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Abstract 

Blood cancer, encompassing leukemia, lymphoma, and multiple 

myeloma, remains among the most life-threatening hematological 

malignancies globally. Early and accurate diagnosis is paramount for 

improving survival rates. This paper introduces ALD-RIO (Adaptive 

Learning with Deep-Residual Iterative Optimization), a novel hybrid 

deep learning architecture designed for multi-class blood cancer 

disease prediction. The proposed framework integrates Bidirectional 

Long Short-Term Memory (BiLSTM) networks with Residual Network 

(ResNet) blocks and a multi-head self-attention mechanism, guided by 

Adaptive Lasso Feature Selection (ALFS) to identify the most 

discriminative biomarkers from gene expression, Complete Blood 

Count (CBC) parameters, and clinical features. The model employs 

SMOTE-based class balancing, Bayesian hyperparameter 

optimization, and an iterative residual refinement strategy to address 

class imbalance and overfitting challenges. Extensive experiments on 

five publicly available benchmark datasets demonstrate that ALD-RIO 

achieves 97.83% accuracy, 97.45% precision, 97.91% recall, 97.68% 

F1-score, and 0.989 AUC-ROC, outperforming existing state-of-the-art 

methods by a significant margin of 3.62% in accuracy. Ablation studies 

confirm the contribution of each architectural component. The 

proposed model holds strong potential for clinical deployment in 

hematology diagnostics. 
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1. INTRODUCTION 

Blood cancer represents a heterogeneous group of 

hematological malignancies originating in the blood, bone 

marrow, and lymphatic system. According to the Global Cancer 

Observatory (GLOBOCAN) 2024, over 1.5 million new blood 

cancer cases are diagnosed annually worldwide, with an 

associated mortality rate exceeding 700,000 deaths per year [1]. 

The three predominant subtypes—leukemia, lymphoma, and 

multiple myeloma—exhibit overlapping clinical presentations 

that make early differential diagnosis exceptionally challenging 

for clinical practitioners [2]. 

The conventional diagnostic pipeline for blood cancer relies 

on complete blood count (CBC) analysis, bone marrow biopsy, 

immunophenotyping, cytogenetic analysis, and fluorescence in 

situ hybridization (FISH). While these methods offer high 

specificity, they are inherently invasive, time-consuming, and 

require specialized laboratory infrastructure that may be 

unavailable in resource-limited clinical environments [3]. 

Delayed diagnosis significantly worsens prognosis, as the five-

year survival rate for acute myeloid leukemia (AML) drops from 

approximately 68% when diagnosed at stage I to under 27% at 

advanced stages [4]. 

Artificial intelligence (AI) and machine learning (ML) have 

demonstrated transformative potential in oncological diagnostics 

over the past decade. Deep learning architectures—including 

convolutional neural networks (CNNs), recurrent neural networks 

(RNNs), and transformer-based models—have shown remarkable 

capability in extracting latent patterns from high-dimensional 

biomedical data such as gene expression profiles, blood cell 

morphology images, and electronic health records [5,6]. 

However, several critical challenges persist in the application of 

AI to blood cancer prediction, including class imbalance, high 

dimensionality of genomic features, overfitting on small clinical 

datasets, and the lack of interpretable predictions suitable for 

clinical translation [7]. 

To address these challenges, we propose ALD-RIO: Adaptive 

Learning with Deep-Residual Iterative Optimization—a novel 

end-to-end framework for multi-class blood cancer prediction. 

The key innovations of ALD-RIO include: (i) an Adaptive Lasso 

Feature Selection (ALFS) module that identifies the most 

diagnostically relevant biomarkers from heterogeneous multi-

omics data; (ii) a hybrid BiLSTM-ResNet architecture that 

captures both temporal dependencies in clinical sequences and 

hierarchical spatial features in genomic profiles; (iii) a multi-head 

self-attention mechanism that enables the model to focus on 

globally relevant diagnostic patterns; (iv) Bayesian 

hyperparameter optimization with 10-fold cross-validation for 

robust generalization; and (v) an iterative residual optimization 

strategy that progressively refines predictions over multiple 

inference cycles. 

The remainder of this paper is organized as follows: Section 2 

presents a comprehensive review of recent literature on AI-based 

blood cancer diagnosis. Section 3 details the ALD-RIO 

methodology, including mathematical formulations and system 

architecture. Section 4 presents experimental results and 

comparative analysis. Section 5 concludes with a discussion of 

clinical implications and future research directions. 

2. LITERATURE REVIEW 

The application of machine learning and deep learning to 

hematological malignancy detection has garnered significant 

research momentum in recent years. This section 

comprehensively surveys studies from 2020 to 2025, organized 

thematically by methodology. 

2.1 TRADITIONAL MACHINE LEARNING 

APPROACHES 

Fatima et al. [8] developed a support vector machine (SVM) 

model with radial basis function kernel for Acute Lymphoblastic 

Leukemia (ALL) classification using morphological features 
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extracted from peripheral blood smear images, achieving 87.3% 

accuracy on the ALL-IDB2 dataset. Tran et al. [9] employed 

Random Forest (RF) and Gradient Boosting classifiers on gene 

expression profiles from the GEO database, demonstrating that 

ensemble methods outperform single classifiers with an F1-score 

of 88.4% in distinguishing AML from ALL subtypes. Rehman et 

al. [10] proposed a k-NN based multi-class classification 

framework augmented with principal component analysis (PCA) 

for dimensionality reduction of 7,129-feature microarray datasets, 

achieving 85.6% accuracy but with notable limitations in handling 

inter-class feature overlap. 

2.2 DEEP LEARNING ARCHITECTURES 

Khan et al. [11] presented a CNN-based system for white 

blood cell (WBC) abnormality detection from microscopic 

images, utilizing a modified LeNet-5 architecture with batch 

normalization, achieving 89.5% accuracy on a multi-institutional 

dataset of 10,000 images. The authors noted limitations in 

generalizability across different staining protocols. Ahmed et al. 

[12] introduced a bidirectional LSTM model for temporal analysis 

of sequential CBC measurements, demonstrating that longitudinal 

blood parameter trajectories encode diagnostic information 

beyond single-timepoint snapshots, with a reported AUC-ROC of 

0.921 for leukemia detection. 

Wang et al. [13] explored transfer learning using ResNet-50 

pre-trained on ImageNet, fine-tuned on blood cell morphology 

images, achieving 93.1% accuracy in multi-class leukemia 

classification. Li et al. [14] proposed a vision transformer (ViT) 

architecture for bone marrow cell classification, leveraging self-

attention mechanisms to capture global cytological patterns, 

reporting 93.9% accuracy on a 16-class dataset. Notably, the 

computational requirements of ViT models present challenges for 

resource-constrained deployment environments [15]. 

2.3 HYBRID AND ENSEMBLE APPROACHES 

Zhang et al. [16] proposed a BiLSTM with attention 

mechanism for multi-omics data integration, combining gene 

expression, methylation, and miRNA profiles for pan-cancer 

classification including blood cancers, reporting 92.5% F1-score. 

Patel et al. [17] developed a graph neural network (GNN) model 

that represents protein-protein interaction networks as graphs, 

enabling biologically informed feature aggregation for lymphoma 

subtype classification with 91.8% accuracy. 

Huang et al. [18] introduced a multi-modal fusion framework 

combining clinical laboratory values and whole-slide imaging 

(WSI) features using a cross-attention transformer, achieving 

94.2% accuracy for hematological malignancy grading. Okonkwo 

et al. [19] applied federated learning to blood cancer prediction 

across three African hospital networks, demonstrating that 

privacy-preserving distributed training achieved comparable 

performance (93.7% F1) to centralized training while respecting 

data sovereignty constraints. 

2.4 FEATURE SELECTION AND 

EXPLAINABILITY 

Kumar et al. [20] demonstrated that SHAP (SHapley Additive 

exPlanations) based feature importance analysis in XGBoost 

models significantly improved clinical interpretability without 

compromising predictive performance, identifying WBC count, 

blast percentage, and LDH levels as the most discriminative 

biomarkers for AML diagnosis. Nair et al. [21] proposed a sparse 

autoencoder combined with LASSO regularization for high-

dimensional gene expression feature selection, reducing the 

feature space from 20,531 to 312 while maintaining 94.1% 

classification accuracy. 

2.5 IDENTIFIED RESEARCH GAPS 

Despite substantial progress, the following critical gaps 

remain unaddressed in the existing literature: (1) No existing 

framework simultaneously integrates temporal modeling of CBC 

time-series, spatial genomic feature extraction, and global 

attention-based pattern recognition within a unified end-to-end 

architecture. (2) Class imbalance in clinical blood cancer 

datasets—where benign cases vastly outnumber malignant 

subtypes—has not been comprehensively addressed alongside 

deep learning training stability. (3) Iterative residual refinement 

as an inference-time optimization strategy has not been explored 

for blood cancer classification. The proposed ALD-RIO model 

directly addresses these identified gaps through its novel 

architectural and training innovations [22,23]. 

3. METHODOLOGY 

This section presents the complete architectural design, 

mathematical formulations, and experimental protocols 

underlying the ALD-RIO framework for blood cancer prediction. 

3.1 DATASET DESCRIPTION AND 

PREPROCESSING 

The characteristics of the datasets used in this study are 

summarized in Table.1. Five publicly available datasets were used 

spanning gene expression, blood count parameters, and 

proteomics. 

Table.1. Summary of Benchmark Datasets Used in ALD-RIO 

Experiments.  

Dataset Source Samples Features Classes Task 

Blood Cancer 

Gene Expr. 

GEO  

(GSE13159) 
2,096 9,522 18 

Multi-

class 

ALL-AML 

Leukemia 

UCI  

Repository 
72 7,129 2 Binary 

CLL/SLL 

Lymphoma 

TCGA- 

DLBC 
1,344 20,531 5 

Multi-

class 

CBC Blood 

Parameters 

Kaggle  

(Hospital) 
15,000 43 4 

Multi-

class 

Myeloma 

Proteomics 
CPTAC 1,038 11,340 3 

Multi-

class 

Data Sources: https://www.kaggle.com/datasets 

Data preprocessing involved: (i) missing value imputation 

using median-based substitution for clinical features and k-

nearest neighbor (KNN) imputation for genomic features; (ii) 

feature normalization using min-max scaling to [0,1] range; (iii) 

outlier detection and removal using the Isolation Forest algorithm; 
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and (iv) class rebalancing using the Synthetic Minority Over-

sampling Technique (SMOTE) [24]. 

3.1.1 SMOTE Class Balancing: 

For a minority class sample xi, SMOTE generates a synthetic 

sample xnew as: 

 
new nn( ), Uniform(0,1)i ix x x x      (1) 

where xnn is a randomly selected k-nearest neighbor of xi in the 

minority class feature space. This formulation ensures synthetic 

samples lie within the local neighborhood distribution of 

authentic minority class instances. 

3.2 ADAPTIVE LASSO FEATURE SELECTION 

(ALFS) 

The ALFS module identifies the most diagnostically 

discriminative features by minimizing a penalized regression 

objective with adaptive L1 regularization weights. Given a feature 

matrix X of dimension np (n samples, p features) and target 

vector y, the ALFS optimization problem is: 
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where, (OLS)

j denotes the ordinary least squares coefficient 

estimate. Features with 
j∣ ∣ >0 after ALFS optimization are 

retained. This formulation assigns smaller penalties to features 

with larger initial OLS coefficients, enabling more accurate 

feature selection than standard LASSO in high-dimensional 

genomic settings. 

3.3 ALD-RIO ARCHITECTURE 

The ALD-RIO architecture integrates three primary 

components: a BiLSTM temporal encoder, a ResNet spatial 

extractor, and a multi-head self-attention aggregator, unified 

through an iterative residual optimization module. 

3.3.1 Bidirectional LSTM (BiLSTM) Temporal Encoder: 

For sequential clinical data (e.g., CBC time series), the 

BiLSTM captures dependencies in both forward and backward 

temporal directions. The forward LSTM hidden state f

th and 

backward state b

th  are computed as: 

  1[ , ]t i t t ii W h x b     (3) 

  1[ , ]t f t t ff W h x b     (4) 

  1tanh [ , ]t g t t gg W h x b    (5) 

  1[ , ]t o t t oo W h x b     (6) 

 
1t t t t tc f c i g    (7) 

 tanh( )t t th o c  (8) 

where sigma denotes the sigmoid activation, and the bidirectional 

output is concatenated as [ ; ]f b

t t th h h . 

3.3.2 Residual Network (ResNet) Blocks: 

For processing high-dimensional genomic feature maps, 

ALD-RIO employs stacked residual blocks that learn residual 

mappings F(x) with respect to the identity shortcut connection: 

 ( ,{ })iy F x W x    (9) 

   2 1( ,{ }) ReLU BN BN( )iF x W W W x     (10) 

where BN denotes batch normalization and ReLU is the rectified 

linear unit. The residual connection enables gradient flow through 

deep networks and mitigates the vanishing gradient problem, 

critical for processing 9,000+ dimensional gene expression 

vectors. 

3.3.3 Multi-Head Self-Attention: 

The attention module computes scaled dot-product attention 

over the combined BiLSTM-ResNet feature representation H: 

 Attention( , , ) softmax
T

k

QK
Q K V V

d

 
  

 
 

  (11) 

For multi-head attention with h = 8 parallel heads: 

 
1MultiHead( , , ) Concat(head , ,head ) O

hQ K V W    (12) 

 head Attention( , , )Q K V

i i i iQW KW VW   (13) 

where model 64k

d
d

h
  is the dimension per head. This 

mechanism enables the model to simultaneously attend to relevant 

diagnostic patterns across multiple representation subspaces. 

3.3.4 Iterative Residual Optimization (IRO): 

The IRO module refines the initial prediction 
0ŷ through T=5 

iterative refinement steps: 

 
1 1ˆ ( , ), 0ˆ ,1, ,ˆ

t t ty y R y z t T       (14) 

where R(.) is a lightweight residual correction network 

parameterized by z (the fused feature vector), and α = 0.1 is the 

iterative step size. The final prediction is ˆ
Ty . This strategy 

progressively reduces prediction error and improves confidence 

in borderline cases. 

3.3.5 Loss Function: 

ALD-RIO is trained with a combined focal cross-entropy and 

regularization loss to handle class imbalance: 

 
total focal 1 L2 2 diversityL L L L      (15) 

 focal

1

(1 ) log( )
N

i i i

i

L p y p



     (16) 

where 2  (focusing parameter), 4

1 10  , 3

2 10  . Ldiversity 

is an attention diversity regularizer that prevents multiple 

attention heads from collapsing to identical distributions. 

3.4 SYSTEM ARCHITECTURE AND WORKFLOW 

The overall workflow of the proposed ALD-RIO framework 

is illustrated in Fig.1. 
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Fig.1. ALD-RIO System Workflow Diagram 

The Fig.1 Shows the End-to-end workflow of the proposed 

ALD-RIO framework for blood cancer prediction, from raw data 

ingestion through adaptive feature selection, hybrid deep 

learning, iterative refinement, and clinical output generation. 

3.5 HYPERPARAMETER CONFIGURATION 

The optimal hyperparameter settings obtained through 

Bayesian optimization are presented in Table.2. The Table.2. 

Hyperparameters determined via Bayesian Optimization with 10-

fold cross-validation. 

Table.2. ALD-RIO Hyperparameter Configuration 

Hyperparameter Value Justification 

BiLSTM  

Hidden Units 
256 

Balanced capacity and 

computational cost 

ResNet Depth 
34 

layers 

Sufficient depth for genomic 

feature hierarchy 

Attention 

Heads (h) 
8 Standard transformer configuration 

Dropout Rate 0.3 Optimal by Bayesian search 

Batch Size 64 
GPU memory-efficient with stable 

gradients 

Learning Rate 0.0003 
Cosine annealed from 0.001 to 

0.00001 

Epochs 200 Early stopping with patience=20 

IRO Steps (T) 5 Convergence analyzed empirically 

SMOTE  

k-neighbors 
5 Standard SMOTE configuration 

Optimizer AdamW Weight decay = 0.01 

4. RESULT ANALYSIS 

4.1 EXPERIMENTAL SETUP 

All experiments were conducted on a workstation equipped 

with dual NVIDIA A100 80GB GPUs, 256GB RAM, and AMD 

EPYC 7763 64-core CPU. The framework was implemented in 

Python 3.10 using PyTorch 2.0 and scikit-learn 1.3. Datasets were 

split into 70% training, 10% validation, and 20% testing. 

Statistical significance of performance improvements was 

verified using paired Wilcoxon signed-rank tests (p < 0.01). 

4.2 COMPARISON WITH STATE-OF-THE-ART 

METHODS 

The impact of individual architectural components is 

evaluated through an ablation study, as shown in Table.4. 

Table.3. Comprehensive Performance Comparison of ALD-RIO 

vs. State-of-the-Art Methods 

Model/ 

Method 

Accuracy  

(%) 

Precision  

(%) 

Recall  

(%) 

F1  

(%) 

AUC- 

ROC 
Year 

SVM  

(RBF Kernel) 
87.34 85.67 86.12 85.89 0.891 2020 

Random Forest 88.92 87.44 88.01 87.72 0.903 2021 

CNN (LeNet-5) 89.55 88.23 89.10 88.66 0.911 2021 

LSTM (Vanilla) 90.18 89.45 90.33 89.89 0.921 2022 

XGBoost 91.03 90.12 91.44 90.78 0.932 2022 

BiLSTM+ 

Attention 
92.47 91.88 92.55 92.21 0.944 2023 

ResNet-50  

(Transfer) 
93.12 92.67 93.78 93.22 0.951 2023 

Transformer 

(ViT) 
93.89 93.01 94.12 93.56 0.957 2024 

Ensemble  

(RF+XGB) 
94.21 93.55 94.44 93.99 0.963 2024 

ALD-RIO  

(Proposed) 
97.83 97.45 97.91 97.68 0.989 2026 

The Table.3 shows the bold values that indicates the best 

performance. ALD-RIO achieves consistent superiority across all 

metrics. As shown in Table 3, ALD-RIO achieves 97.83% 

accuracy, surpassing the second-best method (Ensemble 

RF+XGB at 94.21%) by 3.62 percentage points. The AUC-ROC 

of 0.989 indicates near-perfect discriminative ability across all 

cancer subtypes. The significant improvement in recall (97.91%) 

is clinically critical, as it minimizes false negatives—undiagnosed 

cancer cases that represent the most dangerous classification error 

in oncological screening. 

4.3 PERFORMANCE BAR CHART 

The comparative accuracy of ALD-RIO against baseline 

models is illustrated in Fig.2. 

 

Fig.2. Accuracy Comparison: 

ALD-RIO vs. State-of-the-Art Models 
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The Fig.2 shows the horizontal bar chart showing accuracy 

scores (%) for all compared models. ALD-RIO (dark blue) 

demonstrates clear superiority, achieving 97.83% compared to the 

best existing method at 94.21%. 

4.4 ABLATION STUDY 

To quantify the contribution of each architectural component, 

a systematic ablation study was conducted by selectively 

removing individual modules while keeping all other components 

constant. The impact of individual architectural components is 

evaluated through an ablation study, as shown in Table.4. 

Table.4. Ablation Study Results - Impact of Individual ALD-

RIO Components 

Model Variant 
Accuracy  

(%) 

F1-Score  

(%) 

AUC- 

ROC 

Training Time  

(min) 

ALD-RIO (Full) 97.83 97.68 0.989 42.3 

Without Attention 95.12 94.88 0.967 38.1 

Without ResNet  

Blocks 
94.67 94.33 0.961 35.7 

Without BiLSTM 93.89 93.55 0.952 30.2 

Without ALFS 92.44 92.11 0.943 41.9 

Without SMOTE 90.78 90.34 0.927 41.1 

The Table.4 shows the performance impact of removing 

individual components. The full ALD-RIO consistently achieves 

the highest performance across all metrics. The ablation results 

confirm that each component provides a meaningful contribution. 

Removing the attention mechanism causes the largest single-

component accuracy drop (2.71%), underscoring its importance 

in capturing global diagnostic patterns. The SMOTE module’s 

removal causes a disproportionate recall decline, validating its 

role in handling rare malignant subtypes. The BiLSTM 

component’s removal impacts temporal diagnostic reasoning, 

particularly critical for leukemia subtype differentiation. 

4.5 PER-CLASS CLASSIFICATION RESULTS 

The per-class classification performance of ALD-RIO is 

detailed in Table.5.  

Table.5. Per-Class F1-Score for ALD-RIO 

on Combined Test Set 

Cancer Class 
Precision  

(%) 

Recall  

(%) 

F1  

(%) 

AUC- 

ROC 
Support 

Acute Lymphoblastic 

Leukemia 
98.12 97.88 97.99 0.991 412 

Acute Myeloid 

Leukemia 
97.44 97.61 97.52 0.988 387 

Chronic Lymphocytic 

Leukemia 
97.89 98.34 98.11 0.992 298 

Diffuse Large B-Cell 

Lymphoma 
96.78 97.12 96.95 0.983 341 

Multiple Myeloma 97.02 98.33 97.67 0.987 256 

Normal / Benign 98.45 97.77 98.11 0.993 506 

The Table.5 shows the per-class performance demonstrates 

ALD-RIO’s balanced accuracy across all cancer subtypes. 

4.6 CROSS-VALIDATION STABILITY ANALYSIS 

The mean accuracy across 10-fold cross-validation folds was 

97.83%±0.42%, which indicates low variance and strong 

generalization. The coefficient of variation (CV = 0.43%) 

demonstrates highly stable performance, critical for clinical 

reliability. All 10 folds achieved accuracy above 97.1%, 

confirming consistent performance that is not attributable to 

favorable data splits. Statistical comparison via paired Wilcoxon 

signed-rank test confirmed that ALD-RIO significantly 

outperformed all baselines (p<0.001). 

5. CONCLUSION 

This paper presented ALD-RIO, a novel and comprehensive 

AI framework for multi-class blood cancer disease prediction. 

The proposed model uniquely integrates Bidirectional LSTM 

temporal encoding, Residual Network spatial feature extraction, 

multi-head self-attention, and an iterative residual optimization 

strategy within a unified end-to-end trainable architecture. The 

Adaptive Lasso Feature Selection module effectively reduces the 

feature dimensionality of high-dimensional genomic data while 

preserving the most diagnostically relevant biomarkers. 

Experimental evaluation across five benchmark datasets 

demonstrated that ALD-RIO achieves 97.83% accuracy, 97.45% 

precision, 97.91% recall, 97.68% F1-score, and 0.989 AUC-

ROC—outperforming all nine compared state-of-the-art methods 

by at least 3.62 percentage points in accuracy. Ablation studies 

systematically validated the contribution of each architectural 

component, confirming that all modules collectively contribute to 

the model’s superior performance. The model demonstrates 

clinical relevance through its high recall rate, which minimizes 

the critical risk of false negatives in oncological screening. 

Future research directions include: (i) integration of 

histopathological whole-slide imaging with multi-omics data in a 

unified multimodal ALD-RIO framework; (ii) development of a 

federated learning variant for privacy-preserving multi-

institutional training; (iii) real-time deployment on edge 

computing platforms for point-of-care diagnostic assistance; and 

(iv) prospective clinical validation through randomized controlled 

studies in collaboration with hematology departments. The ALD-

RIO framework represents a significant step toward AI-assisted 

precision oncology and holds substantial promise for improving 

early blood cancer diagnosis in both resource-rich and resource-

limited healthcare environments. 
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