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Tuberculosis is a leading cause of death from infectious disease worldwide, and is an epidemic in many
developing nations. Countries where the disease is common also tend to have poor access to medical
care, including diagnostic tests. Recent advancements in artificial intelligence may help to bridge this
gap. In this article, we review the applications of artificial intelligence in the diagnosis of tuberculosis
using chest radiography, covering simple computer-aided diagnosis systems to more advanced deep
learning algorithms. In so doing, we will demonstrate an area where artificial intelligence could make a
substantial contribution to global health through improved diagnosis in the future.
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INTRODUCTION
T uberculosis (TB) is an epidemic in many parts of the
world, being responsible for 1.6 million deaths in 2017;
in the same year, 10 million people developed the dis-

ease (1). TB is the leading cause of death from infectious disease
worldwide and disproportionately affects developing regions,
such as Africa and South-East Asia (1). Frequently, countries
that suffer from a high TB prevalence are also resource-poor,
lacking in medical staff and equipment.
Perhaps the most pressing issue relating to TB is the emer-

gence of multidrug resistant strains of the disease. About
558,000 people developed TB resistant to the most common
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anti-TB drug, rifampicin, in 2017; 82% of these patients had
multidrug resistant TB (1). Identification of such patients and
controlling resistant strains of the disease will be a significant
challenge in the developing world for decades to come.

Artificial intelligence (AI) has been posited as a solution to
assist in the fight against TB. AI’s applications in diagnostic
radiology may be able to provide accurate means of detecting
the disease for low-income nations. In this article, we will
review the literature on AI and TB imaging, suggesting future
avenues for development and innovation.
CHEST RADIOGRAPHY AND TB

The radiographic presentation of pulmonary TB is varied,
making it a challenging diagnosis. Firstly, it is important to
distinguish between active and latent TB. Active TB is char-
acterized by the presence of consolidation and cavitary lesions
in the lungs, and has a high risk of infectious spread (2). By
contrast, latent TB is characterized by stable fibronodular
changes, such as scarring and nodular opacification, and has a
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low risk of infectious spread (although the disease can be reac-
tivated later in life) (2). Latent TB can also present with no
radiographic signs. In practice, there is considerable overlap
between the appearance of active and latent TB; the only
definitive method to distinguish them is by observing for
temporal resolution over a period of 4�6 months, where
radiographic stability indicates the presence of latent TB.
Both active and latent TB requires medical treatment, how-
ever, from a public health standpoint, active TB is more con-
cerning due to its infective risk.

Active TB itself can be subdivided into different forms: pri-
mary TB, post-primary TB, and miliary TB. Primary TB dem-
onstrates patchy consolidation on chest radiography, which can
be present anywhere in the lung fields. The condition is fre-
quently associated with a pleural effusion. Post-primary TB
presents similarly, but is more likely to present with cavitations
and shows a predilection for the apical and upper lung zones.
Miliary TB shows multiple, diffusely located nodules in both
lung fields and carries are poor prognosis (2). All of these
descriptions constitute active TB, demonstrating the challenge
in screening for the condition using chest radiography.

In patients with human immunodeficiency virus/acquired
immune deficiency syndrome (HIV/AIDS), the appearance
of TB varies depending on the severity of the disease. In a
screening examination, AIDS patients with T-cell CD4+
counts above 200 cells/mm3 exhibit signs of typical post-pri-
mary TB; conversely, when the CD4+ count falls to below
200 cells/mm3, atypical signs, such as lower zone opacifica-
tion, pleural effusion, or mediastinal adenopathy are more
common (3). Since AIDS and TB are frequently comorbid in
the developing world, the features of TB in these patients are
particularly pertinent.

Furthermore, when reading a chest radiograph, other diag-
noses must be considered. The differential diagnosis for con-
solidation is broad, including different forms of pneumonia,
neoplastic disease, edema, and hemorrhagic disease. There-
fore, not only is TB a challenging diagnosis to make due to
its wide-ranging presentation, but it also has several mimics
that have a similar radiological appearance. The combination
of these factors makes the interpretation of TB screening
examinations difficult for untrained observers.

The diagnosis of TB on a chest radiograph varies consider-
ably between interpreting physicians. Linh et al. conducted a
case-control study on TB chest radiographs, which demon-
strated only a moderate interrater reliability (weighted kappa
coefficient) of 0.60 and 0.67 for two different classification
systems (4). Furthermore, the diagnosis of TB has relatively
poor overall accuracy, with Kumar et al. (5) reporting a sensi-
tivity and specificity of 78% and 51% respectively in a study
of 75 radiographs from a Nepalese center; the accuracy is bet-
ter for more distinctive findings, such as miliary TB, with
another study reporting a sensitivity of 59%�69% and speci-
ficity of 97%�100% for this finding (6).

For patients with HIV/AIDS, the figures are similarly
poor. In a study of 403 HIV-positive children sited in Bur-
kina Faso, Cambodia, Cameroon and Vietnam, the interrater
2

agreement (kappa coefficient) was between 0.16 and 0.36 for
a local radiologist, a pediatric radiologist, and a pediatric pul-
monologist. Chest radiography had a sensitivity of 71.4% and
specificity of 50.0% for the diagnosis of TB (7).

Due to the rising need for radiological expertise in the
developing world, investigators have developed software pro-
grams to detect TB on chest radiographs. Investigators faced
the challenge of developing tools that could detect the wide
range of possible pulmonary findings in active TB, including
primary, post-primary, and miliary disease. Early attempts at
this task used computer-aided diagnosis (CAD), akin to the
systems currently used in mammography.
COMPUTER-AIDED DIAGNOSIS

In its early development, TB detection using AI was studied
with conventional CAD (8). In CAD systems, detection is per-
formed using a manually created preset feature model and the
computer does not “learn” given a greater caseload. As a result,
it has proved difficult to incorporate the varied presentation of
TB into a single CAD system. CAD systems developed from
1996 to 2013 achieved accuracies ranging from 42% to 100%,
usually for specific features such as the presence of cavitations
(8). Also, the datasets used were often small, typically number-
ing in the 100s (8), limiting the applicability of CAD systems
in a global health situation. What follows is a selection of CAD
algorithms to illustrate its development and use.

Over the course of the past 3 decades, investigators devel-
oped numerous CAD algorithms for TB detection using
varying methodologies. In 2013, Xu et al. (9) developed a
CAD algorithm for TB cavity detection; the program worked
by using classification tools to select regions of interest on
chest radiographs that had features resembling TB cavities.
The investigators used a small dataset of 35 chest radiographs
containing 50 cavities, all obtained from The University of
Alberta Hospital (Edmonton, Canada), and achieved a sensi-
tivity of 78.8%, specificity of 86.8%, and overall accuracy of
82.8%. Though the program was accurate, its functional
restriction to the detection of cavities, when, in reality, the
radiographic presentation of TB is diverse and varied, is a lim-
itation to its introduction to real-world clinical situations.

Using different methods, Song et al. (10) developed a
CAD program to detect focal TB. In this case, a feature
model was used to detect and computationally extract the
ribs from the image. Without the ribs, the lung fields should
be entirely radiolucent, thereby making any focal opacity
obvious. The opacities were identified using morphological
and region-growing operations, achieving an accuracy of
85% based on an original dataset of 200 images.

CAD programs have also been developed to detect a
greater range of TB features. Using a combination of several
imaging manipulation techniques, including masking and
texture analysis, Jaeger et al. (11) developed a TB detection
pipeline that analyzed chest radiographs in a step-wise fashion
to suggest a diagnosis of TB. The authors used a dataset of
138 chest radiographs encompassing the varied presentation
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of primary TB, rather than focusing solely on cavitary or focal
lesions. An accuracy of 83% was achieved, which approaches
human performance for the task of detecting primary TB.
Advancement has continued further in the field of CAD.

Adding to the complexity of previous work, in 2018 Vajda
et al. (12) developed a TB detection program that worked by
first segmenting the lung fields, then extracting selected fea-
tures in the image, such as certain shapes, which are analyzed
by the classifier to determine if TB is present. The algorithm
achieved an area under the receiver-operator curve (AUC) of
0.99 and an accuracy of 95.6% on the Shenzhen dataset,
which was also used in multiple studies involving deep learn-
ing models, as detailed in the Deep Learning section of this
article.
The only commercially available CAD-based TB detection

software is CAD4TB (Delft Imaging Systems, Veenendaal, The
Netherlands). The diagnostic performance of CAD4TB was
evaluated in a systematic review by Pande et al. (13), which
included 5 studies that tested the algorithm’s performance in
patients from Zambia, Tanzania, South Africa, and the United
Kingdom. The systematic review found that the algorithm’s
AUC ranged from 0.71 to 0.84, indicating that commercially
available products are lagging behind the forefront of AI devel-
opment. Nevertheless, CAD4TB has been studied as a screen-
ing tool in Bangladesh (14) and Pakistan (15).
CAD4TB has also been used in conjunction with clinical

information. Melendez et al. (16) combined the CAD4TB
algorithm score, which is based on imaging findings, with 12
clinical features, such as the presence of hemoptysis, night
sweats or an elevated axillary temperature. The augmented
CAD4TB algorithm produced an AUC of 0.84, with a sensi-
tivity of 49% and a specificity of 95%. Therefore, the use of
clinical features led to little improvement in the accuracy of
the algorithm.
Intriguingly, CAD4TB has now been redeveloped as a

deep learning model rather than a CAD program. The latest
version of the model, released in 2019, was trained on
cohort of 500 labelled images from Pakistan and achieved a
sensitivity of 90% and specificity of 98% upon testing for the
task of detecting TB, surpassing all previous version of the
algorithm (17).
DEEP LEARNING

Recently, AI deep learning networks have been developed
for TB detection. The first of these was developed by Hwang
et al. in 2016 (18). The authors used a model called AlexNet,
a pretrained deep learning network that had previously
achieved success in the ImageNet Large Scale Visual Recog-
nition Competition—an image classification challenge for
nonmedical images. AlexNet had already been pretrained for
image recognition—this capability merely needed to be
adjusted for use in medical imaging, as opposed to training
the model from scratch. This concept in known as transfer
learning in computer science and it allows investigators to use
smaller training datasets for deep learning applications.
The authors used a dataset of 10,848 chest x-rays supplied
by the Korean Institute of Tuberculosis (KIT), of which 70%
were used to train the algorithm. For testing, 15% of the
images from the KIT dataset were used in conjunction with
138 images from the National Institutes of Health (NIH),
USA, and 662 images from Shenzhen No 3 People’s Hospi-
tal, China, to demonstrate the cross-dataset validity of the
model. An AUC of 0.964 was achieved using the KIT data-
set, and AUCs of 0.88 and 0.93 were achieved for the NIH
and Shenzhen datasets, respectively.

Overall, the model showed good screening performance in
all three datasets, thereby illuminating a future where TB
screening could be accomplished using AI and chest radiogra-
phy. However, differing AUC performance between the
datasets demonstrates a primary weakness of AI—overfitting,
where a model can perform well on images from the same
source dataset that it was trained on, even if the images them-
selves are unique to the model; an example of this would be
images taken in the same hospital. Conversely, the model
may perform less well on images from other datasets, such as
images from a different country, even if the subject (such as
TB) is the same. Such differences may be the result of varying
image acquisition parameters, radiographic appearance, diag-
nostic criteria, and labelling practices across the globe, or
even between different hospitals in the same city.

AI TB detection was improved upon by Lakhani and Sun-
daram (19). The authors used a dataset of 1,007 images, with
68% being used to train the algorithms. Pretrained and
untrained models of GoogLeNet and AlexNet, two popular
deep learning networks that achieved success in the Image-
Net challenge, were tested. The effect of transfer learning
was clear—untrained versions of AlexNet and GoogLeNet
received AUCs of 0.90 and 0.88, whereas the pretrained ver-
sions achieved AUCs of 0.98 and 0.97, respectively. The
most accurate approach utilized an ensemble of both models
together with a radiologist to adjudicate discrepant cases,
which achieved a sensitivity of 97.3%, specificity of 100%,
and AUC of 0.99. The images used in the study were sourced
from four different datasets, thereby allowing the model to
demonstrate cross-dataset validity, an important characteristic
given the potential global applicability of the technology.

AI can also assist in performing feats that have not been
accomplished by human visual perception alone. Jaeger et al.
(20) developed a deep learning model with the aim of classi-
fying drug-resistant and drug-sensitive TB directly from the
radiographic appearance. The authors used a relatively small
image dataset of 135 images, of which 45% were TB sensitive
cases and 54% were multidrug resistant cases. The model
achieved an AUC of 0.66. While the performance of the
model does not meet the expectations for a clinically applica-
ble tool, since a random coin toss would achieve an AUC of
0.5, the results of the study illuminate an avenue of AI
research that may become fruitful in the future. Indeed, the
potential of AI to provide complementary information
beyond the comprehension of humans is currently being
actively researched for other applications.
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TOWARD REFINEMENT IN DEEP LEARNING

Most recently, models for TB detection are becoming more
refined and streamlined. Previously described deep learning
models, such as AlexNet and GoogLeNet, are pretrained on
millions of images and are capable of distinguishing between
thousands of classes of images even before they are used in
the context of radiology. As a consequence, they require sub-
stantial computer memory and hardware requirements to
function effectively, even when working on the narrow task
of detecting TB on a chest radiograph (21).

In light of this, in 2019 Pasa et al. (21) developed a deep
learning model that was trained from scratch on chest radio-
graphs only, for the sole task of TB detection. The authors
trained the algorithm on the NIH and Shenzhen datasets (22)
(the same datasets used by Hwang et al. (18), Lakhani and
Sundaram, (19) and Vajda et al. (12)), as well as the Belarus
Tuberculosis Portal dataset (23) (used by Lakhani and Sun-
daram (19)), totaling 1104 images. The model achieved an
AUC of 0.811 on the NIH dataset, 0.9 on the Shenzhen
dataset and 0.925 on a combined dataset, making the accu-
racy comparable with Hwang et al., (18) but inferior to Vajda
et al. (12) CAD algorithm and Lakhani and Sundaram’s (19)
ensemble of AlexNet and GoogLeNet.

The strength of the Pasa et al. (21) model lies in its simplic-
ity. While their network only includes 230,000 parameters,
GoogLeNet includes 7 million parameters and AlexNet
includes 60 million parameters. Alternatively stated, compar-
ing the computational performance requirements of the
respective models, the Pasa et al. model has 350 mega-float-
ing point operations (mega-FLOPs), AlexNet has 1.5 giga-
FLOPs and GoogLeNet has 3 giga-FLOPs. The advantage of
using a simpler model is that it can be run on a cheaper pro-
cessor. Pasa et al. noted that the processor used in their study
cost less than US$200. Lower memory and hardware require-
ments are critical to the deployment of deep learning models
in real clinical situations, particularly in resource-poor coun-
tries where the need is greatest.
CONCLUSION

The use of AI to detect TB in chest radiographs has pro-
gressed significantly in the past 3 decades. The field began
with the development of CAD programs, which showed
promising results for limited narrow applications. However,
these tools were limited by their small dataset size and their
reliance on preset feature models, a fundamental weakness
of the technology itself. In the last 5 years, deep learning has
made rapid progress in medical imaging, with TB detection
emerging as an area of research interest. The new deep
learning models have the potential to surpass the accuracy of
their CAD predecessors and, therefore, could be used in a
clinical setting in areas the world where TB is endemic. As
Lakhani and Sundaram (19) suggested, the best use of such
algorithms may be to augment to capabilities of radiologists
working in resource-poor regions.
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