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Abstract 
Deep learning is one of the 10 mainly innovative data analysis methods. Multiple-level abstraction data 

representations can be learned using deep learning. The greatest advantages for visual object 

recognition come from deep learning by means of the aid of deep learning, tuberculosis (TB) may be 

recognised in X-ray pictures. Radiologists, who are in short supply, may be better able to diagnose and 

treat TB with the help of these new tools. The software systems CAD4TB, qXR, and Lunit INSIGHT 

(CXRs) have all been used to search for anomalies in chest X-rays. The learning-based programme 

from CAD4deep TB uses a heat map graphic to highlight the abnormal location. From abnormal chest 

X-rays, the qXR algorithm may be able to identify 15 anomalies. There are 10 anomalies that may be 

seen on the chest radiographs using the Lunit INSIGHT CxR programmed.  

Deep learning-based computer-aided detection (CAD) systems need a human observation to verify its 

usage. The receiver operating characteristic (ROC) curve is used to evaluate the precision of CAD 

software. Ethical and scientific standards must be adhered to while using deep learning in medicine. 

 

1. INTRODUCTION 

Early disease detection is essential for effective tuberculosis (TB) prevention and control. Numerous 

factors, such as poverty, slum overpopulation, poor nutrition, mental health issues, drug use, and HIV 

infection, contribute to the high TB prevalence [1]. Due to poor healthcare and a shortage of CXR 

readers, the TB detection gap may be increasing worse in a number of countries. Acid-fast bacillus 

(AFB) tests, sputum cultures, questionnaires, chest X-rays, and tuberculin skin tests (TST) are a few of 

the screening methods used to detect TB. The WHO recommends a chest X-ray as the first step by 

diagnosis of tuberculosis (TB). For the diagnosis of illnesses of the chest, chest radiographs are 

required. The significance of X-ray images in identifying tuberculosis was constrained by the need for 

an X-ray machine, trained employees to operate the system, and a lack of specificity on the part of 

observers. The advent of digital radiography revolutionised computer-aided TB detection (CADT) [3]. 

It depends on the radiologist's training if they can correctly identify TB from a CXR. 

 

1.1 Deep Learning  

Research and diagnosis for medical imaging have never been easier to automate thanks to deep learning 

(DL). It might reduce the strain placed on radiologists in clinical situations [4]. Deep learning in 

radiology is used for a variety of tasks in this field, image registration, segmentation, neurological 

disease diagnosis, X-ray, CT, mammography, and MRI image computer-aided detection systems, as 

well as natural language processing (NLP) for report text analysis [5]. For conventional machine 

learning algorithms to successfully extract features from raw data, a strong understanding of the topic is 

required. During training, the classifier uses these characteristics as feature vectors. Patterns in the input 

can be categorised [6]. The extensive training data gathering and computer capacity have increased 
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interest in deep learning and neural networks [7]. The automatic extraction of features from a raw 

dataset is possible with DL approaches. 

A raw dataset's features can be automatically extracted using DL algorithms. Convolutional neural 

networks based on deep learning are also used in CAD systems to classify and identify images of 

images of various medical images to identify illnesses [8, 9]. CNNs' convolutional structure makes them 

a dependable tool for computer visualization issues. Medical image analysis companies are now using 

CNNs and other deep learning techniques [10] for medical image analysis. The classifier and feature 

extraction are both elements of CNN. In a CNN, feature extraction is done by employing convolutional 

layers. Fully linked layers [11] can be used as a classifier. 

 

1.2 CAD4TB 

The Radboud University Medical Centre in Nijmegen, the Netherlands, created the CAD4TB 

programme as a screening tool. The CE-certified CAD4TB was made available by Delft Imaging 

Systems [12]. In order to distinguish between normal and pathological X-ray pictures, the CAD4TB 

software is taught by means of machine learning techniques and tagged images. An X-ray picture of the 

chest might be accepted as input by the CAD4TB software. CAD4TB generates a heat map showing the 

locations of the abnormalities in the picture together with an abnormality score that runs from 0 to 100. 

This threshold value is used to categories CXR pictures as usual or unusual.  

Here threshold number is often in excess of 50%. The result of CAD4TBV6 is shown in Figure 1. [13] 

Compares clinical officers with digital CXR screening using CAD4TBv1.08 for accuracy in TB 

detection. The CAD4TB integrates many detection methods, such as textural anomaly recognition 

(TAR), shape abnormality detection (SAD), lung field detection, and clavicle identification, to provide a 

more complete diagnosis (CD). To lessen false-positive results, a CD system and a TAD system 

working at the pixel level are coupled. This leads to a visual choice. The SAD method calculates an 

anomaly score depending on the morphology of the lungs. The SAD system score and TAD system 

score were compared, and the findings were added to create the final abnormality score. The 

abnormality score of a fresh CXR picture was determined using a k-NN classifier trained on texture and 

shape abnormality scores [14]. According to CAD4TBv1's anomaly detecting mechanism, Figure 2 

demonstrates. If you have a fresh CXR image of CAD4TBV 1.08, the procedure is as follows: The 

unobscured lung area is automatically segmented for the fresh CXR picture using SAD and TAD 

detection methods; 

 
Fig. 1 Using CAD4TBv6, here are two examples of CXRs and the associated production heat maps. a) 

CXR picture by means of no TB and a score of 17 abnormalities. b) Heat map of the corresponding 

anomaly. c) CXR picture showing TB positivity and a score of 82 abnormalities. d) Heat map of the 

corresponding anomaly 
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Fig. 2 combining different detection methods 

When given a new CXR image, the SAD system forecasts the abnormality score based on the training 

information for textural or shape abnormalities scores. The unusual score is dependent on lung shapes. 

Researchers Muyoyeta et al. assessed the CAD4TBv1.02 programme for tuberculosis detection in a 

real-world setting without success. The researchers had demonstrated that CAD4TBv1.02 has a poor 

specificity and a high sensitivity. The chest X-ray screening performance of CAD4TB v3.07 was 

compared to that of radiologists by Steiner et al. [17]. Melendez et al. [19] and Philipsen and Melendez 

[18] both looked at the use of automated digital chest radiography (ACR) before the Xpert MTB test. 

During a chest X-ray (CXR) screening, Melendez et al. evaluated the automated software CAD4TB 

version 5 [20]. In CAD4TBv5, support vector machines were utilized as a catogorizer to surpass prior 

iterations. CAD4TB versions 3.0, 4.0, 5.0, and 6.0 be evaluate to the Xpert test, following Murphy et al. 

[21]. The specificity and sensitivity of CAD4TB v6 were both above 90%. 

Even while the earlier CAD4TB v5 and v6 versions were more specific, they had gradually lost some of 

it over time. This idea is the foundation of the 2018 release of the deep learning-based programme 

CAD4TBv6. In contrast to earlier versions of CAD4TBv6, which had a lower age restriction of 16 years 

[22], CAD4TBv6 now supports processing images of individuals as young as four years old. It was 

important for the CAD4TB programme to support a DICOM image format, process images from CR or 

DX sources, and work with photographs of people who were at least four years old. 

 
Fig. 3 qXr programme produces a picture that is abnormal. 

1.3 qXR 

In order to quickly and accurately identify diseases, The artificial intellectual ability-based start-up 

company Qure.ai, founded in India, integrates deep learning and machine learning techniques. Utilizing 

qXR, it is possible to identify pleural tuberculosis, consolidation, cardiomegaly, pulmonary, cavity, and 

hilar expansion., as well as other conditions on a chest X-ray [23]. An Indian CAD programme called 

qXR (Qure.ai, Mumbai, India) was used to assess the diagnostic precision of a reference standard for 

tuberculosis (TB) that has been confirmed microbiologically. The QXR program's output to the DICOM 

chest X-ray picture is shown in Figure 3. All varieties of X-ray machines are supported by the qXR 
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software, which can handle a huge variety of X-ray images of various quality and exposure. In 2018 

[25], the commercial CAD software qXR obtained CE certification.  

Using qXR software, TB is identified in India's public health screening programme. With an AUC of 

0.81 for the receiver operating characteristic (ROC) curve, qXR discovered microbiologically 

confirmed PTB. The AUC for the other anomalies varied from 0.75 to 0.94. by means of a radiologist as 

a indication, the qXR software produced an AUC of 0.87. The most current CAD4TB version has an 

AUC that be higher by qXR. 

 

1.4 Lunit INSIGHT CXR 

Consolidation, nodule, calcium calcification, fibrous tissue, pneumothorax, pneumoperitoneum, 

atelectasis and cardiomegaly are among 10 abnormalities that may be detected by Lunit INSIGHT CXR 

3 by screening on the chest X-ray picture. The CE mark appears on Lunit INSIGHT [26]. Figure 4 

displays the final JPG pictures (various abnormality scores 

 
Fig. 4 Output of the Lunit INSIGHT CXR 3 software Chest X-ray pictures in JPG format for DICOM. 

Three images were created from the DICOM Chest X-ray images using the Lunit INSIGHTCXR3 

programme: a normal image, a nodule through an irregularity score of 66%, and a nodule with an 

irregularity score of 82%. To find TB-related abnormality in chest X-ray pictures, the researchers in Qin 

et al. [27] looked at three deep learning algorithms, including CAD4TB, qXR, and Lunit INSIGHT. The 

three DL systems were examined and contrasted by the authors.  

Lunit (South Korea) used version 4.7.2 of the Lunit INSIGHT programme to produce the chest X-ray 

picture. Lunit and CAD4TB can read CXR pictures that are in the DICOM format. The CAD4TB result 

falls into the anomaly score range of 0 to 100 when detecting tuberculitis. The qXR and Lunit lung 

abnormalities of cavitation, nodule, pneumothorax, and other types were seen on the CXR picture. In 

identifying patients with and without tuberculosis, deep learning-based softwares CAD4TB, qXR, and 

Lunit beat skilled human readers. 

 

1.5 TimBre 

Docturnal is a telemedicine-related non-invasive point-of-care technique for diagnosing and screening 

TB and diabetic retinopathy. TB screening programme TimBre was created by Docturnal, a privately 

held business. This software simplifies the TB detection process [28]. A microphone array was used to 

capture a patient's cough, and clinical information including demographics, TB status, current medical 

problems, family history of TB, sleep and cough habits, and HIV had to be entered into the TimBre app.  

After that, a real-time machine learning analysis was performed on the movie to look for any indications 

of tuberculosis (TB). If the screening results are good, doctors typically suggest a chest X-ray to 

diagnose the condition. TimBre's app had an accuracy rate of 85% when compared to conventional TB 

testing technology. TimBre is now being tested as an investigational development at a few chest 

hospitals in Hyderabad and Narayana Hrudayala in Bangalore. 
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1.6 Conversation 

In low-income countries, pre-screening techniques utilize deep learning-based algorithms that can 

accurately diagnose TB from CXR pictures. For TB detection, there's multiple software tools, 

databases, as well as performance indicators. Performance indicators for the detection of TB used by 

various authors in their publications include sensitivity (SN), particularity, and AUC, commonly 

referred to as "The Area over a Receiver Operating Characteristic (ROC) Curve," (SP). 

 

Conclusion 

Deep learning-based CAD systems and automated TB screening might offer a more complete diagnosis. 

Deep learning-based CAD structure is categorized a large number of normal CXRs with excellent 

sensitivity for TB screening in areas with dense populations [34]. The price of radiographic TB testing 

might be decreased using these CAD techniques. Future advancements in deep learning-based screening 

technologies may raise the specificity and accuracy of CAD methods for TB detection. 
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