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ABSTRACT

Tuberculosis (TB) diagnosis from Chest X-ray (CXR) images poses a significant
challenge in radiology due to the inherent data imbalance and subtle lesion
heterogeneity. These factors cause traditional deep learning models, like
standard CNNs and conventional Vision Transformers (ViT), to exhibit poor
generalization and inadequate sensitivity (recall) for the minority TB class. We
address this critical research gap by introducing a novel methodology, an
enhanced ViT architecture that leverages Self-Supervised Learning (SSL) via the
SimCLR framework, subsequently optimized with an Adaptive Weighted Focal
Loss. Our primary objective was to develop a generalizable model that minimizes
false negatives without sacrificing overall precision, thereby establishing a new
performance benchmark for automated TB detection. The methodology
conceptually separates feature learning from SSL pre-training on unlabeled data Vision Transformer;

to generate robust and domain-invariant features, distinct from classification Self-Supervised Learning;
optimization. Adaptive Weighted Focal Loss is employed during fine-tuning to ViT:

counter majority class gradient dominance mechanistically. We validated this SImCLR:

approach using K-Fold Cross-Validation. The final ViT SSL Weighted model o

achieved a peak internal accuracy of 0.9861 and an AUPRC of 0.9781. Crucially, 1uberculosis
it maintained generalization stability when externally tested on the TBX11K
dataset, securing an AUPRC of 0.9795 and a high recall of 0.9527. This minimal
variance strongly confirms the reproducibility and robustness of our features
against institutional variation. The resulting high recall directly translates to
enhanced diagnostic decision-making, significantly lowering the clinical risk
associated with a missed TB diagnosis. This study establishes an effective,
stable, and generalizable SSL-based ViT framework, offering a scalable solution
for public health efforts in resource-constrained settings.
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I. INTRODUCTION approaches, present two critical computational limitations

Human health is significantly challenged by pulmonary
disorders, with Tuberculosis (TB) persisting as one of the
most lethal infectious diseases globally, leading to 1.25
million deaths annually, according to the 2023 WHO
report [1][2]. Timely and accurate diagnosis is critical, yet
conventional methods face considerable constraints.
Manual sputum microscopy yields inconsistent sensitivity
[3], while the subjective interpretation of Chest X-ray
(CXR) is laborious and susceptible to misinterpretation
due to overlapping pathologies [4]. The emergence of
Deep Learning-based Computer-Aided Diagnostic (CAD)
systems has offered a promising path toward objective
and scalable detection of TB from radiographs [5][6].
Recent studies have effectively utilized hybrid
architectures, such as ResNet-ViT [7] and specialized
CNNs [8], achieving high classification accuracy, often
nearing 99% in controlled environments. However, these
results, derived primarily from supervised learning (SL)

in the medical domain. First, the dependency on SL
necessitates abundant, high-quality labeled data, which is
scarce and costly to acquire for complex tasks like TB
lesion identification [9]. Second, the reported high
accuracy is frequently misleading, as models tend to
overfit the majority class due to the inherent imbalanced
class distribution in clinical datasets, where positive TB
cases represent the minority [10]. This reliance on
unreliable metrics, such as accuracy, fails to guarantee
robust performance on the diagnostically crucial minority
class. The methodological gap lies in the failure of current
VIiT and CNN hybrids to simultaneously address both the
data scarcity challenge and the class imbalance bias
using an integrated, principled approach, thereby limiting
their true generalization capability. This paper addresses
this crucial gap by proposing a novel, integrated workflow
leveraging the strengths of the Vision Transformer (ViT)
architecture. We combine Self-Supervised Learning
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(SSL) via the SImCLR framework to effectively pre-train
robust feature representations from limited labeled CXR
data, thereby mitigating data dependency [11][12]. The
VIiT architecture, known for capturing global long-range
interactions essential for subtle TB patterns [13], is then
fine-tuned using Adaptive Weighted Loss, specifically
Focal Loss or Binary Cross-Entropy (BCE). This loss
function explicitly assigns higher penalty weights to the
underrepresented minority class, directly enhancing the
model’s sensitivity (Recall) [14][15]. We utilize the Area
Under the Precision-Recall Curve (AUPRC) as the
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Fig 1 The proposed research workflow Vision Transformer (ViT) with SimCLR pre-training and fine tune

primary evaluation metric, as it provides a reliable
assessment of performance explicitly centered on the
positive TB class. We propose that the integration of ViT,
SimCLR pre-training, and Adaptive Weighted Loss will
produce a statistically significant enhancement in AUPRC
compared to conventional supervised ViT models in
classify Tuberculosis from CXR images. The main
objective of this research is to implement and validate the
integrated ViT-SSL framework, performing an ensemble-
based evaluation to systematically investigate the effects
of varying class weighting and loss functions on the
model’s generalization and robustness across internal
and external datasets.

Il. MATERIALS AND METHOD

The proposed methodology begins with the SImCLR pre-
training stage, which aims to develop robust visual
representations of chest X-ray (CXR) images without
labels. According to Fig. 1, it starts by inputting training
and validation datasets into the SIimCLR module, which
utilizes contrastive augmentation to generate two distinct
perspectives of each image through random alterations
such as rotation, cropping, and color modification [16].
These perspectives are processed through the VIiT
Encoder to extract features, and the projection head
reduces these features into a lower-dimensional space,

weights based on validation performance. Following the
K-fold loop, the optimal models are aggregated and
assessed using test data. Critical performance metrics,
such as accuracy, recall, precision, F1-Score, and AUC-
PRC are computed to evaluate the model's predictive
capabilities for tuberculosis (TB).

Table 1 Arrangement of the Tuberculosis CXR Image
dataset.

Class Normal Tuberculosis Total
CXRTB
Train 2240 448 2688
Validation 560 112 672
Test 700 140 840
Total 3500 700 4200
TBX11K
Test 3800 800 4600

This methodology aims to tackle the intrinsic challenge
of high-dimensional CXR image analysis, which
represents a methodical advancement from data
acquisition and strategic processing for the execution of a
tailored Vision by implementing an adapted Vision
Transformer (ViT) architecture coupled with the SImCLR
framework for Self-Supervised pre-training. The
methodology is consistent with current advancements in
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Figure 2 Histogram comparison of data preprocessing

transformer-based medical imaging [18] and contrastive
learning frameworks [19].

A. Dataset and experimental design

This study utilized a lung chest X-ray (CXR) image
dataset collected from the publicly available dataset,
namely the CXR TB dataset, which was collected by a
team collects the images of researchers from Dhaka
University and Qatar University, alongside a team of
Malaysian collaborators which collaborated with Hamad
Medical Corporation [20] and the TBX11K dataset
gathered from the Montgomery and Shenzen datasets
[21]. Given that both the CXR TB and TBX11K datasets
are publicly available and utilize radiographic images
[20][21], this study adheres to all relevant privacy and
regulatory guidelines for secondary analysis of de-
identified medical data and did not require additional
institutional. The data distribution is shown in Table 1. The
approach of 5-Fold Stratified Cross-Validation (K=5) was
applied [22]. This value for K is selected as a conventional
best practice in medical imaging studies of a similar scale,
balancing the trade-off between comprehensive model
evaluation and computational efficiency [23]. 20% of the
dataset is set to be used for testing, while the other 80%
is used for training and validation. To generalize the
proposed method, the data was tested on the TBX11K
dataset. All initialization techniques, including dataset
division and model weight initialization, used a fixed
random seed set to 42 to ensure the reproducibility of the
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experimental results. The Google Colab Pro with GPU
acceleration, with a NVIDIA A100 GPU, was used for all
experiments. The execution environment offers 235.7 GB
of disk space and 15.0 GB of GPU RAM available. Python
3.10.12 is used for implementation. Table 2 presents the
details of the comprehensive training hyperparameters.

B. Data pre-processing and augmentation

The initial step in the data pipeline is standardization,
which involves resizing and normalizing each image to a
standard size of 224 x 224 pixels. In order to obtain the
VIT model's input dimension criteria, this scaling is
necessary. Subsequently, augmentation is applied during
the fine-tuning phase using horizontal flipping and random
brightness. As a balancing mechanism, the SImCLR pre-
training phase utilizes strict contrastive augmentation
approaches. Based on established best practices for
SIimCLR applied, the augmentation suite, including a
random resized crop with 0.7 scale, Gaussian noise ¢ =
0.5, brightness 0.1, contrast 0.8, 1.2, and rotation, was
applied. This forces the VIT to acquire feature
representations that are significantly invariant to clinical
noise and image dimensions.

The Histogram Analysis in Fig 2 effectively elucidates
the transformation of the raw data during the proposed
SSL pipeline. The original images exhibit distinct, class-
specific pixel distributions. The Normal class displays a
distribution concentrated around a lower mean intensity of
142.34, indicating a relative abundance of darker (low-
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Figure 3 The pipeline of self-supervised contrastive learning consists of two steps. Phase 1: Self-Supervised
Pre-training with Contrastive Learning. Stage 2: Fine-tuning involves receiving a labeled sample and generating

the prediction using a classifier.

intensity) background and tissue areas. In contrast, the
Tuberculosis class shows a slightly higher mean intensity,
151.78, and often presents a bimodal distribution. This
bimodality is likely due to the presence of dense, high-
intensity pathological opacities the lesions contrasting
with the dark background, pushing the average intensity
higher than the Normal class. After applying contrastive
SimCLR-based augmentations, there is a noticeable shift
in the distribution of both classes, with mean intensity
increases for Normal from 142.34 to 152.81 and TB from
151.78 to 164.52. This results from brightness and
contrast augmentations, which enhance pixel values to
create diverse views. The distribution becomes more
consistent and wider, aligning with the contrastive loss
objective to encourage the ViT encoder's learning of
invariant feature representations, directing focus towards
global structure-based features essential for effective
transfer learning. After fine-tuning, the distribution shows
a return to the original mean intensity 142.34 for the
Normal class and 151.78 for the TB class, indicating that
the classifier has trained on the stabilized data loader
effectively. This process has normalized the raw visual
variability without distorting the classification input,
demonstrating robust generalization.

C. Model architecture and pre-training

The architecture used employs a two-stage training
pipeline based on Self-Supervised Learning (SSL) as
depicted in the accompanying diagram, according to Fig.
3. The ViT model architecture utilizes 6 Transformer
Blocks and 6 Attention Heads within a 512-dimensional
feature space Embed_dim D=512, with a patch size of
16 x 16, resulting in 196 patches per image. This
configuration is selected based on established
benchmarks that offer the optimal trade-off between
representational depth and computational efficiency for
medical image classification [24] shown detail in Table 2.
The first stage, Self-Supervised pre-training contrastive is
conducted without manual annotation [25], concentrating
on the acquisition of feature representations from CXR
images. This stage utilizes a contrastive learning
framework aimed at enhancing the encoder's output by
imposing a structure within the latent space.

This technique seeks to decrease the proximity
between positive pairs, consisting of two distinct
augmented views (x;, x;) derived from the same input
image while concurrently maximizing the distance to
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negative pairings (x;, x;) and (x;, xj) [26] that represent
other images within the same batch. The optimization of
the NT-Xent loss function facilitates both minimization and
maximizing [27]. A case in point of the NT-Xent equation

in Eq. (1):
1 2N exp(sim(f (x,), fo (xD))/7) (1)
Ly ent = —— lOg
X N Zi:l X jei lexp (sim (fa(x")'fa(xi)) /T)

Sim denotes similarity The function resembles cosine
similarity, and 1 serves as a temperature parameter to
modulate the scale of similarity. The emblem N represents
the quantity of original samples in the training batch. The
term 2N is the total number of augmented views
processed in each cycle. All 2N — 2 enhanced samples
that do not correspond to the anchor view are classified
as negative samples for loss calculation.

The second stage, fine-tuning, utilizes the pretrained
encoder weights obtained from the contrastive stage as
the initialization point, supplanting the conventional
random initialization. We investigate the performance
across three distinct scenarios, each employing a specific
loss function. For the baseline models ViT Scratch, ViT
SSL Unweighted, the network is optimized using the
standard Binary Cross-Entropy (BCE) Loss, denoted as
Lcqg in Eq. (2). This function calculates the discrepancy
between the actual class labels (y;) and the predicted
probabilities (¥,), ensuring inaccurate predictions are
penalized.

N
1
Lop ==+ ) Ilog@) + = y)log -0 @)
i=1
To tackle the main problem of severe class imbalance,
which can overshadow the training process and dominate
the loss function, we incorporated the Weighted Focal
Loss (Lyr,) function for our proposed scenario. This
method transcends conventional solutions (like simple
class weighting) by adaptively modifying the weight of the
cross-entropy loss according to the prediction confidence.
The selected loss function, a bespoke version of the
Weighted Focal Loss , is articulated as follows:

N

1
Ly, = _NZ[at(l —pe)Y log(pe)] 3)

i=1

where p, represents the model's predicted probability for
the true class. The a; term functions as the class
weighting factor, explicitly calculated from the inverse
frequency to mitigate the data imbalance bias [28].
Furthermore, the y =2.0 parameter serves as the
modulating factor for hard example mining, directing the
optimization towards misclassified and challenging TB
instances instead of the readily classified Normal
samples.

Table 2 Parameters of the vision transformer (ViT)
model with SimCLR pre-training

Layer Parameters Value
(224, 224)

Input

Patch_size (P) (16, 16)
Number_of patches 196
Embed_dim (D) 512
Transformer_Blocks (L) 6
Attention_Heads (H) 6
MLP Hidden Dimension 2048

D. Training strategy and ablation scenarios

A thorough ablation research was performed to
meticulously assess the distinct contributions of each
model utilizing Self-Supervised Learning (SSL) pre-
training and class-weighted loss.

a Self-supervised (SSL) pre-training

The encoder is trained utilizing the AdamW optimizer and
learning rate scheduler Cosine with a low learning rate of
1.0 x 10™* and a Weight Decay of 1.0 x 10™*. This
configuration is chosen to ensure stability in optimizing the
complex NT-Xent Loss and generating highly stable
feature embeddings [29][30]. A memory bank approach
[31] is utilized to mitigate the computational cost
associated with large batch sizes required by SimCLR
[32] such as cropping or noise, while remaining highly
discriminative among distinct patients.

Table 3 Hyperparameter values

Hyperparameter Value
Optimizer AdamW
Weight Decay FT 1.0 x 107*
Weight Decay SSL 1.0 x 107*
Learning Rate FT 5.0 x 1075
Learning Rate SSL 1.0x 107*
Batch Size 128
Temperatur 0.1

Seed 42

b  Supervised fine-tuning

The second stage employs the pre-trained encoder
weights obtained from the contrastive stage as the
initialization point, supplanting conventional random
initialization. The model is optimized with the AdamW
optimizer, using a specific low learning rate of 5.0 x 1075
and a Weight Decay of 1.0 x 10™* to generalization and
avoid catastrophic forgetting [33].

¢ Ablation scenarios

This research encompasses three distinct scenarios for
experimentation, all of which employ the same Vision
Transformer (ViT) architecture and fine-tuning techniques
to ensure a fair comparison. Scenario 1 (ViT Scratch)
establishes the baseline by initializing the ViT encoder
weights randomly and training with standard, unweighted
Binary Cross-Entropy Loss (L.z). This quantifies the
architecture's minimum performance without specific
domain knowledge acquisition or imbalance mitigation.
Scenario 2 (ViT SSL Unweighted) isolates the benefits of
contrastive learning. The encoder was initialized using the
SimCLR pre-training phase, but reverted to the
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conventional unweighted Binary Cross-Entropy Loss
(Lcg) set at 1.0 for all classes during supervised fine-
tuning. This measures performance enhancement using
the feature representations learnt from the unlabeled CXR
domain. Scenario 3 (ViT SSL Weighted) to tackle the
critical problem of severe class imbalance, the proposed
scenario employs the Weighted Focal Loss (Ly,f,). This
final scenario aims to demonstrate the combined effect of
feature learning paired with focused sensitivity
improvement for the minority TB class.

E. Model evaluation

The evaluation methodology focuses on metrics that
indicate clinical accountability, recognizing that the
repercussions of a diagnostic failure (False Negative) are

The F1-score in Eq. (7) is computed as the mean of
the precision and recall metrics. In this study, the Area
Under the Precision-Recall Curve (AUPRC) is crucial for
highly imbalanced datasets, as it specifically focuses on
the performance of the positive (minority) class.

lll. RESULTS
A. Test Data on the CXR TB Dataset

The K-Fold cross-validation results in Table 4,
summarized by the mean + standard deviation (mean +
std) across five folds, provide statistically robust evidence
for the incremental benefit and stability of the proposed
methodology. All configurations maintained a high mean
Accuracy, validating the choice to focus inferential

disproportionately severe. Consequently, the analysis on the minority-centric metrics, AUPRC, and
Table 4 Test on CXR TB Dataset
No Scenario AUPRC Accuracy Precision Recall F1 score
1 ViT Scratch 0.9305 0.9633 0.9412 0.8339 0.8829
+0.0284 + 0.0087 +0.0336 +0.0566 +0.0309
. 0.9768 0.9809 0.9543 0.9303 0.9421
2 SSL Unweighted +0.0107 +0.0037 +0.0140 +0.0116 +0.0111
. 0.9797 0.9860 0.9743 0.9410 0.9571
3 SSL Weighted +0.0077 +0.0037 +0.0110 +0.0257 +0.0119

performance metrics were selected and ranked based on
their sensitivity to the minority class [34]. The evaluation
results are generated on the 20% reserved subset of the
CXR TB dataset and, most importantly, on the TBX11K
dataset to confirm generalization across different
institutions. Accuracy measures the ratio of right
predictions, encompassing both true positives and true
negatives [35]. The calculation of accuracy is performed
using the subsequent equation in Eq. (4):

TP + TN (4)
TP+TN+FP+FN

Precision quantifies the ratio of true positive
predictions to the total positive predictions made by the
model. Precision emphasizes the augmentation of true
positives (TP) and false positives (FP) while minimizing
false negatives (FN) [35]. Precision in Eq. (5) is
determined using the subsequent equation:

TP (5)

TP + FP
recall or sensitivity quantifies the ratio of true positive
predictions to the total number of real positive instances
[36]. In medical classification, recall is a critical factor, as
the identification procedure must yield an accurate
diagnosis for the patient [37]. Recall is computed using
the subsequent equation Eq. (6):

Accuracy =

Precision =

TP
- 6
Recall TPTFN (6)
Precision x Recall (7)

F1-Score = 2 x

Precision + Recall

Recall. The initial 60 epochs of Self-Supervised Learning
(SSL) pre-training (S2 vs. S1) yielded a statistically
significant uplift in mean AUPRC from 0.9305 + 0.0284 to
0.9768+ 0.0107 and mean Recall from 0.8339 to 0.9303.
This enhancement verifies the efficient initialization of the
VIiT architecture. Furthermore, the standard deviation for
AUPRC simultaneously decreased + 0.0284 to + 0.0107,
demonstrating that the SSL features are not only but also
more generalized and consistent across the validation
folds. This generalization consistency is strongly
underpinned by the temperature hyperparameter t = 0.1
in the NT-Xent loss, which ensures a highly non-linear,
sharp distribution in the latent space, compelling the ViT
to learn robust, fine-grained distinctions crucial for
identifying subtle TB pathology.

The final optimization step, utilizing Weighted Focal
Loss during the 30 epochs of supervised fine-tuning (S3),
secured the peak mean AUPRC 0.9797 + 0.0077 and the
highest mean Recall 0.9410 + 0.0257. The slight,
analytically anticipated reduction in mean Precision for S3
(0.9743) compared to S2 (0.9543) quantifies the effective
Recall-Precision trade-off, validating the intended function
of the Focal Loss to prioritize the reduction of False
Negatives. Crucially, the standard deviation for AUPRC +
0.0077 is the lowest, indicating that the combination of
robust SSL features and the adaptive Focal Loss yields
the most consistent and stable decision boundary. This
high AUPRC performance statistically positions the
proposed model favorably, exceeding similar published
SOTA methodologies on comparable medical datasets,
validating the overall methodological advancement.
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B. Contribution of Self-Supervised Pre-training

Comparing the baseline ViT Scratch model (Scenario 1)
with the ViT SSL Unweighted model (Scenario 2) reveals
the isolated impact of robust feature representation
learning. The integration of SimCLR pre-training in
Scenario 2 resulted in a substantial and statistically
measurable uplift across all positive-centric metrics. The
AUPRC improved significantly to 0.9768, establishing that
pre-training the ViT encoder with contrastive learning
effectively generated discriminative features invariant to
augmentation. This robust feature space, as reflected in
the improved metrics, provided an initialization point
compared to random weights, thereby enhancing the
model’'s fundamental capacity to distinguish between
subtle Normal and TB patterns.

C. Impact of Adaptive Imbalance

The most pronounced inferential finding stems from the
transition to the full proposed model ViT SSL Weighted
(Scenario 3), where the Adaptive Weighted Focal Loss
was introduced. This loss mechanism directly addressed
the gradient dominance problem caused by the majority
class.

The analysis shows that Scenario 3 achieved the
highest Recall (Sensitivity), significantly improving the

The results definitively support the research
hypothesis, demonstrating that the full proposed pipeline
(Scenario 3) vyielded the most effective model
configuration for imbalanced classification, with the
highest AUPRC and Recall values. The measured
AUPRC (e.g., 0.9797) positions the model favorably in
comparison to existing published state-of-the-art
methodologies, which often rely solely on standard
supervised learning. This performance demonstrates that
the SSL training effectively optimized the ViT encoder
dynamics for enhanced recognition of minor TB lesions,
and the weighted loss subsequently fine-tuned the
decision boundary to favour safety (high Recall) on the
imbalanced data. These results on the internal test set
provide strong quantitative evidence for the model's
readiness for cross-dataset generalization analysis.

D. Analysis of Focal Loss Dynamics During Fine-
Tuning

The training dynamics of the proposed ViT SSL Weighted
model (Scenario 3) are quantitatively illustrated by the
Focal Loss curve, Fig 5, across the fine-tuning stages.
This analysis is crucial for inferring the optimization
efficiency and the function of the adaptive loss
mechanism.

Comparison of Binary Cross-Entropy (BCE) with Weighted Focal Loss (y = 2.0)

Loss on Prediction Probability (Class TB)

Loss on Prediction Probability (Class Normal)
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Figure 4 Comparison of Binary Cross-Entropy with Focal Loss

model's ability to detect actual TB cases (True Positives).
This improvement is a direct consequence of the loss
function explicitly re-weighting the minority class during
optimization, effectively forcing the VIiT encoder to
prioritize the correct classification of TB cases. Critically,
this enhancement was achieved without incurring a
catastrophic penalty on Precision. While Precision
experienced a minimal reduction compared to Scenario 2,
indicating a slight increase in False Positives (Normal
classified as TB), this Recall-Precision trade-off is
deemed clinically acceptable given the disproportionately
high risk associated with a missed TB diagnosis (False
Negative). The AUPRC achieved by Scenario 3 confirms
the collective benefit of combining SSL-enhanced
features with loss-based imbalance mitigation within the
VIT architecture.

The visualization confirms a smooth, monotonic
decrease in the Focal Loss value (y-axis) as the training
epochs progress (x-axis), indicating that the AdamW
optimizer effectively minimized the complex, non-convex
loss surface defined by the NT-Xent pre-trained weights.

Unlike standard Binary Cross-Entropy (BCE), which
often exhibits erratic gradients due to the dominance of
easy samples, the Focal Loss curve demonstrates
stability. This stability is directly attributable to the
modulating factor, y = 2.0, which systematically down-
weights the contribution of easily classified examples. By
prioritizing only hard examples and misclassified minority
cases, the (Lyr,) function ensures the gradients remain
clean and targeted, leading to efficient and stable
convergence of the ViT classifier.
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E. Impact of Loss Weighting and Feature Focus

The smooth convergence at a minimal loss value
indicates that the VIiT encoder, initialized with
robust features from SIimCLR, effectively refined its
decision boundary concerning the most confusing
samples. This hard example mining is the core functional
outcome of the Focal Loss, compelling the model to move
beyond high overall accuracy (driven by easy, majority
class samples) and concentrate computational effort on
clinically challenging TB cases.

The consistent and stable reduction in loss confirms
the efficacy of the adaptive class weighting factor (a;)
implemented within the Focal Loss. By explicitly assigning
a higher penalty weight to the underrepresented TB class,
the model was prevented from prematurely converging to
a state where predicting "Normal" for most samples yields
an artificially low loss. The effective reduction of this
weighted loss indicates that the model achieved a lower
true classification error for the minority class compared to
the outcomes possible with unweighted BCE.

F. Precision-Recall Curve (PRC)

Comparison of Precision-Recall Curves (AUPRC)

Precision (Positive Predictive Value)

0.2

Random Precision (AUPRC=0.167)
= \/iT Scratch (AUPRC=0.9297)

ViT Unweighted (AUPRC=0.9736)
— ViT Weighted + SSL (AUPRC=0.9781)

0.0
0.0 0.2 0.4 0.6 0.8 1.0

Recall (Sensitivity)
Figure 5 Area Under Curve the Precisio-Recall
(AUPRC) for Three Scenario

The Precision-Recall Curve (PRC) provides a
comprehensive analytical view of model performance in
the data test, particularly for the positive TB minority class
in the imbalanced dataset. The results, summarized by
the Area Under the Precision-Recall Curve (AUPRC), are
presented in Figure 4 across the three ablation scenarios.
This visualization enables a critical and inferential
analysis of how Self-Supervised Learning (SSL) and
Adaptive Weighted Loss collectively enhance the Vision
Transformer's (ViT) ability to balance Precision and
Recall.

The VIiT Scratch model (Scenario 1) established the
initial performance ceiling, achieving an AUPRC of
0.9297. The substantial distance between this curve and
the Random Guess baseline confirms the fundamental
efficacy of the ViT architecture in extracting pathological
features from CXR images.

Performance of ViT SSL Unweighted (Scenario 2) with
an AUPRC of 0.9736 analytically demonstrates the
independent contribution of SIimCLR pre-training. The
upward vertical shift of the curve indicates that the
features learned during the SSL stage are inherently more
discriminative and robust. This feature augmentation
improved the model's capacity to correctly rank positive
instances with high confidence, providing a feature
representation foundation before any specific imbalance
mitigation technique was applied.

Scenario 3 achieved the highest AUPRC and
demonstrated the most favorable curve, especially in the
high-Recall regions above 0.90 Recall. This performance
gain is analytically derived from the loss function's ability
to modulate the training gradient by increasing the penalty
for False Negatives (missed TB cases). The curve's
potential to sustain enhanced Precision when Recall
nears 1.0 indicates that the weighted loss effectively alters
the model's inherent bias towards the minority class
without a significant loss of confidence. This dynamic
proves the dual effectiveness of the methodology, the
SSL provides the feature quality, while the Weighted Loss
provides the optimization focus needed to maximize
sensitivity on the imbalanced data.

Table 5 Result on The CXR TB Dataset

Metric Value

AUPRC 0.9781
Accuracy 0.9861
Precision 0.9632
Recall 0.9542
F1 Score 0.9585
Topt 0.5683

Table 6 Result on The TBX11K Dataset

Metric Value

AUPRC 0.9795
Accuracy 0.9831
Precision 0.9630
Recall 0.9527
F1 Score 0.9582
Topt 0.5683

The proposed VIiT SSL Weighted model exhibits a
Precision-Recall trade-off, maintaining high Precision
even at elevated levels of Recall, which is crucial for
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clinical acceptability. The achieved AUPRC of 0.9781 is a
robust quantitative measure, positioning the model highly
against similar methodologies reported in the literature
that struggle to maintain this trade-off balance on
imbalanced medical datasets. This strong performance,
validated by the shape and magnitude of the PR curves,
underpins the model's potential for robust cross-dataset
generalization.

G. Dataset Generalization

The conclusive evaluation of the proposed ViT SSL
Weighted model assessed its generalization capacity
across several radiological domains, comparing
performance on the internal CXR TB test set (Table 5)
with that on the external TBX11K dataset (Table 6). On
the internal test set, the model attained a high
classification efficacy, with an accuracy of 0.9861 and an
AUPRC of 0.9781, along with a robust sensitivity (recall)
of 0.9542. Significantly, when evaluated on the complete
TBX11K dataset, the model exhibited remarkable
resilience to domain shift, maintaining consistently high
performance across all criteria. In the external dataset,
AUPRC reached 0.9795, a commendable outcome
comparable to the internal dataset, while accuracy was
high at 0.9831, and recall was sustained at 0.9527. The
negligible performance variance indicates that the
integration of self-supervised pre-training and weighted
loss effectively produced feature representations that are
exceptionally robust and broadly generalizable, allowing
the model to preserve consistent and accurate diagnostic
accuracy for diagnosing tuberculosis across various
institutional data distributions.

IV. DISCUSSION

This study aimed to tackle the challenges of imbalanced
classification and generalization in Tuberculosis (TB)
detection using Chest X-ray (CXR) images through a
Vision Transformer (ViT) architecture augmented by Self-
Supervised Learning (SSL) and Adaptive Weighted Focal
Loss. The proposed ViT SSL Weighted model achieved
an AUPRC of 0.9781, F1-Score 0.9585, and an accuracy
of 0.9861 on the internal test set, indicating good
performance metrics. The enhanced Recall 0.9542
results directly from the adaptive loss mechanism. This
high Recall, which represents the fraction of actual TB
cases correctly identified (True Positives relative to the
sum of True Positives and False Negatives in the
Confusion Matrix), Fig. 6, confirms the loss function's
targeted effect. In contrast to ordinary cross-entropy, the
Weighted Focal Loss not only rebalances classes but also
consistently correlates loss weighting with gradient
modulation. By reducing the weight of the readily
identified majority (Normal) samples, the ViT encoder is
compelled to concentrate computational resources on the
challenging and minority (TB) occurrences. This approach
potentially alters the clustering of features in the ViT's
latent space, enhancing the distance and separation
margin for TB characteristics. The resultant enhancement
of Recall was achieved with a barely acceptable trade-off
in Precision 0.9632, which measures the proportion of

Confusion Matrix: Proposed Method (Test Set)
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Figure 6 Confusion Matrix Proposed

True Positives among all positive predictions (directly
involving False Positives), validating the objective of
reducing False Negatives without causing severe False
Positive rates. The best decision threshold Topt 0.5683,
reinforces this conclusion, signifying that the border was
deliberately modified to prioritize a safety-first clinical
approach.

Our final model performance signifies substantial
enhancement when objectively compared to the State-of-
the-Art (SOTA) techniques presented in Table 7. Our ViT
SSL  Weighted approach significantly surpasses
conventional deep learning and machine learning models,
such as the CNN by Liton Devnath [6] F1-Score 0.7200
and the Gradient Boosting Machine (GBM) by Ying Luo
[38] recall 0.8763, leveraging the feature extraction
capability of the ViT architecture. Furthermore, it
outperforms  other non-transformer methods like
LightGBM/LR/RF from Nursezen Kavasoglu [39], with an
accuracy of 0.8750 and another CNN study from Qifei
Dong [40], recall 0.5980. This robust performance
validates the fundamental hypothesis that our specific
combination of SSL pre-training and Adaptive Weighted
Focal Loss generates enhanced feature representations
and decision boundaries compared to prior SOTA
methodologies. When compared to the similar ViT
implementation by Kang An [41] and Daniell [42], our
model demonstrates enhanced overall accuracy and a
better F1-score balance. Specifically, our model achieved
an accuracy of 0.9861, significantly surpassing both Kang
An's 0.9571 and Daniell-Martin's 0.7180 results.
Furthermore, our model yielded a higher F1-Score of
0.9585 compared to Kang An's 0.9351 and a higher
AUPRC of 0.9781 compared to Daniell's 0.6070,
validating the efficacy of our proposed optimization
strategy. This core strength of our research lies in the
resource-efficient combination of SSL for domain-robust
feature generation and Weighted Focal Loss for precision-
recall optimization, leading to a better overall balance.
However, a limitation is observed when considering the
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highest recall reported by Kang An 0.9639, indicating that
while our framework optimizes for a balanced F1-Score,
there may be alternative strategies that further prioritize
sensitivity, albeit potentially at the expense of precision. A
key weakness to address is the potential for bias
enhancement due to SSL or weighting.

A primary evaluation for medical relevance is
resilience to domain transition. The model achieved
generalization performance on the external TBX11K
dataset, with an AUPRC of 0.9795 and a Recall of 0.9527.
The limited observed loss in performance and slight
enhancement in AUPRC indicate that Self-Supervised
Learning (SSL) pre-training effectively mitigated feature
variation present in radiological data. The model is
intrinsically sensitive to small feature variances, such as
the various appearances of TB lesions across different
institutions. However, this effect can be mitigated by
incorporating the correct hyperparameters and SSL
augmentation. The thorough selection of the Temperature
(1) parameter in the NT-Xent loss and the incorporation

approach for initiating robust feature learning in medical
Al, where large labeled datasets are limited, thereby
substantially advancing the academic contribution to the
field.

V. CONCLUSION

This study aimed to develop a reliable and generalizable
Vision Transformer (ViT) architecture for imbalanced
Tuberculosis (TB) detection in Chest X-ray images by
augmenting it with Self-Supervised Learning (SSL) and
Adaptive Weighted Focal Loss. The methodology
effectively proved the efficacy of this synergistic pipeline,
with SSL initiating the ViT encoder to acquire feature
representations resilient to domain variation, while the
Weighted Focal Loss systematically adjusted the decision
boundary to prioritize the minority class. This resulted in a
performance with an AUPRC of 0.9781 and an F1-Score
of 0.9585 on the internal test set, achieving a high Recall
of 0.9542, directly addressing the clinical necessity of

Table 7 Comparative Performance Evaluation of Vision Transformer (ViT) with State-of-the-Art Deep
Learning Models for Tuberculosis (TB) Detection in Chest X-ray (CXR) Images

First Author Year Model AUPRC Accuracy F1-Score Recall
Ours 2025 ViT 0.9781 0.9861 0.9585 0.9542
Kang An[41] 2023 ViT ; 0.9571 0.9351 0.9639
Ying Luo[38] Gradient Boosting

2021 e (GBM) - 0.8981 - 0.8763
Nursezen 2025  LightGBM, LR, RF - 0.8750 0.8760 0.8750
Kavasoglu[39]
Liton Devnath(6] 5455 CNN 0.9302 - 0.7200 ]
Qifei Dong[40] 5453 CNN 0.8200 0.7180 - 0.5980
Daniell- .
Martini42] 2024 ViT 0.6070 0.7180 - -

of Weight Decay effectively regulated the complexity of
the learned feature space. This optimization approach
guarantees that the model acquires discriminative
characteristics that are resilient to institutional, ultimately
resulting in consistent performance when generalizing to
the external TBX11K dataset. To comprehensively tackle
interpretability and failure analysis, subsequent research
should include Grad-CAM or analogous attention
visualization techniques to facilitate a mechanistic
qualitative error analysis, linking misclassified data to
particular attention map dynamics. While the strong
generality indicates a low risk of overfitting, addressing
potential limitations, particularly those related to bias
enhancement due to SSL or weighting that may
inadvertently emphasize false correlations, requires
further research. These findings suggest that the
contrastive SSL paradigm is a practical, resource-efficient

reducing False Negatives. Crucially, the model exhibited
stability on the external TBX11K dataset, maintaining an
AUPRC of 0.9795 and a Recall of 0.9527, confirming its
robustness across different institutional data. In
conclusion, this research establishes an effective, stable,
and generalizable SSL-based ViT framework that sets a
new performance benchmark for imbalanced
classification in diagnostic medical Al, offering substantial
public health impact by improving diagnosis reliability.
Future work should focus on integrating the decision
threshold with semi-supervised generative learning to
refine minority feature space representations further and
include Grad-CAM or analogous attention visualization
techniques to facilitate a mechanistic qualitative error
analysis, formally benchmark the model's inference
latency for real-time clinical integration.
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