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1. Introduction
Acute Lymphoblastic Leukemia (ALL) is a powerful hematologic condition that results because of excessive increase in immature lymphoblasts within bone marrow and blood. It develops as a consequence of undifferentiated lymphoid precursors and occurs on all ages such that approximately 30 percent among children, 30 percent between 30 and 50, and 30 percent between 60 and 60 years old. Complete cases of childhood ALL amount to approximately 60 percent [1-2]. Early diagnosis in high resource settings assists in the cure of >90 percent that are under five years old whereas survival in low and middle-income countries is below 50 percent because of late diagnosis, scarcity of specialists, and affordability [3-4]. The low-cost screening technique, manual peripheral blood smear (PBS) examination, is based on morphology of blast-cells (nuclear features, chromatin patterns, cytoplasm) to differentiate malignant subtypes (Early Pre-B, Pre-B, Pro-B) vs. normal cells, but is highly subjective and inter-observer variability is 2030 percent [5]. ALL has been better diagnosed using deep learning and early CNNs achieve 9599% accuracy on local morphological features [6-7]. More lately, CNNs have been subsequently surpassed by Vision Transformers, that are based on self-attention and capture the full picture and long-range dependencies [8-10]. There are also critical gaps in LMICs like India and Bangladesh because of the absence of diagnostic structures and availability of mobile-ready solutions. ALL models currently are usually black-box and trained on single center data which is poorly generalizable and computationally infeasible on low-end devices [11-12]. Flexible explainability like Grad-CAM with pure Vision Transformers is combined with few studies that address ALL subtypes of this disease or optimized to suit edge deployment. 
The current study aims at a precise, clarifiable, and deployable system of multi-class ALL classification (benign hematogones vs. malignant Early Pre-B, Pro-B, Pre-B) of PBS images under resource-limited conditions. The PBS image is preprocessed as an independent variable and outputs are subtype predictions and Grad-CAM heatmaps indicating morphological heterogeneity that ViTs identify on a global basis but traditional clinical interpretability.
The research is also warranted since the previous literature has not yet completely combined high-accuracy ViT fine-tunning, explainability, multi-source data augmentation, and mobile optimization. Hybrid ResViT models are not ready to be given a full deployment. The advantages are almost zero-related smartphone or laptop screening, lower subjectivity and subjective delay of diagnostics in high-burden areas, and development of explainable transformer-based medical imaging in accordance with WHO equity objectives.
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Figure 1. Architectural overview of the proposed approached.
Research Aim: The aim of this research is to develop an explainable Vision Transformer model for accurate Acute Lymphoblastic Leukaemia subtype classification that demonstrates strong generalisability across diverse datasets and is optimised for mobile deployment in resource-constrained healthcare settings.
Research Objectives
1. To develop an explainable Vision Transformer–based model for accurate classification of Acute Lymphoblastic Leukaemia subtypes.
2. To enhance and systematically evaluate the generalisability of the proposed model across diverse and heterogeneous clinical imaging datasets.
3. To optimise and validate the model for efficient mobile deployment, ensuring reliable performance in resource-constrained healthcare settings.
Boundaries of the proposed research: This 3-month MSc project (February-April 2026) is limited to publicly available datasets [12] (Kaggle ALL dataset expanded with ALL-IDB and C-NMC sources to ~8000+ images), simulated deployment research without real clinical trials or human subjects, and the ViT-B/16 architecture for optimal performance-efficiency trade-off. There is no new data collection from patients or hospitals involved. Figure 1 shows the architectural overview of the proposed approach.

2. Literature Review
The detection of Acute Lymphoblastic Leukemia (ALL) in peripheral blood smear (PBS) imaging has developed out of manual microscopy into AI-driven diagnostics using a deep learning algorithm to process the images and extract blast cell characteristics [2,5]. The review critically analyzes the most important studies, summarizes theoretical changes - the convolutional local detection to attention-based global context - and throws a light on gaps that are closed by the offered ViT-Grad-CAM framework. It pays attention to powerful primary sources up to 2025. 
2.1 CNN-Based Approaches
CNNs were the first to be used and they identified features at the local scale such as nucleus shape. It presented an efficient CNN to recognize B-ALL subtypes with an accuracy of 9698% in PBS images, however, due to local receptive fields, it failed at staining variations [6]. MobileNetV2-ResNet18 hybrid was suggested with 99.39% accuracy, but susceptible to the class imbalance in multi-subtype classification (benign vs.). Pre-B, Pro-B), Early Pre-B [7]. The accuracy was 99.49 percent with VGG19 transfer learning and sharpening, which emphasized the preprocessing [13]. Nevertheless, long-range dependency modeling is limited by overfitting to data of one center (e.g., Kaggle dataset) [11-12]. Low overhead CNNs decay in practice in low-resource environments and lead to architecture development.
2.2 Hybrid and Ensemble Methods
Ensembles and hybrids are made more robust through fusing. CNNs were applied to CatBoost/XGBoost with bone marrow images, and 100 percent was reached in equal environments through imbalance control [14]. With a 99.1% preciseness and enhanced generalization, DenseNet121, ResNet50, and MobileNet were bundled [15]. Transfer learning VGG16 / ResNet-50 with VGG16 at 96.53 was experimented, however, it was observed that it is biased due to non-medical pre-training [16]. InceptionV3/Xception were used together with 99.5% accuracy on severity classification with a focus on fusion. Importantly, these are less deployment friendly as they emphasize accuracy more, making them more complex to use, which is highly constrained by resources.
2.3 High-end Vision Transformers and Advanced Architectures
ViTs change paradigms with self-attention to dependencies across the globe. ViT-CNN ensemble was introduced, which was better in terms of subtype accuracy than CNNs [8]. It was found that ViT modeled 12,528 samples with 88.4% accuracy with attention maps, even though it is very expensive [17]. ViT capability in the detection of PBS subtypes and global capture was demonstrated [9]. At 98 percent ResViT (ResNet-50 + ViT) was presented, combining local and global advantages [18]. A hybrid ViT-CNN was more robust, but was susceptible to overfitting and did not have four-subtype validation [9]. These structures are encouraging to the proposal, but neglect edge optimization; ViT parameter intensity (e.g. ViT-B/16) requires quantization.
2.4 Explainable AI Techniques
XAI has not been well examined as trusted in clinical applications. DL models were enhanced with Grad-CAM in blast heatmaps and transparency and were primarily used with CNNs [19]. ViT variants (ViT, DeiT, Swin) were evaluated on localization of blood cells using Grad-CAM/attention rollout and found pure inconsistencies in ViT [20]. Grad-CAM was also included in over 85% expert-alignable interpretable predictions. The post-hoc additions, in the process of mitigating the black-box issues, reduce efficiency [11].
2.5 Problems in Generalizability and Implementation.
One of the weaknesses identified in the reviews is the lack of data, bias in single-centre studies, and barriers in LMIC [11, 20]. Online hosting with the use of XGBoost deployment (without image DL) is uncommon. Hierarchical DL models are above 90% on the slide but do not consider edge demands. Literature Synthesizing, literature is a development of CNN locality into ViT/XAI integration, which lacks single practice solutions. The proposed ViT-B/16 and Grad-CAM, 8000-image expansion, and TorchScript/ONNX would lead to improved performance (≥99%), interpretability (≥85% alignment), and mobile usability (less than 1s inference), which would benefit equitable care in India-like contexts. Figure 2 shows the PBS images from the dataset.
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Figure 2: PBS images from the dataset (benign & malignant subtypes)
3. Methods
In this section, the methodology of addressing the research problem will be explained: the creation of an explainable, accurate, and deployment-ready deep learning system to classify the subtypes of Acute Lymphoblastic Leukemia (ALL) in peripheral blood smear (PBS) images. The plan gives an elaborate work plan and enough information so that the methodology can be found to be sound and can be duplicated by some other qualified researcher.
3.1 Data Preparation
The dataset utilized by the study is Blood Cells Cancer (ALL) data where 3,256 labelled PBS images are available, and all the labels were confirmed with the help of flow cytometry [12]. This dataset is supplemented with images of the ALL-IDB and C-NMC collections to increase diversity, minimize single-center bias, and improve generalizability and forms an approximate of 8,000 images. Images are all segmented with HSP-based to extract white blood cells and delete background noise, resized to the standard size of ViT (224x224) and normalized with ImageNet statistics and augmented with random rotations, horizontal/vertical flips, and brightness/contrast jitter to enhance robustness and cope with class imbalance. Stratified sampling is used to divide the dataset due to the need to maintain class distribution into 70% training, 15% validation, and 15% test sets.
3.2 Training and Architecture of the Model
Fine-tuning A Vision Transformer-B/16 (ViT-B/16) model when it is pretrained on ImageNet is run on the PyTorch framework. It is decided that this architecture is the most suitable and valid one in the result of the methodological review of the alternatives. Pure convolutional neural networks (e.g. ResNet50 or EfficientNet) were deemed but discarded due to the local nature of their receptive field necessary to detect the long-range interactions and global setting required to distinguish fine morphological differences between all subtypes (benign hematogones vs. malignant Early Pre-B, Pre-B, Pro-B). Combination Hybrid CNN-ViT were tested but dropped in favour of higher complexity and lower capability to deploy on the edges. Other types of transformers (e.g., Swin Transformer or DeiT) present fairly modest improvements in certain tasks and consume more resources, as well as have limited experience in this four-class ALL setting subject to mobile constraints. ViT-B/16 offers the best trade-off between global self-attention, high expected accuracy and optimization. The head of classification is substituted with a four-class output linear layer. Grad -CAM is used within the attention layers itself to create a clinical interpretable heatmap, showing the areas in the blast cells being mainly diagnostic. The training has a learning rate of 1e-4 using Adam optimizer, cross-entropy loss, Cosine annealing learning rate scheduler, batch size of 32, and early stopping criterion of the validation loss. Training runs for 50–100 epochs. The study involved of systematic ablation experiments in which the baseline vanilla ViT-B/16 model is compared to the Grad-CAM-enhanced model in order to measure the explainability contribution.
3.3 Work Plan
The project will start on February 6 through to April 30, 2026 (12 weeks). Data growth and preprocessing is done at the start of February. From mid-February to March, model fine-tuning and Grad-CAM integration is done. Training, ablation experiments and the evaluation will be done in March. In April, deployment, quantization and prototype testing is completed. The project is finalized with the assessment and the documentations.
[image: Blank board (16)]Figure 3: Workflow of the proposed architecture
4. Results
The proposal stage does not have any results. The research will gather projections of the probability of the class and subtype of prediction (benign hematogones vs. malignant Early Pre-B, Pre-B, Pro-B), soil layer Grad-CAM that discloses regions of activity, and metrics of leadership (accuracy, precision, recall, F1-score macro-averaged, ROC-AUC one-vs-rest), ablation uniforms relative to baseline ViT-B/16 and the Grad-CAM enhanced model, and an inference time/model size measures before and after quantization upon edge hardware.
Descriptive statistics (mean, SD, confidence intervals) will be used to address the research question and test the hypothesis, (1) to compare the proposed model with baselines (McNemar test, p < 0.05), (2) calculate the identical ROC curves and AUC values to identify the similarity between the heatmap and expert annotations (overlap measures, which entails IoU or Dice coefficient).
5. Evaluation
The suggested system can substantially enhance ALL diagnosis to resource-limited conditions, that is, very high precision (99 -99.5, F1 0.99, ROC-AUC 0.999) and interpretable Grad-CAM heatmaps (85 expert agreeableness). This eliminates diagnostic subjectivity and lag time, facilitates low-price mobile screening, and facilitates fairness in cancer therapy in addition to advancing explainable medical AI.
The major constraints are dataset bias, which leads to a decrease in real-world performance (1-3 percentage) because of low ethnic and staining diversity, quantization harshness (0.5-1 percentage), neither clinical nor prospective validation over three months, and potential overfitting to public datasets under noisy laboratory conditions. These limitations make sense in the current scenario due to the limited time and resources of the project and the fact that the explainable transformer-based hematology research was at its inception. Ablation tests, cross-dataset tests, and reporting transparently will be used to assess the effects. Table 1 shows the key limitations and mitigation of the proposed approach.
	Limitation
	Impact
	Justification
	Mitigation

	Dataset bias (ethnic/staining)
	1–3% accuracy drop
	Time and resource limits
	Multi-source data, ablation

	Edge quantization
	0.5–1% performance loss
	Hardware constraints
	Pre/post-quantization tests

	No clinical trials
	No prospective validation
	3-month timeline
	Simulated deployment, future work

	Public datasets
	Real-world overestimation
	Limited data access
	Cross-dataset testing, transparency


Table 2. Key Limitations and Mitigation
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6. Dataset link:
https://www.kaggle.com/datasets/mehradaria/leukemia
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