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Background. Artificial intelligence (AI), using deep learning (DL) systems, can be utilised to detect radiological changes of various
pulmonary diseases. Settings with a high burden of tuberculosis (TB) and people living with HIV can potentially benefit from the use of AI
to augment resource-constrained healthcare systems.

Objective. To assess the utility of gXR software (AI) in detecting radiological changes compatible with lung cancer or pulmonary TB (PTB).
Methods. We performed an observational study in a tertiary institution that serves a population with a high burden of lung cancer and
PTB. In total, 382 chest radiographs that had a confirmed diagnosis were assessed: 127 with lung cancer, 144 with PTB and 111 normal.
These chest radiographs were de-identified and randomly uploaded by a blinded investigator into XR software. The output was generated
as probability scores from predefined threshold values.

Results. The overall sensitivity of the gXR in detecting lung cancer was 84% (95% confidence interval (CI) 80 - 87%), specificity 91%
(95% CI 84 - 96%) and positive predictive value of 97% (95% CI 95 - 99%). For PTB, it had a sensitivity of 90% (95% CI 87 - 93%) and
specificity of 79% (95% CI 73 - 84%) and negative predictive value of 85% (95% CI 79 - 91%).

Conclusion. The qXR software was sensitive and specific in categorising chest radiographs as consistent with lung cancer or TB, and can

potentially aid in the earlier detection and management of these diseases.
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Medical imaging, particularly chest radiography, is well positioned
for the application and adoption of artificial intelligence (AI) using
deep learning (DL) systems. Radiological AI algorithms are now
well established and serve several narrow image-analysis functions
to aid clinicians and radiologists with the quantification, triage and
enhancement of images."? There is increasing evidence for the use
of AT in pulmonary medicine, and numerous studies have suggested
that it has the potential to expedite and improve the interpretation of
chest radiographs.?

Sub-Saharan Africa, and particularly southern Africa, falls victim
to intersections of multiple colliding epidemics, namely tobacco
smoking, pulmonary tuberculosis (PTB) and HIV.® South Africa
(SA) has the world’s largest burden of people living with HIV and
one of the world’s highest incidences of PTB. Moreover, lung cancer
remains the most common cause of cancer-related death in the
country.! The estimated age-standardised incidence of lung cancer
in SA is 18.3/100 000."!

Plain chest radiography is available at practically all levels of
healthcare in SA, yet the vast majority of chest radiographs performed
on individuals who do not have access to medical funders are not
reported by a specialist radiologist.

Given the paucity of data of the use of Al in a population with both
a high burden of PTB and HIV as well as smoking-related diseases,
we aimed to assess the utility of Al in detecting radiological changes
compatible with lung cancer or PTB.

Methods

Study design and participants

We conducted an observational study at Tygerberg Hospital in
Cape Town, SA. The institution is a 1 380-bed referral hospital that
provides tertiary service to a population of approximately 4 million
people with an incidence of PTB of >500/100 000 and incidence of
lung cancer of ~18/100 000.¢!

Chest radiographs
Chest radiographs of participants with known diagnoses who were
previously recruited for prospective registries were exported in a
digital imaging and communications in medicine (DICOM) format,
and de-identified. The registries included a registry containing normal
chest radiographs (as reported by a thoracic radiologist) that were
collected for another study on Al, radiographs from patients with
histologically confirmed lung cancer (a lung cancer registry) and
microbiologically confirmed PTB (from a registry of known cases). Of
note is that no clinical information or laboratory data were collected.
A blinded investigator uploaded the deidentified DICOM files in a
random order to the Qure.ai website (Mumbai, India) for AI reporting.

gXR usage

gXR software (Qure.ai, Mumbai, India) was used to generate
a threshold score; radiographs are scored between 0 and 1 for
particular abnormality. qXR is trained using deep learning wherein
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the neural networks are trained to infer binary outcomes using a
positive and negative label. Multiple neural network algorithms
were combined for each finding to generate the final probability
score. The threshold scores are tested on global datasets, and
configurations have been built for multiple-use cases that are
optimised for sensitivity and/or specificity. The output that was
generated was probability scores of an identified suspicious lesion
on the chest radiograph of interest, being malignant or illustrating
features in keeping with PTB. Numerical thresholds for each
condition being true or false were noted as follows: mass or specific
pulmonary nodule cut-off of 0.2, PTB of 0.7 and for any pulmonary
abnormality (nonspecific) of 0.84. If the chest radiograph was
compatible with the pathology of interest, the score was higher than
threshold, hence true, and the converse false.

Statistical analysis

In order to estimate an expected sensitivity of 90% with a maximum
allowed lower limit for sensitivity for the 95% confidence interval (CI)
as 0.85 with a minimum of 80%, it was calculated that a minimum of
384 chest radiographs containing confirmed abnormalities at a 5%
level of significance.”® Analysis was conducted using statistical
software for social science (SPSS) version 27 (IBM, USA). Sensitivity,
specificity, positive predictive value and negative predictive value
along with their 95% CIs were used as primary metrics to evaluate the
performance of gXR against the gold standard. For both diagnoses
(lung cancer and PTB), the same reading could be judged as true
positive (TP) for lung cancer, but also false positive (FP) for TB or
vice versa if both cut-off values were deemed positive.

Ethical approval

The capturing and de-identification of data were approved by the
Stellenbosch University Health Research Ethics Committee (Ethics
Reference No: $22/03/039).

Results

A total sample size of 382 CXRs were used, of which 127 were lung
cancer (Fig. 1), 144 PTB (Fig. 2) and 111 normal controls (Fig. 3). The
performance of the qXR software for the effective detection of lung
cancer and PTB is summarised in Table 1. Of note is the fact that the
overall sensitivity of qXR in identifying lung cancer was 84% (95%
CI 80 - 87), specificity 91% (95% CI 84 - 97) and positive predictive
value of 97% (95% CI 95 - 99). For PTB, it had a sensitivity of 90%
(95% CI 87 - 93) and specificity of 79% (95% CI 73 - 84) and negative
predictive value of 85% (95% CI 79 - 91).

Discussion

The overall sensitivity of gXR in identifying lung cancer was 84%,
with a specificity of 91% and positive predictive value of 97%, and
for PTB, it had a sensitivity of 90% and specificity of 79%, and
a negative predictive value of 85%, making it highly efficient in
categorising chest radiographs as abnormal and consistent with cases
of confirmed lung cancer or TB.

In a healthcare system that faces the collision of two epidemics
(PTB and smoking-related diseases), a highly sensitive screening test
would result in the earlier detection of pathology and prompt referrals
to facilities where patients can be further adequately managed.

There has been promising but limited research done locally,
highlighting the need for computer-aided detection (CAD) in
conditions such as PTB. Melendez et al.,”) in a single-centre study
using a similar sample size of 330 chest radiographs, assessed four
CAD software programs’ ability to accurately differentiate between
PTB, silicosis and normal images. Three out of the four CAD

Abnormal

£

Fig. 1. An example of a chest radiograph of a patient with lung cancer
correctly identified as abnormal and lung cancer (true positive).

Opacity
(Multiple Types)

Fig. 2. An example of a chest radiograph of a patient with confirmed
pulmonary tuberculosis correctly identified on the left (true positive), but the
reading also suggested a lung mass on the right (false positive).

Fig. 3. An example of a normal chest radiograph correctly identified as

normal (true negative).

softwares had sensitivities surpassing 90%, which was in agreement
with the results of TB detection in our study.”’ Once again, similar
results were reported in a multicentre retrospective study evaluating
five commercial AI products, yielding sensitivities of >90% in
assessing the ability of AI to detect PTB on chest radiographs in
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Table 1. Diagnostic efficiency (with 95% confidence intervals) of gXR for lung cancer and PTB (N=382)

Condition Sensitivity Specificity PPV NPV
Lung cancer 84% (80 - 87) 91% (85 - 97) 97% (95 - 99) 62% (54 - 71)
PTB 90% (87 - 93) 79% (73 - 84) 86% (82 -91) 85% (79 - 91)

PTB = pulmonary tuberculosis; PPV = positive predictive value; NPV = negative predictive value.

high-burden regions; this further highlights the potential of AI to
be pragmatically utilised as a tool to rule out disease."”) The qXR
showed non-inferiority to the World Health Organization present
recommendation for a PTB triage test, which scores above 0.90 for
sensitivity and 0.70 for specificity.!"!!

Sub-Saharan Africa shows a lower incidence of lung cancer but a
higher mortality burden; proposed reasons for this include the late
detection of lung cancer in the absence of official lung-screening
programmes.'>"¥ Low-dose computed tomography (LDCT) as a
screening tool has been shown in a large, randomised control trial to
reduce mortality in high-risk populations; however, due to resource
constraints this may not be a feasible option in our setting. Even
though AI detection for lung cancer was reported as lower than
that of LDCT, it did, however, show similar sensitivities to those of
reporting radiologists.!"*'*/ This emphasises the benefit that AI has in
low-resource settings and environments that do not have personnel
with the skillset to interpret chest radiographs. In these settings,
chest radiograph facilities are already in use, and the integration
of Al in already established workflow systems can aid in potential
screening and detection of pulmonary nodules, which are known to
be precursors of lung cancer.

AT does not replace clinicians, but is beneficial in facilitating the
diagnostic processes; deep learning algorithms trained on a larger
scale can detect multiple abnormalities close to a radiologist level
of accuracy."*"®! A consistent finding comparing radiologists to Al
in the detection of lung nodules on CXRs is that AI has a higher
sensitivity, while radiologists show higher specificities; this signifies
that AI can identify more cases of nodules and have more false
positives than radiologists.*¢!

Radiologists having higher specificities could be accounted
for by their abilities to interpret specific findings such as lines,
tubes, pneumothorax, fibrosis and masses. With AI assistance,
the mean performance of radiologists improved compared with
unaided assistance.'”’ This demonstrates the value of using AI
to assist clinicians in rapid diagnosis by streamlining screening
tools with AI. Once software is deployed and implemented in
healthcare facilities, one needs to consider that the performance
over time can diminish, as pathology often evolves when the disease
prevalence changes. These models should be continuously checked
and upgraded; it is unclear what the frequency will entail when used
in real time.”

There is a paucity of research in low-resource countries such as
SA evaluating the diagnostic utility of Al in settings of a high burden
of PTB and lung cancer; this study is the first of its kind particularly
focusing on nodule detection. Our results add to a growing interest
and body of evidence that aligns to current literature.

The major strength of our study is that the gold standard diagnoses
of lung cancer or PTB were confirmed by appropriate means, and not
aradiological diagnosis. Another strength was that investigators were
blinded to the gold standard diagnosis and all chest radiographs were
de-identified; this ensured that observer bias was minimised.

Limitations which we encountered were that the dataset was from a
single site, and the HIV status of all patients was not known; this may
limit generalisability of the results. We also did not compare this AI
algorithm to others, as this was not the aim of the study.

Conclusion

In conclusion, gXR software was sensitive and specific in categorising
chest radiographs as consistent with lung cancer or TB, and can
potentially aid in the earlier detection and management of these
diseases. Resource-constrained healthcare systems can potentially
benefit from the roll-out of this technology.
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