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Tuberculosis (TB) remains a major global health challenge, demanding rapid and accurate 

diagnosis to enable timely treatment and reduce disease transmission. Although chest radiography 

is widely used for TB screening, manual interpretation is often time-consuming, subjective, and 

constrained by the shortage of experienced radiologists, especially in high-burden, resource-

constrained settings. To address these limitations, this study proposes HybridTBNet, a hybrid deep 

learning framework that integrates Convolutional Neural Networks (CNNs) and Transformers for 

automated TB detection from chest X-ray images. The model is designed to capture both local 

pathological patterns and global contextual dependencies through hierarchical feature extraction 

and attention-based representation learning. A curated multi-source dataset of 6,708 high-quality 

chest X-ray images, comprising 3,194 TB and 3,514 Normal cases after quality filtering, was used 

for development and evaluation. A strict patient-wise split was applied to prevent data leakage, 

resulting in separate training, validation, and held-out test sets; however, minor class imbalance 

persisted in the final test subset. On the unseen test set, HybridTBNet achieved 98.2% accuracy, 

97.1% sensitivity, 98.5% specificity, 94.9% F1-score, 0.991 ROC-AUC, and 0.978 PR-AUC, 

demonstrating strong potential as an effective automated TB screening support tool. 
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1. Introduction 

Tuberculosis (TB) continues to be a major public health burden, particularly in low- and middle-

income countries where access to expert radiologists is limited. Chest X-ray (CXR) imaging remains the 

most widely used screening tool, yet its interpretation is prone to subjectivity, inter-reader variability, and 
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diagnostic delays. These limitations have fueled interest in computer-aided detection systems that can 

improve the speed, accuracy, and consistency of TB screening programs. Recent advances in deep learning, 

especially convolutional neural networks (CNNs) and Vision Transformers (ViTs), have demonstrated 

strong performance in medical image analysis; however, each architecture suffers from inherent limitations 

when applied independently to TB detection. 

Several studies have demonstrated the potential of machine learning in tuberculosis research and 

surveillance. For instance, Althomsons, et al. [1] used ML techniques to predict growth in TB clusters using 

national surveillance data, highlighting how algorithmic approaches can complement epidemiological 

tracking. Bhardwaj, et al. [2] further emphasised the utility of ML in developing predictive systems tailored 

to clinical datasets, illustrating that computational methods can enhance diagnostic decision-making. 

Similarly, Bustad, et al. [3] employed interpretable ML informed by a transcriptional regulatory network 

to predict fitness in Mycobacterium tuberculosis, underscoring the role of AI in molecular-level analysis. 

Chen, et al. [4] showcased how integrating WHO mutation catalogues with genomic sequencing and ML 

enhances resistance prediction, addressing one of the most critical challenges in TB treatment. 

The use of decision-tree–based frameworks for mutation discovery has also proven effective, as 

shown by Deelder, et al. [5], Feng, et al. [6] applied ML models in predicting spinal cord injury outcomes 

in spinal TB patients, thereby extending ML applications beyond pulmonary TB. Additionally, Gichuhi, et 

al. [7] explored ML to identify patient-level risk factors for treatment non-adherence, offering insights into 

behavioural and compliance challenges. These works collectively demonstrate that ML has become a 

central component in advancing TB diagnostics, drug resistance prediction, and patient management 

strategies, thus motivating further exploration of hybridised and context-aware approaches. 

Contributions of this research are: 

• This study proposes HybridTBNet, a hybrid CNN-Transformer framework for TB detection from CXR 

images. The key contributions are: 

• A cross-stage hybrid architecture that integrates EfficientNet-B4 local feature extraction with 

Transformer-based global attention. 

• A consistent benchmarking protocol comparing deep models and classical ML methods, including an 

ablation study differentiating CNN-only, Transformer-only, and hybrid fusion. 

• A clarified and reproducible dataset pipeline, including patient-wise splitting, preprocessing, 
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augmentation, and detailed hyperparameters. 

• A clinically relevant evaluation, demonstrating high sensitivity and specificity suitable for mass TB 

screening. 

2. Literature Review 

The application of machine learning and deep learning in tuberculosis research has expanded across 

multiple domains, ranging from genomic resistance prediction to radiological analysis and epidemiological 

modelling. A significant body of literature has highlighted the ability of ML algorithms to uncover patterns 

not easily discernible by conventional methods, thereby providing greater predictive power and diagnostic 

support.  

Green, et al. [8] demonstrated that convolutional neural networks (CNNs) can reveal mutations 

associated with antimicrobial resistance in Mycobacterium tuberculosis, highlighting the importance of 

feature extraction in genetic datasets. Similarly, Gröschel, et al. [9] a genome-based machine-learning 

prediction platform, providing a practical, user-friendly solution for clinicians and researchers conducting 

resistance profiling. Thirunavukarasu and Kotei [10] reviews the growing use of transformer networks in 

natural and medical image analysis, explaining attention mechanisms, key architectures, applications, 

limitations, and future research opportunities. It highlights the potential of transformers as powerful 

alternatives to CNNs for advanced computer vision and medical diagnostics. Kotei and Thirunavukarasu 

[11] proposed a hybrid Data-Efficient Image Transformer and ResNet-16 model for automated tuberculosis 

detection using the TBX11K dataset, which leverages self-attention and lightweight convolutions. 

Moving into non-traditional data modalities, Galvosas, et al. [12] leveraged cough audio recordings 

for TB prediction, marking an innovative direction in accessible, low-cost screening methods. In parallel, 

Karmani, et al. [13] proposed a machine learning-based TB health predictor model aimed at early disease 

prevention in developing regions, where resource constraints make scalable ML solutions particularly 

relevant. Lane, et al. [14] explored ML models for predicting M. tuberculosis in vitro activity, with added 

focus on target visualisation, bridging predictive performance with interpretability. Similarly, Larkins-

Ford, et al. [15] examined drug-combination landscapes, using ML to anticipate treatment outcomes, a 

crucial contribution to precision medicine in TB therapy. 

Radiomics has also emerged as a promising field, with Li, et al. [16] employing ML and radiomic 
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features to predict multidrug resistance in cavitary pulmonary TB patients across multiple centers, 

demonstrating both robustness and generalizability. At a population level, Maipan-Uku and Cavus [17] 

reviewed forecasting strategies using time series and ML for incidence prediction, while other related work 

like KB, et al. [18] demonstrated the application of machine learning for tuberculosis prediction and 

epidemiological analysis, highlighting its effectiveness in forecasting disease trends and identifying key 

influencing factors. These studies highlight ML's versatility not only in clinical but also in epidemiological 

and surveillance contexts. 

Smart health technologies have incorporated ML into broader systems, as illustrated by Murugesan, 

et al. [19], who designed neural-network–based e-health applications leveraging serverless computing for 

TB prediction. Orjuela-Cañón, et al. [20] applied ML in diagnostic support systems, integrating algorithmic 

decision-making into clinical workflows. Beyond health informatics, Parmar, et al. [21] developed a 

graphene-based refractive index sensor enhanced with ML for bacterial detection, showing the synergy 

between nanotechnology and computational methods. Complementing this, Perea-Jacobo, et al. [22] 

performed a PRISMA-based scoping review of genome-sequencing ML applications, synthesising progress 

in predictive genomics. 

Resistance pattern analysis remains a major area of focus. Serajian, et al. [23] conducted a 

comparative study on antibiotic resistance, while Singh, et al. [24] reviewed the broader evolution of ML 

in TB diagnostics, emphasising deep learning applications in radiology and genomics. Stański, et al. [25] 

applied ML to improve predictions of bovine TB at the herd level, demonstrating cross-species applicability 

of ML methodologies. Meanwhile, Tang, et al. [26] incorporated meteorological and environmental factors 

into TB incidence prediction, showcasing how ML models can integrate non-biological variables for public 

health forecasting. Winkler [27] offered expert perspectives on the transformative impact of ML in TB drug 

discovery, further reinforcing its role in accelerating therapeutic pipelines. 

Recent genomic prediction studies have also shown promise. Xu, et al. [28] employed ML for 

predicting antimicrobial resistance while identifying relevant SNPs, expanding the interpretability of 

genomic data. Ye, et al. [29] used ML to identify active molecules against TB, focusing on drug discovery 

pipelines. Yurtseven, et al. [30] integrated ML with phylogenetic analysis to predict resistance, merging 

evolutionary biology with AI. Extending to treatment safety, Zeng, et al. [31] built automated ML models 

to predict liver injury during pediatric TB treatment, thereby addressing adverse-event management. Zhang, 
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et al. [32] proposed an explainable ML platform for resistance prediction against pyrazinamide, 

emphasising the necessity for transparency in medical AI systems. 

Further, Zhu, et al. [33] applied machine learning to predict acid-fast bacilli sputum test outcomes 

across multiple centres, demonstrating its value in clinical microbiology. Shames and Kamil [34] advanced 

hybrid deep-learning techniques for lung infection diagnosis, validating the potential of combined 

architectures to achieve higher accuracy and robustness. Collectively, these studies illustrate a steady 

progression from experimental research toward practical deployment of ML in TB detection, treatment 

planning, epidemiology, and resistance management. 

In summary, the reviewed literature shows that ML applications in TB span molecular, clinical, and 

environmental domains. The research trajectory reflects an increasing emphasis on interpretability, 

multimodal integration, and scalability, which align with the broader healthcare need for robust, accessible, 

and reliable diagnostic solutions. However, while significant advancements have been achieved, challenges 

remain regarding data heterogeneity, generalisation across populations, and integration into clinical 

settings. These considerations underline the importance of ongoing hybrid-model research that combines 

multiple ML paradigms to enhance diagnostic performance and usability in real-world contexts. 

3. Materials and Methods 

3.1. Objectives 

The primary objective of this study is to develop and validate HybridTBNet, a novel deep learning 

framework for automated detection of tuberculosis in chest X-rays. We aim to demonstrate that a hybrid 

architecture, integrating a CNN backbone for rich feature extraction with a Transformer encoder for global 

context analysis, can achieve superior diagnostic performance compared to both standard CNNs and 

classical machine learning models. The ultimate goal is to establish this model's potential as a robust, 

automated tool to assist clinicians, reduce diagnostic delays, and enhance the efficacy of large-scale TB 

screening programs. 

3.2. Dataset Description 

This study utilises a curated collection of posterior–anterior (PA) chest X-ray (CXR) images from 

publicly available, widely used tuberculosis datasets. The images were sourced from the NIH ChestX-ray14 

dataset, the Shenzhen Tuberculosis CXR dataset (China), and the Montgomery County Tuberculosis dataset 

(USA). All datasets provide radiologist-verified labels and anonymised patient identifiers. No synthetically 
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generated, simulated, or GAN-based images were used in this study. 

The combined dataset initially consisted of 7,208 chest X-ray (CXR) images, comprising 3,194 

Tuberculosis-positive and 4,014 Normal cases. After quality control procedures, including the removal of 

corrupted files, low-resolution images, and duplicate or near-duplicate scans identified through perceptual 

hashing, 6,708 high-quality images were retained for model development and evaluation. Before dataset 

splitting, all images underwent quality control procedures, including the removal of corrupted files, low-

resolution images, and duplicate or near-duplicate scans. Duplicate detection was performed using 

perceptual hashing to ensure that visually identical or highly similar images were excluded. 

To prevent data leakage, a strict patient-wise split was enforced using the patient identifiers provided 

by the source datasets. This ensured that no patient appeared in more than one subset. To prevent data 

leakage, a strict patient-wise split was enforced using the patient identifiers provided by the source datasets. 

This ensured that no patient appeared in more than one subset. After quality filtering and patient-wise 

grouping, the retained dataset was partitioned into training, validation, and test subsets. Due to strict patient-

wise separation across multiple source datasets, the final class distribution differed across subsets. 

The final dataset composition after filtering and splitting is summarised as follows: 

• Training set: 5,004 images (2,225 TB, 2,779 Normal) 

• Validation set: 1,074 images (864 TB, 210 Normal) 

• Test set: 630 images (105 TB, 525 Normal) 

Although stratified sampling was applied, strict patient-wise splitting and source-level heterogeneity 

can lead to imbalance in the final subset distributions, a common issue in real-world medical imaging 

studies. 

The final test set of 630 images represents a strictly held out, previously unseen subset with no patient 

overlaps with training or validation data. All performance metrics reported in this study are computed 

exclusively on this verified test set to ensure unbiased evaluation. 

Ethics and Privacy Compliance: All datasets used are publicly available and fully anonymised by 

their respective providers. No identifiable patient information was accessed or processed; therefore, no 

additional institutional ethics approval was required. 

3.3. Data Preprocessing 

All images were processed through a standard pipeline to maintain consistency and optimise model 
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training. This was initiated by scaling down all images to a standard size of 380x380 pixels to fit the input 

specifications of the neural network architecture. The CXRs are grayscale but were converted to 3-channel 

RGB by simply expanding the single channel, since the pre-trained models only accept this format. The 

processed images were then converted to PyTorch tensors. Lastly, the conversion of the setup involved 

normalising the tensor pixel values by the mean and standard deviation of the ImageNet dataset, a typical 

step in transfer learning. On-the-fly data augmentation was applied only to the training set to increase 

diversity and prevent overfitting. These manipulations included random rotations, horizontal flipping, and 

changes in brightness and contrast (Figure 1). 

 
Figure 1. Data augmentation 

While standard preprocessing steps such as resizing, normalisation, and the use of AdamW optimiser 

were employed, several task-specific refinements were incorporated to adapt these methods to tuberculosis 

CXR classification. First, the resizing resolution (380×380) was selected through empirical testing, as it 

preserved fine-grained pulmonary textures clinically relevant to TB while remaining computationally 

efficient. Second, augmentation parameters were tuned based on radiologist feedback to reflect realistic 

CXR variations such as lateral tilt, contrast fluctuations, and soft-tissue intensity differences, rather than 

generic image perturbations. Third, AdamW was selected not as a default optimiser but for its superior 

stability during training of hybrid CNN–Transformer models, especially under class imbalance. 

Additionally, a warmup-based learning rate schedule and gradient clipping were applied to prevent 

Transformer instability, techniques not commonly incorporated in baseline medical imaging pipelines. 

Together, these adaptations extend beyond routine preprocessing and meaningfully enhance the 

robustness and convergence behaviour of HybridTBNet. 

3.4. Model Architectures and Mathematical Foundations 

We evaluated a suite of classical machine learning models and deep learning models. 

K-Nearest Neighbours (KNN): A nonparametric method determining the category of a case r based on a 
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majority of those k data points in the training data nearest r, as calculated by the Euclidean distance, d(p,q), 

between a pair of data points p and q: 

𝑑(𝑝, 𝑞) = √∑ ∗  (𝑝𝑖 − 𝑞𝑖)2𝑛
𝑖=1                                (1) 

Support Vector Machine (SVM): A line separation model that searches through hyperplanes and 

determines the best one to divide the data points and actively maximises the distance between these classes. 

The optimality criterion is to minimise the length of the weight vector w to satisfy the separation constraints: 

                                   
1

2
||𝑤||

2
                                     (2) 

Subject to:   

𝑦𝑖(𝑤. 𝑥𝑖 − 𝑏) ≥ 1 𝑖                              (3) 

Random Forest: A method of training that produces ensembles of decision trees. The ultimate forecast is 

obtained by adding the votes of each tree. Depending upon the extent of purity at a split in a node, the 

quality of a split is often quantified by the Gini impurity, G: 

𝐺 = ∑ 𝑝𝑘
𝐾
𝑖=1 (1 − 𝑝𝑘)                                    (4) 

Baseline CNN: The baseline convolutional neural network is implemented using the EfficientNet-B4 

architecture without the Transformer encoder. EfficientNet-B4 employs compound scaling to balance 

network depth, width, and resolution, enabling efficient extraction of hierarchical visual features from chest 

X-ray images. The network is initialised with ImageNet-pretrained weights and fine-tuned on the TB 

classification task using a binary classification head. A convolutional operation is defined as follows: 

(𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑𝑚∑𝑛𝐼(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)                   (5) 

where I is the input feature map and K is the kernel. 

To ensure a fair comparison, classical ML models were trained using CNN-extracted deep features 

(a 1,792-dimensional feature vector from the global average pooling layer of EfficientNet-B4). 

KNN: Used Euclidean distance with k=5; features normalised using min–max scaling. 

SVM: Trained with RBF kernel, C=1 , γ=1/d , where d is feature dimension. 

Random Forest: Configured with 200 trees, maximum depth = 20, using Gini impurity as the split criterion. 

These additions provide clarity on how the ML baselines were implemented and strengthen the study's 

methodological transparency. For all classical machine learning baselines (KNN, SVM, and Random 

Forest), deep features were extracted from the global average pooling layer of the EfficientNet-B4 

backbone, resulting in a 1,792-dimensional feature vector per image. These feature representations were 

https://doi.org/10.53898/josse2026611
https://engiscience.com/index.php/josse


L. Meka et al., 2026 36 
 

 

 
Journal of Studies in Science and Engineering. 2026, 6(1), 28-46. https://doi.org/10.53898/josse2026611 https://engiscience.com/index.php/josse 

used as inputs to the respective classifiers. The architecture is shown in Figure 2. 

Figure 2. A block diagram of the Baseline CNN architecture 

To ensure a fair and leakage-free comparison between classical machine learning models and deep 

learning architectures, a strict feature-extraction protocol was followed. Deep features for the classical ML 

baselines were extracted using the EfficientNet-B4 backbone, trained exclusively on the training dataset. 

During this process, the feature extractor kept frozen, and no further fine-tuning was performed while 

generating features for KNN, SVM, and Random Forest models. Feature extraction for the validation and 

test sets was performed separately using the trained backbone, ensuring that information from these subsets 

did not influence the feature learning stage and preventing data leakage. Furthermore, hyperparameter 

tuning for all classical ML models was conducted consistently using only the training and validation 

datasets. Specifically, KNN was evaluated with multiple values of k, SVM was tuned across different kernel 

functions and regularisation parameters, and Random Forest was optimised with varying depths and 

estimators. The final model configurations were selected based on validation performance, and all reported 

results were obtained from evaluation on the strictly held-out test set. 

Proposed HybridTBNet Architecture: Our proposed model integrates an EfficientNet-B4 CNN 

backbone with a Transformer encoder (Figure 3). The CNN extracts a 2D feature map, which is then 
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flattened into a 1D sequence of patches. Positional encodings are added, and the sequence is processed by 

the Transformer's Multi-Head Self-Attention (MHSA) mechanism, defined as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑡

√𝑑𝑘
) 𝑉                        (6) 

The training procedure for both deep learning models is detailed in Algorithm 2. 

Figure 3 illustrates the complete workflow of the proposed HybridTBNet architecture. The 

EfficientNet-B4 CNN backbone first extracts local spatial feature maps from the chest X-ray. These feature 

maps are then flattened into sequential patch embeddings, which are combined with positional encodings 

to preserve spatial order. The resulting sequence is processed by multiple Transformer encoder layers, 

which apply multi-head self-attention to capture long-range global dependencies across the lungs. Finally, 

the fused representation is passed through a classification head to predict whether the input CXR 

corresponds to a TB or Normal case. This workflow differs from conventional CNN-only or Transformer-

only pipelines by explicitly integrating local and global representation learning, which forms the core of 

our proposed approach. 

Figure 3. Architecture of HybridTBNet 

To ensure reproducibility and address concerns regarding insufficient procedural detail, the complete 

training configuration is outlined here. The HybridTBNet model was trained with a batch size of 16, 

empirically determined to balance GPU memory constraints and stable gradient flow. All deep learning 

models were trained for 25 epochs, with early stopping applied based on validation loss. Training was 
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performed for 25 epochs using the AdamW optimiser (learning rate = 1e-4), with BCEWithLogitsLoss as 

the objective function. Weight decay was set to 0.01, and gradient clipping at 1.0 was applied to stabilise 

Transformer training. Model checkpoints were saved at each epoch based on validation accuracy, and the 

final model reflects the checkpoint with the best validation performance. This detailed configuration 

ensures transparent and reproducible training behaviour.  

Algorithm 1. Deep Learning Model Training Procedure 

Input: Training dataset 𝐷𝑡𝑟𝑎𝑖𝑛, Validation dataset 𝐷𝑣𝑎𝑙, Model 𝑀, Optimizer 𝑂𝑝𝑡, Loss function 𝐿, Number of epochs 𝐸 

Output: Trained model 𝑀∗ 

1: for epoch = 1 to E do 

2:  // Training Phase 

3:  M.train() 

4:  for each batch (𝑋, 𝑦)in 𝐷𝑡𝑟𝑎𝑖𝑛do 

5:    y_logits ← M(X) 

6:    loss ← L(y_logits, y) 

7:    Opt.zero_grad() 

8:    loss.backward() 

9:    Opt.step() 

10:  end for 

11:  // Validation Phase 

12:  M.eval() 

13:  with torch.no_grad(): 

14:    for each batch (𝑋𝑣𝑎𝑙 , 𝑦𝑣𝑎𝑙)in 𝐷𝑣𝑎𝑙do 

15:      y_val_logits ← M(X_val) 

16:      val_loss ← L(y_val_logits, y_val) 

17:    end for 

18:  end with 

19: end for 

20: return 𝑀∗ 

Although hybrid CNN–Transformer frameworks have been explored in recent deep learning 

literature, the proposed HybridTBNet introduces several architectural and methodological innovations that 

set it apart from prior work. First, instead of applying simple late fusion, HybridTBNet performs cross-

stage fusion, where convolutional feature maps are transformed into structured patch embeddings that 

preserve spatial semantics before entering the Transformer encoder. This results in a richer contextual 

representation than the fixed-grid patching used in conventional ViT-based hybrids. Second, the model 

incorporates an optimised patch embedding strategy directly derived from CNN feature hierarchies, 

enabling better alignment between local lesion features and global attention. Third, the study integrates a 

comprehensive benchmarking pipeline, including classical ML baselines and an ablation study, which is 
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rarely included in prior TB-specific hybrid models. Finally, the model has been tailored for chest X-ray TB 

detection through task-specific augmentation, balanced sampling, and training refinements, making 

HybridTBNet distinct in both design and application focus. 

3.5. Experimental Setup 

The model training was done on an NVIDIA RTX 3050 GPU. The deep learning models were trained 

for 25 epochs using the AdamW optimiser (learning rate = 1e−4) and BCEWithLogitsLoss, which combines 

a sigmoid activation with binary cross-entropy loss. For reproducibility, the experiments were conducted 

using fixed random seeds of 42, 123, and 2025 across three independent runs. 

3.6. Overall Procedure 

Algorithm 2. Overall Experimental Procedure 

Input: Raw CXR image dataset D_raw 

Output: Performance comparison table T_results 

1:  // Data Preparation 

2:  D_processed ← Preprocess(D_raw)  // Resize, Convert to RGB, Normalize 

3:  D_train, D_val, D_test ← StratifiedSplit(D_processed, ratio=[0.7, 0.15, 0.15]) 

4:  // Model Training and Evaluation 

5:  Models ← {KNN, SVM, RandomForest, BaselineCNN, HybridTBNet} 

6:  ResultsList ← [] 

7:  for each model in Models do 

8:     if model is ClassicalML then 

9:        X_train, Y_train ← FlattenAndExtract(D_train) 

10:         Train(model, X_train, Y_train) 

11:     else if model is DeepLearning then 

12:         Train(model, D_train, D_val) // Using training and validation sets 

13:     end if 

14:     // Evaluation 

15:     y_true, y_pred ← Predict(model, D_test) 

16:     Metrics ← CalculateMetrics(y_true, y_pred) // Accuracy, Precision, etc. 

17:     Append(ResultsList, {model.name, Metrics}) 

18: end for 

19: // Final Comparison 

20: T_results← CreateTable(ResultsList) 

   21: return T_results 

4. Results and Discussions 

The performance of the proposed HybridTBNet model was quantitatively evaluated on the held-out 

test set. The proposed HybridTBNet model was evaluated on a strictly held-out test set consisting of 630 
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chest X-ray images (105 Tuberculosis and 525 Normal), derived after quality filtering and patient-wise 

dataset partitioning as described in Section 3.2. The evaluation metrics included Accuracy, Precision, 

Recall (Sensitivity), Specificity, and F1-score, derived from the confusion matrix. 

Table 1 summarises the performance metrics obtained by HybridTBNet. The model achieved an 

accuracy of 98.2%, with high sensitivity (97.1%) and specificity (98.5%), reflecting its balanced ability to 

identify both Tuberculosis-positive and healthy cases correctly. The precision of 92.7% and F1-score of 

94.9% further demonstrate the reliability of the predictions across both classes. 

Table 1. Performance of HybridTBNet on the test set 

Metric Score (%) 

Accuracy 98.2 

Precision 92.7 

Recall (Sensitivity) 97.1 

Specificity 98.5 

F1-Score 94.9 

The confusion matrix in Figure 4 illustrates the detailed distribution of predictions. Out of 105 

Tuberculosis cases, the model correctly classified 102 (True Positives) and misclassified only 3 (False 

Negatives), indicating a high sensitivity in detecting positive cases. Similarly, out of 525 Normal cases, 

517 were correctly identified (True Negatives), while only 8 were misclassified (False Positives), 

demonstrating strong specificity.  

 

Figure 4. Confusion matrix of HybridTBNet predictions 

These results yield a balanced accuracy of 97.8% and a Matthews Correlation Coefficient (MCC) of 

0.94, further confirming the model's robustness to class imbalance. The low number of false negatives is 
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particularly critical in clinical screening scenarios, as it minimises the risk of missed TB diagnoses, while 

the low false positive rate reduces unnecessary follow-up investigations. Overall, the confusion matrix 

highlights the reliability and clinical applicability of the proposed HybridTBNet model. 

Training dynamics are depicted in Figure 5, showing accuracy and loss curves across 25 epochs. The 

curves demonstrate a stable convergence, with training and validation accuracy steadily improving while 

the loss decreases. The small and consistent gap between training and validation curves suggests that our 

data augmentation and regularisation strategies effectively mitigated overfitting. 

While the training and validation curves suggest stable convergence with minimal overfitting, this 

interpretation should be considered with caution, given the lack of variability across multiple runs. 

Although experiments were conducted with fixed random seeds, the manuscript currently reports only mean 

performance metrics, without standard deviations or confidence intervals. Furthermore, given the class 

imbalance in the test set (105 TB vs 525 Normal), accuracy alone may not fully reflect model performance. 

To provide a more comprehensive evaluation, additional metrics were computed. The proposed 

HybridTBNet model achieved a Receiver Operating Characteristic Area Under Curve (ROC-AUC) of 

0.991 and a Precision-Recall AUC (PR-AUC) of 0.978, demonstrating strong discriminative ability and 

robust positive-class detection under imbalanced conditions. Additionally, the model achieved a balanced 

accuracy of 97.8% and a Matthews Correlation Coefficient (MCC) of 0.94, further confirming its reliability 

and consistent performance across both classes. Calibration analysis will also be considered in future work 

to assess the reliability of predicted probabilities for clinical deployment. 

Figure 5. Accuracy and loss curves for the HybridTBNet model over 25 epochs 
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Table 3 presents a comparative analysis of HybridTBNet’s classification performance against 

DenseNet-121, ResNet-50, VGG-16, and Baseline CNN. As shown in the table, HybridTBNet achieves the 

highest accuracy of 98.2%, clearly surpassing all benchmark models. DenseNet-121 and ResNet-50 

demonstrate strong performance with accuracies of 96.5% and 95.8%, respectively, while VGG-16 and 

Baseline CNN trail further behind. This consistent performance gap highlights the effectiveness of the 

proposed hybrid architecture in capturing both discriminative local patterns and long-range contextual 

information from chest X-ray images. 

When interpreted alongside the ablation results reported in Table 2, the findings in Table 3 further 

reinforce the contribution of HybridTBNet's fusion strategy. While conventional CNN-based models rely 

primarily on hierarchical convolutional features and achieve competitive accuracy, they lack the explicit 

modelling of global dependencies provided by Transformer attention mechanisms. Conversely, simpler 

architectures, such as the Baseline CNN, show noticeably lower performance. The superior results of 

HybridTBNet in Table 3, together with the detailed evidence in Table 2, confirm that the proposed hybrid 

design offers a substantive and non-trivial improvement over established deep learning models, 

underscoring its robustness and suitability for reliable tuberculosis diagnosis. 

Table 2. Ablation study comparing CNN-only, Transformer-only, and HybridTBNet architectures 

Model Accuracy (%) Sensitivity (%) Specificity (%) 

CNN-only 95.4 93.2 96.1 

Transformer-only 94.1 90.5 95.0 

HybridTBNet (Proposed) 98.2 97.1 98.5 

Table 3. Comparative performance of HybridTBNet against existing deep learning models 

Model Accuracy (%) 

HybridTBNet 98.2 

DenseNet-121 96.5 

ResNet-50 95.8 

VGG-16 94.9 

Baseline CNN 93.1 

To improve clarity and reproducibility, all experimental settings used to generate the reported results 

are explicitly documented, including dataset splits, training hyperparameters, evaluation metrics, and model 

checkpoint selection criteria. Each experiment was repeated across three independent runs using fixed 

random seeds (42, 123, and 2025) to reduce the influence of stochastic variation. The performance values 

reported in this study correspond to the mean results across these three runs. Because the observed variation 
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across runs was small, only the average metrics are presented in the main manuscript for readability. In 

addition, the final model checkpoint for each run was selected based on validation accuracy. 

From a clinical perspective, the model's high sensitivity (97.1%) is particularly valuable, ensuring 

that nearly all Tuberculosis cases are identified and reducing false negatives, a critical requirement for 

mass-screening programs. At the same time, the high specificity (98.5%) minimises unnecessary follow-

up for healthy individuals, reducing the burden on healthcare systems. 

Overall, these results demonstrate that HybridTBNet offers a reliable and effective solution for 

automated TB screening. Its superior performance over traditional CNNs and other architectures indicates 

its potential for real-world deployment, particularly in resource-constrained environments where trained 

radiologists are scarce. 

Despite the promising progress, existing TB classification systems face important challenges: (i) 

CNNs struggle to capture global structural abnormalities, (ii) Transformers require large datasets to 

generalise effectively, (iii) class imbalance and dataset bias often reduce reliability, and (iv) many prior 

studies lack comparative evaluation against classical machine learning baselines. These gaps motivate the 

development of hybrid architectures that fuse local and global feature representations while maintaining 

stability across varying dataset sizes. 

5. Conclusions 

In this study, an automated tool, HybridTBNet, was developed, trained, and evaluated for 

Tuberculosis diagnosis using chest X-ray images. By combining a CNN backbone with a Transformer 

encoder, the model is particularly effective at extracting local pathological information from images and 

the overall spatial context of that information, contributing to state-of-the-art performance. The model 

achieved high performance, with test-set accuracy of 98.2%, sensitivity of 97.1%, and specificity of 98.5%. 

The framework shows strong potential for real-world applications, particularly in resource-limited settings 

where access to expert radiological interpretation is often limited. Systems such as HybridTBNet may serve 

as decision-support tools, providing clinicians with an objective, consistent, and rapid preliminary 

screening output. 

There are some shortcomings to this study despite encouraging results. It is a retrospective dataset on 

which the model was trained, and the model's generalizability has not yet been confirmed in a prospective, 

multi-centre clinical trial. Further research will be devoted to the assessment of HybridTBNet on actual 
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medical grounds and to the implementation of explainable AI techniques to optimise trust and facilitate its 

introduction into routine medical practice. HybridTBNet can be characterised as transformative in the 

sphere (i.e. global health and AI) and therefore can advance good efforts of overcoming tuberculosis 

globally. 

While the current study demonstrates the strong diagnostic potential of HybridTBNet, several 

avenues for future investigation remain. First, external validation using multi-centre datasets from diverse 

geographical regions is essential to ensure robustness and generalizability. Second, integrating explainable 

AI techniques, such as Grad-CAM++, SHAP, or attention visualisation, would help clinicians interpret the 

model's decisions and increase trust in real-world applications. Third, exploring domain adaptation and 

federated learning frameworks may enable privacy-preserving deployment in low-resource settings. 

Finally, incorporating clinical metadata alongside CXR images and extending the model to multi-class TB 

severity classification represent promising directions for expanding the usefulness of HybridTBNet in 

comprehensive TB screening workflows. 
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