients on informed consent for data sharing, and implement 
strong cybersecurity measures. Again, training models on large, quality, and diverse 
datasets will boost accuracy, robustness, and generalizability. Issues regarding 
transparency, explainability, accountability, human oversight, and regulatory 
frameworks need to be addressed. Above all, interdisciplinary collaboration, 
stakeholder engagement, AI literacy, external funding for AI research, and 
continuous professional development training are required to effectively integrate 
AI into imaging practice, understanding its capabilities and limitations [11, 30].

6. Conclusion

Medical imaging plays a critical role in the screening, diagnosis, treatment, and 
management of intrapulmonary TB; AI applications are rapidly gaining momentum 
and enthusiasm for their utilization due to impressive results. However, rigorous 
validation of AI models, as well as ethical considerations, must be in check to 
guarantee responsible AI use.
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