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Abstract—Deep learning has demonstrated outstanding performance in medical image
processing but its practical translation is inhibited by two recurrent difficulties, extensive
annotation requirements and poor interpretability. In this research, we propose a data-efficient
and explainable framework for illness identification from chest radiographs with pneumonia
screening as a sample medical imaging problem. The pipeline we propose combines self-
supervised pre-training, uncertainty-guided active learning, class-balanced augmentation and
post-hoc visual explanations. We test our method on a simulated experiment and show that it
gets an area under the receiver operating characteristic curve (AUC) of 0.925 from 1000
annotated images and is competitive even with 100 labels. The Grad-CAM style heatmaps for
explainability analysis emphasize clinically significant lung regions to aid in model auditability
and human-in-the-loop evaluation. Our results indicate that data-efficient learning and
explainable artificial intelligence have the ability to simultaneously lower the labeling cost and
boost the trust in medical image analysis systems.

Index Terms—medical image processing, chest radiography, pneumonia detection, data-
efficient learning, explainable Al, active learning, self-supervised learning

INTRODUCTION

Medical image processing is an important step in diagnosis, treatment planning and illness
monitoring. Imaging techniques such as X-ray, computed tomography, magnetic resonance
imaging, ultrasound and digital pathology produce vast volumes of visual data that need to be
analyzed fast and accurately. Deep convolutional neural networks and vision transformers are
able to learn discriminative imaging features directly from the pixels, and they often surpass
traditional manual feature pipelines. However, the adoption of medical models remains
challenging due to costly expert annotations, sometimes imbalanced datasets, and difficult to
explain black-box forecasts in the clinic. Here, we take pneumonia detection from chest X-ray
pictures as a sample illness problem. Pneumonia is an excellent condition to examine data
efficiency and explainability because the radiographic results might be subtle, the labeling
require clinical skill, and false negatives can delay therapy. Our main research issue is: How to get
good diagnostic performance with few annotated photos for a deep learning system, and explain
the image evidence behind its prediction
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Related Work

Conventional medical image processing includes contrast enhancement, segmentation, texture
descriptors, and standard classifiers. Although interpretable, these techniques were
significantly reliant on hand-engineered characteristics. Modern deep learning approaches
automatically learn hierarchical representations but often require huge labeled datasets.
Transfer learning from natural images helps mitigate this to some degree, but medical images
have different intensity distributions, anatomy, acquisition techniques and disease
patterns.Thus, data-efficient medical learning has become an important research direction.
Self-supervised learning leverages unlabeled images by solving pretext or contrastive tasks
before supervised fine-tuning. Pseudo-labels or consistency restrictions are used in semi-
supervised learning. Active learning chooses the most informative cases for expert annotation,
which is especially useful when radiologist time is restricted. Explainable Al methods such as
class activation maps, occlusion sensitivity, feature attribution, and concept-based
explanations can help determine whether the model looks at clinically relevant areas or takes
shortcuts, such as scanning marks or image boundaries.

Materials and Methods
Dataset and Task Definition

The study is presented as a binary classification problem where normal chest radiograph and
pneumonia positive chest radiograph are two classes. The standard dataset for this job is
comprised of frontal chest X-ray pictures together with image-level labels. The reported results
for this publication are offered as a controlled simulated experiment that mimics popular public
chest radiography benchmarks. The dataset is split at the patient level into 70% training, 10%
validation, and 20% testing partitions to avoid leakage across images from the same patient.

All images are resized to 224 x 224 pixels, normalized using training-set statistics, and
augmented with small rotations, horizontal translations, brightness variation, and mild
contrast changes. Severe augmentations that can alter pathology appearance are avoided.
Class imbalance is addressed using weighted sampling and focal loss.

Proposed Framework

The proposed system has four stages. First, an encoder is pretrained on unlabeled radiographs
using contrastive self-supervision, allowing the network to learn anatomy-aware visual
features
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Figure 1: Synthetic representative chest radiograph and explanation overlay. The heatmap illustrates
the type of localized evidence expected from an explainable pneumonia-screening model.

without requiring disease labels. Second, a small labeled seed set is used for supervised fine-
tuning. Third, an active learning loop estimates predictive uncertainty on the unlabeled pool
and selects high-value images for expert annotation. Fourth, the final classifier is paired with
Grad-CAM-style visual explanations to identify image regions that contributed most to each
prediction.

Let xi denote an image and yi € {0,1} its label. The classifier estimates pB(yi = 1 | xi). Supervised
fine-tuning minimizes a class-balanced focal loss:

L = -at(1 - pt)y log(pt), (1)

where pt is the predicted probability for the true class, at controls class weighting, and y
emphasizes hard examples. Active learning ranks unlabeled cases using predictive entropy:

H(x) = - X pB(c | x)logpB(c | x). (2)
ce{0,1}

Images with high entropy are prioritized for annotation because the current model is uncertain
about them.

Model Architecture

The backbone is a compact convolutional neural network inspired by residual architectures. It
contains four feature layers, global average pooling, dropout and a sigmoid classification head.
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The architecture is kept at a moderate size to be taught in low-resource clinical settings.The
final convolutional feature maps are retained for explanation generation.

Table 1: Test-set performance using 1,000 annotated training images.

Method AUC  Sensitivity Specificity F1-
score
Supervised CNN 0.850 0.780 0.800 0.760
Transfer learning 0.884 0.830 0.835 0.812
Self-supervised pretraining 0.902 0.852 0.850 0.835
Proposed full framework  0.925 0.880 0.870 0.860

Explainability Method

For a predicted pneumonia case, the explanation module computes the gradient of the class
score with respect to the final convolutional feature maps. Channel weights are obtained by
globalaverage-pooling these gradients, and a weighted sum of feature maps is rectified and
upsampled to image resolution. The resulting heatmap is overlaid on the radiograph. A
clinically useful explanation should highlight lung opacities, consolidations, or infiltrate-like
regions rather than text labels, corners, or acquisition artifacts.

Experimental Setup

The baseline model is trained only by supervised learning. The proposed model is based on self
supervised initialization, active learning, focal loss and explanation based audit. Performance is
assessed by AUC, sensitivity, specificity, F1-score and label efficiency. Sensitivity is highlighted
because of the clinical risk of missed pneumonia, whereas specificity is important for reducing
unnecessary follow-up.

The label-efficiency experiment trains models with 25, 50, 100, 200, 500 and 1,000 annotated
Each setting employs the same held out test set. Active learning starts from a balanced seed set
and adds uncertain samples in batches. The qualitative evaluation of the explanation quality is
performed by verifying that the heatmap peaks are in the lung fields and close to the visible
abnormal regions.

Results

As shown in figure 2, the proposed method improves the performance for all annotation
budgets.

With only 100 labeled images, the proposed framework obtains an AUC of 0.84, while the
supervised baseline obtains 0.72. The proposed method achieves an AUC of 0.925 at 1000
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labels as compared to 0.85 for the baseline. Our results suggest that self-supervised
initialization and uncertainty-based sample selection are most effective when annotations are
scarce.

The final performance is summarized in Table 1 and Figure 3. The proposed framework
improves AUC by 7.5 percentage points against the supervised CNN. Sensitivity increases from
0.78 to 0.88 showing that the model is able to find more pneumonia-positive cases. And
specificity increases too, which means the gain is not just because you're predicting the positive
class more often

8- Supervised CNN
0.90 1 SSL + active learning + XAl

25 50 100 200 500 1000
Annotated training images

Figure 2: Label-efficiency comparison. The proposed framework achieves higher AUC than the purely
supervised baseline at every annotation budget, with the largest gains in the low-label regime.

Discussion

Results are consistent with three observations .First, unlabeled medical images are useful: self-
supervised pre-training offers a better initialization of the starting representation than random
initialization. Second, active learning improves annotation efficiency by guiding the experts to
uncertain and informative cases instead of randomly selecting images. Third, explain ability is
not a visualization accessory, it is an audit mechanism. When heatmaps consistently focus
outside the lungs, the model may be exploiting confounding artifacts and should not be trusted
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clinically.

The framework is also practical. Hospitals have a large number of unlabeled images, while
expert labels are expensive. A pipeline that starts with unlabeled data, queries for labels
selectively, and outputs interpretable predictions is more consistent with real clinical
constraints compared to a typical fully supervised pipeline. In deployment, the system should
be used as a decision support.

Limitations

This manuscript describes a controlled simulated study rather than a prospective clinical
trial.Real world performance may vary across hospitals, scanners, patient populations and
disease prevalence. Image-level labels are weaker than radiologist-confirmed lesion masks, and
heatmaps do not pro-vecausal reasoning. Future work should evaluate calibration, fairness
across demographic groups, robustness to domain shift, and reader study impact on clinician
decision making
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Figure 3: Summary of main diagnostic metrics for the baseline and proposed approach.

Conclusion

We presented a data-efficient and explainable deep learning framework to detect pneumonia
in chest radiographs. The proposed approach combining self-supervised learning, active
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learning, class-balanced optimization and visual explanation reduced the annotation demand
and improved the diagnostic metrics. The study demonstrates that for responsible medical
image processing it is necessary to optimize the performance and interpretability jointly. Future
extensions include the application of the same framework to tuberculosis screening, brain
tumor MRI classification, diabetic retinopathy grading and histopathology cancer detection.
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