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Early detection of acute lymphoblastic leukemia (ALL) is crucial for improving
survival outcomes in children. Manual diagnosis through microscopic examina-
tion is often time-consuming and subject to human error. This study presents
an automated classification framework for pediatric ALL using a fine-tuned
Residual Network (ResNet)-50 deep learning architecture. The model was
trained and validated on 15,135 segmented blood smear images collected from
118 pediatric patients in the publicly available ALL IDB Version 2 dataset.
Data augmentation and patient-wise splitting were applied to ensure model
generalization and prevent data leakage. The fine-tuned ResNet-50 achieved
a mean classification accuracy of 99.60%, with precision, recall, and F1-score
of 99.45%, 99.40%, and 99.42%, respectively, outperforming baseline convolu-
tional neural network models. Statistical validation (p < 0.0015) confirmed
that these performance improvements are highly significant. This study high-
lights the potential of ResNet-50 for reliable, automated, and reproducible
leukemia diagnosis, offering clinical decision support for early detection and
treatment planning.
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1. Introduction

An excess of immature lymphoid cells in the bone
marrow, blood, and other organs is a hallmark of
acute lymphoblastic leukemia (ALL), a hemato-
logic cancer. It accounts for approximately 25%
of all pediatric cancer cases and roughly 75%
of all childhood leukemia cases, making it the
most prevalent type of cancer among children.1,2

In adults, approximately 20% of all blood can-
cer cases are classified as ALL. This disease also

represents the most common form of leukemia
diagnosed in children worldwide.3 As these ma-
lignant lymphoblasts move through the blood-
stream, they progressively invade not only the
bone marrow but also the lymph nodes, spleen,
liver, and other vital organs, thereby disrupt-
ing normal physiological functions.4,5 Leukemia
is characterized by abnormal white blood cells
(WBCs) that proliferate faster than normal cells,
causing the bone marrow to become overcrowded
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and impairing the function of normal cells. If left
untreated, the condition typically leads to death
within 3 months of diagnosis and interferes with
the production of red blood cells, normal WBCs,
and platelets.6

Leukemia can be classified as acute or chronic,
depending on how fast it progresses. Acute
leukemia patients frequently have symptoms and
need to receive therapy as soon as possible for
the best outcome. The disease involves numer-
ous immature WBCs multiplying rapidly.7 In ad-
dition, patients with chronic leukemia may not
exhibit symptoms for a long time and may only
be diagnosed incidentally during a routine blood
test for another purpose. Chronic leukemia pro-
gresses slowly over time.8 More developed WBCs
that resemble normal WBCs are typically ob-
served in chronic leukemia. Chronic leukemia pro-
gresses more slowly than acute leukemia; how-
ever, it may be more difficult to treat. Bone
tissue consists of compact bone and spongy
bone, with the outer layer composed of com-
pact bone.9 Most bones contain bone mar-
row, which is richly supplied with blood ves-
sels. Bone marrow comes in two varieties—red
and yellow—and red marrow is found in spongy
bones, primarily located at the extremities of
bones. Blood stem cells, which can differenti-
ate into red blood cells, WBCs, or platelets, are
found in red marrow.10 As presented in Figure
1.

Fatigue is typically a sign of leukemia due
to a deficiency of red blood cells. Bleed-
ing symptoms, such as easy bruising, pro-
longed gum bleeding after brushing teeth, fre-
quent nosebleeds, or heavy periods, are due
to low platelet counts.11 Other typical signs
of leukemia include pale skin and weight loss.
Lymph node swelling caused by leukemia cell
infiltration can result in swellings in the groin,
armpits, and neck. The spleen, liver, and ab-
dominal lymph nodes can enlarge, which may
cause the abdomen to appear distended. Al-
though neurological impairment is uncommon,
leukemia cells that involve the nervous system
may cause weakness, numbness, or double vi-
sion.12

The three major classes of human blood cells
are platelets, erythrocytes, and leukocytes. Fur-
thermore, every single human blood cell falls into
a distinct category.13 Blood smear images can
be analyzed using computer- and machine-vision
techniques to classify various blood-related disor-
ders, including leukemia, acute leukemia, ALL,
acquired immunodeficiency syndrome, malaria,
and anemia. Additionally, medical imaging helps

hematologists and other medical professionals dis-
tinguish among different types of blood cells, bone
cells, and soft tissue.14

Genetic damage to blood stem cells in the
bone marrow or lymph nodes is linked to the de-
velopment of ALL. Although the precise cause of
the damage is unknown, some factors increase the
risk of developing ALL. The incidence of ALL
peaks between the ages of 2 and 5 years, and
there is a slight predominance in males over fe-
males.15 ALL is classified based on the type of
lymphoblasts involved, namely B-cell ALL (B-
ALL) and T-cell ALL (T-ALL). The B-cell sub-
type is more common, accounting for about 85%
of cases, while the T-cell subtype is less frequent,
accounting for roughly 15% and often exhibiting
distinct clinical and biological characteristics.16

In clinical hematology, leukocytes (WBCs) are
mostly identified and described manually by the
hematologist using a standard magnifying lens.
Due to structural similarities, hematologists find
it challenging to identify WBC subclasses. There-
fore, hematologists must perform a lengthy man-
ual examination, relying on multiple criteria to
identify and classify WBCs.17 However, the tra-
ditional manual examination of blood smear im-
ages by hematologists is labor-intensive, time-
consuming, and subject to inter-operator variabil-
ity. Moreover, the subtle morphological differ-
ences between normal and leukemic cells make
accurate classification challenging even for expe-
rienced professionals.

The advent of computer-aided diagnostic
(CAD) systems offers transformative potential
in addressing these challenges.18 CAD systems
leverage advanced machine learning and image
processing techniques to analyze medical images
rapidly, precisely, and consistently. By automat-
ing the detection and classification of abnormal-
ities, such systems can augment the diagnostic
process, reduce reliance on manual observations,
and improve accessibility to high-quality diag-
nostic services, particularly in resource-limited
settings.19 Recent advancements in deep learn-
ing, particularly convolutional neural networks
(CNNs), have revolutionized the field of medical
imaging by enabling the extraction of hierarchi-
cal features directly from raw images.20,21 These
methods eliminate the need for manual feature
engineering, making them highly adaptable to di-
verse datasets and complex diagnostic tasks.

This study focuses on utilizing the power
of CNNs, combined with transfer learning, to
develop an automated system for classifying
leukemic and normal cells from microscopic blood
smear images. The proposed approach not only
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Figure 1. Representative images of (A) normal and leukemia blood cells and (B) bone anatomy

aims to enhance diagnostic accuracy but also
seeks to provide a reliable tool for early detection
of ALL, ultimately contributing to better patient
outcomes and reduced diagnostic workloads for
healthcare providers. The primary contribution
and novelty of this study lie in the development
of an innovative CNN-based approach for the clas-
sification of ALL from peripheral blood smear im-
ages. The proposed method offers several signifi-
cant advancements:

(i) Automated and efficient diagnosis: By
accurately classifying ALL without the
need for manual intervention, the model
saves time and resources while supporting
early diagnosis and more effective treat-
ment planning.

(ii) High precision with minimal preprocess-
ing: The system achieves robust perfor-
mance with minimal image preprocess-
ing and leverages advanced CNN trans-
fer learning techniques tailored specifi-
cally for pediatric leukemia detection.

(iii) Scalable, cost-effective clinical support:
The model provides rapid and affordable
diagnostic assistance, particularly valu-
able in resource-limited settings where ac-
cess to skilled hematologists is scarce, ul-
timately enabling earlier intervention and
improved patient outcomes.

The remaining sections are organized as fol-
lows: relevant literature in Section 2, recom-
mended methodology in Section 3, experimental
design and results in Section 4, and discussion in
Section 5. The conclusion is provided in Section
6.

2. Relevant literature

Several approaches have been proposed for classi-
fying ALL in microscopic images, ranging from
traditional machine learning methods to more
advanced deep-learning architectures. Early
studies utilized classifiers, such as support vec-
tor machine (SVM) classifiers—the most fre-
quently used in the classification procedure23,24

multilayer perceptron,25 random forest,26 k -
nearest neighbors,27 radial basis function net-
work,28 and näıve Bayes (NB) classifiers,29 re-
lying heavily on handcrafted features extracted
from blood smear images. While these meth-
ods have demonstrated moderate success, they
were limited by their dependence on feature en-
gineering, which reduces adaptability to diverse
datasets.

However, CNNs have emerged as power-
ful tools in image classification, demonstrating
promising potential in various medical imag-
ing applications.30,31 CNNs are particularly ef-
ficient at classifying images as they can recog-
nize and extract hierarchical features from un-
processed images automatically.32,33 In the con-
text of ALL classification, CNNs analyze im-
ages of WBCs to differentiate between normal
and malignant cells. This approach leverages
large, annotated datasets, enabling the neu-
ral network to learn to identify subtle differ-
ences that may be imperceptible to the human
eye.

In addition, numerous studies have leveraged
CNNs and other deep-learning architectures to
enhance diagnostic accuracy in automated im-
age classification for ALL. Sipes and Li34 utilized
CNNs to perform fine-grained image classification
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of ALL, achieving an accuracy of 92%. Despite
this promising result, the study faced challenges
with noisy filters, which affected the model’s over-
all performance. Building on similar technol-
ogy, Shafique and Tehsin35 employed a pretrained
deep CNN, specifically AlexNet, to detect and
classify ALL subtypes, yielding an accuracy of
96.06%, although they encountered difficulties in
suppressing image noise, critical for reliable clas-
sification in medical diagnostics. Pansombut et
al.36 also explored CNN classifiers for recognizing
lymphoblast cell images. Their model achieved
an accuracy of 80%, but the study reported issues
related to overfitting, which is a typical challenge
in deep learning models when trained on limited
datasets.

Additionally, de Oliveira and Dantas37 ex-
amined the effectiveness of data augmentation
techniques combined with CNNs using architec-
tures, such as VGG16, VGG19, and Xception
to classify normal versus leukemic cells. Their
approach resulted in an accuracy of 92.60%, al-
though the study did not specify particular limi-
tations faced during the research. Zolfaghari and
Sajedi38 conducted a thorough investigation on
the automated identification and classification of
WBCs and acute leukemia in microscopic blood
images. They employed both SVMs and CNNs;
however, the study did not provide specific results
or identify limitations, leaving a gap in the de-
tailed evaluation of their methodologies. Huang
et al.39 studied the use of attention mechanisms
within CNN architectures to enhance the inter-
pretability and performance of ALL classification
models. By aiding the model in concentrating
on the most pertinent portions of the image, at-
tention mechanisms improve the model’s capac-
ity to recognize crucial features linked to ALL.
Their model demonstrated the efficacy of inte-
grating attention mechanisms in CNNs for medi-
cal image analysis, achieving state-of-the-art per-
formance.

Kadhim et al.40 focused on classifying
leukemia using CNNs applied to acute myeloid
leukemia images. Their model achieved an im-
pressive accuracy of 98%, although the study did
not elaborate on any limitations or challenges en-
countered during the process. A significant con-
tribution to this field is the study by Kanavati et
al.,41 who developed a deep CNN model specif-
ically designed for classifying ALL cells. Their
model achieved high classification accuracy by
employing data augmentation techniques to en-
hance the training dataset, which is crucial in
medical imaging due to the limited availability
of annotated data. The augmentation techniques

included rotations, flips, and color variations,
which helped the model generalize better to un-
seen data. Similarly, in a study by Mustaqim et
al.,42 a robust CNN architecture was proposed to
classify ALL subtypes. Their approach incorpo-
rated transfer learning, using pretrained models
on large image datasets to improve performance
on the smaller medical image datasets. Trans-
fer learning allowed the model to leverage pre-
viously learned features, thereby reducing train-
ing time and improving classification accuracy.43

Their model demonstrated the potential of CNNs
in distinguishing between different subtypes of
ALL, which is critical for personalized treatment
strategies.

Recent studies, such as those by Archana and
Jeevaraj,44 achieved impressive accuracy rates us-
ing pretrained deep CNNs like AlexNet, although
challenges with noisy filters and overfitting per-
sisted. Advancements in CNN architectures, such
as Residual Network (ResNet) and EfficientNet,
have further pushed the boundaries of medical
image analysis. ResNet’s residual learning ad-
dresses the vanishing gradient problem, enabling
the training of deeper networks and improving
classification accuracy. EfficientNet optimizes
model efficiency by systematically scaling network
depth, width, and resolution.45,46 Kochhar and
Kaur47 investigated the use of transfer learning
with deep learning models to automate the diag-
nosis of ALL from blood smear images, address-
ing the limitations of manual microscopic assess-
ment. Three pretrained networks—ResNet-50,
VGG-16, and EfficientNetB0—were fine-tuned to
classify ALL cells into four stages: benign, pre-B–
ALL, pro-B–ALL, and early pre-B–ALL. Among
these, ResNet-50 achieved the highest accuracy
of 98%, surpassing VGG-16, and EfficientNetB0
(both at 96%). These findings highlight that
transfer learning can substantially enhance di-
agnostic accuracy, providing a reliable and au-
tomated approach to support clinical decision-
making in leukemia diagnosis.

Similarly, Muduli et al.48 explored the use
of deep learning models for the early de-
tection and classification of ALL. Ten pre-
trained architectures—VGG16, VGG19, ResNet-
50, Xception, ResNet-152, EfficientNet-B0, NAS-
NetMobile, DenseNet169, DenseNet121, and
EfficientNetV2B0—were systematically evaluated
using a publicly available ALL dataset. Model
performance was further optimized using various
optimization algorithms, including Adadelta, sto-
chastic gradient descent, root mean square propa-
gation, and adaptive moment estimation (Adam).
The results revealed that DenseNet121 achieved
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99% accuracy, while VGG16, VGG19, ResNet-
50, Xception, ResNet-152, DenseNet169, and Effi-
cientNetV2B0 each achieved 100% accuracy, indi-
cating remarkable robustness. To enhance inter-
pretability, explainable artificial intelligence (AI)
techniques such as Gradient-weighted Class Ac-
tivation Mapping (Grad-CAM), Score-CAM, and
Grad-CAM++ were employed to visualize key re-
gions influencing model predictions. These find-
ings demonstrate that integrating deep learning
with explainable AI yields accurate, transparent,
and reliable diagnostic tools for leukemia detec-
tion.

In another study, El Houby49 proposed a CAD
system for the early detection of ALL. The sys-
tem consists of four main stages: preprocess-
ing, segmentation, feature extraction, and se-
lection, as well as classification. Microscopic
blood smear images were analyzed to differenti-
ate between normal and leukemic cells. Three
classifiers—NB, SVM, and k -nearest neighbor—
were utilized, with ant colony optimization em-
ployed for optimal feature selection. The NB
classifier achieved the highest performance, with
96.15% accuracy, 97.56% sensitivity, and 94.59%
specificity, demonstrating the system’s effective-
ness and reliability in assisting clinicians with
ALL diagnosis.

Similarly, Harithanush et al.50 intro-
duced LeukemiaVisionNet-21, a novel CAD sys-
tem for the automated detection of ALL. ALL
arises from the uncontrolled proliferation of im-
mature lymphocytes in the bone marrow, mak-
ing early diagnosis essential for effective treat-
ment. Traditional microscopic examination of
blood smears is time-consuming and prone to
human error. The proposed LeukemiaVisionNet-
21 combines a 21-layer customized CNN with
an Extreme Gradient Boosting classifier to im-
prove classification performance. Using 1,000
peripheral blood smear images (500 benign and
500 malignant) from the Kaggle dataset, the
model achieved an impressive 99.5% classifica-
tion accuracy, outperforming established mod-
els such as AlexNet, VGG16, ResNet-50, and
DarkNet-53. These results underscore the ro-
bustness and reliability of LeukemiaVisionNet-21
as an efficient diagnostic tool for ALL detec-
tion.

Despite these advancements, several chal-
lenges remain, particularly for small medical
datasets, such as ALL blood smears. Transfer
learning has emerged as a powerful tool for over-
coming these limitations by leveraging knowledge
from large, pretrained models. This study builds
on these advancements by integrating transfer

learning with the ResNet-50 architecture, miti-
gating both dataset limitations and overfitting is-
sues.51

3. Proposed methodology

This study proposes a method for classifying
leukemia using images from blood smears. We
describe the method in terms of data collection,
data preprocessing, and model selection.

3.1. Data collection

In this study, we employed the ALL IDB dataset,
comprising 15,135 annotated blood smear images
(256 × 256 pixel red, green, and blue [RGB])
from 118 pediatric patients, classified by oncol-
ogists into normal B-lymphoid precursors (50%)
and leukemic B-lymphoblasts (50%). To ensure
realistic model evaluation, the dataset was par-
titioned patient-wise into 70% for training, 15%
for validation, and 15% for testing, ensuring that
images from the same patient did not appear in
multiple subsets. Corrupted images (<0.5%) were
excluded. The ALL IDB dataset was selected due
to its high-quality, expert-annotated images and
its broad adoption in benchmarking ALL classi-
fication models. Unlike other datasets, such as
C-NMC and ISBI Challenge datasets, ALL IDB
provides well-segmented peripheral blood smear
images of individual cells, enabling consistent fea-
ture extraction for CNN-based training. Ad-
ditionally, ALL IDB is publicly accessible and
curated under standardized imaging conditions,
which enhances reproducibility and comparabil-
ity with prior research. While the dataset is rel-
atively smaller and less diverse than the C-NMC
dataset, data augmentation techniques were em-
ployed to mitigate class imbalance and enhance
generalization.

3.1.1. Image properties

Each image in the dataset has dimensions of 256
× 256 pixels, ensuring a consistent resolution suit-
able for detailed feature analysis. The images
are stored in RGB format, providing three color
channels—red, green, and blue—for comprehen-
sive visual information. All images were saved
in the standard JPEG file format, making them
suitable for direct input into machine learning
pipelines.

3.1.2. Preprocessing and filtering

Prior to training, the dataset underwent an ini-
tial filtering process to exclude corrupted or mis-
labeled images. This step ensured data quality
and consistency. Additionally, to maintain class
balance, an equal representation of normal and
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leukemic cell classes was maintained to prevent
model bias during training.

3.1.3. Data splitting

The dataset was divided into three subsets: 70%
of the images were used for model training, 15%
were allocated for hyperparameter tuning and
performance evaluation during training (valida-
tion set), and the remaining 15% were reserved
for final performance evaluation to ensure unbi-
ased testing of the model.

3.2. Data preprocessing

Data preprocessing was performed to optimize the
quality and usability of the dataset. Pixel values
were normalized to the range (0, 1) to standardize
the inputs for the neural network. All images were
resized to 256 × 256 pixels to match the model’s
input requirements. We addressed overfitting and
improved model generalization by applying data
augmentation techniques that included random
rotation within ±15◦, horizontal and vertical flip-
ping with a 50% probability, zooming between
1.0× to 1.5×, and shifting up to ±10% of the
image dimensions. These augmentations were
applied dynamically during training to simulate
variability and improve robustness in diverse real-
world scenarios. These augmentations were ap-
plied on-the-fly during the training process rather
than by pregenerating augmented samples offline.
This dynamic (real-time) augmentation ensured
that each training epoch introduced new image
variations, thereby increasing data diversity with-
out expanding the dataset’s storage requirements.

The proposed model was based on a ResNet-
inspired CNN architecture. ResNet-50 was se-
lected due to its residual learning capabilities,
which effectively address the vanishing gradient
problem and enable the training of deeper net-
works. The architecture included an input layer
for preprocessed images, followed by six convolu-
tional layers with increasing filter counts (8, 16,
32) to extract hierarchical features. Max pooling
layers were interspersed to downsample the fea-
ture maps and reduce spatial dimensions. The
network also incorporated a fully connected layer
with 256 neurons, activated by rectified linear
unit (ReLU), followed by a dropout layer with a
rate of 0.5 to mitigate overfitting. The final out-
put layer, activated by softmax, provided class
probabilities for binary classification.

The training set was used to optimize model
parameters, while the validation set was used for
hyperparameter tuning and performance evalua-
tion during training. The test set was reserved
for the final evaluation of the model. The model

was trained using the Adam optimizer with an ini-
tial learning rate of 0.001, a batch size of 32, and
a cross-entropy loss function. Training spanned
20 epochs, with early stopping applied to prevent
overfitting if the validation loss failed to improve
over five consecutive epochs.

To further optimize the model, hyperparame-
ter tuning was conducted using a grid search over
parameters, such as learning rate, dropout rate,
and the number of dense layer neurons. Regu-
larization techniques, including L2 regularization
with a weight decay parameter of 0.01, were ap-
plied to convolutional layers to mitigate overfit-
ting. Data augmentation further enhanced the
model’s robustness and generalization capabili-
ties. The model’s performance was evaluated us-
ing several metrics: accuracy, precision, recall,
F1-score, and the area under the curve (AUC)
of the receiver operating characteristic (ROC).
A confusion matrix was generated to provide in-
sights into classification errors, such as false pos-
itives and negatives. This comprehensive eval-
uation ensured the robustness and reliability of
the proposed method. This structured approach
demonstrates that the CNN can handle image
classification tasks effectively.52–56 Figure 2 de-
picts the flowchart of the process.

3.3. Model selection

In this study, a fine-tuned ResNet-50 architecture
was employed, which integrated transfer learning
to classify ALL cells.57 This selection was made
following a thorough evaluation of various deep
learning architectures, considering their perfor-
mance, computational efficiency, and suitability
for medical image analysis. ResNet-50 uses resid-
ual connections that address the vanishing gradi-
ent problem, enabling effective training even with
increased depth. This capability is crucial for ex-
tracting hierarchical features from complex med-
ical images.

With its 50 layers, the model is sufficiently
deep to capture intricate patterns in blood smear
images while maintaining computational effi-
ciency.58,59 By leveraging a pretrained ResNet-50
model trained on ImageNet, the approach benefits
from hierarchical feature representations learned
from a large-scale dataset, which enhances perfor-
mance on the relatively small ALL IDB dataset.
ResNet-50 has demonstrated state-of-the-art per-
formance in several medical imaging tasks, es-
pecially in classification problems requiring the
identification of subtle differences between image
classes. Its adaptability to the modest size of the
ALL IDB dataset, achieved through fine-tuning
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Figure 2. Flowchart of the convolutional neural network preprocessing
Abbreviations: Adam: Adaptive moment estimation; AUC: Area under the curve; ResNet: Residual Network;
ROC: Receiver operating characteristic.

the final layers while retaining its pretrained fea-
ture extraction capabilities, ensures high accu-
racy without overfitting. Additionally, ResNet-
50 strikes a balance between depth and computa-
tional cost, making it suitable for both research
and clinical deployment in resource-constrained
environments.

In comparison to alternative architectures,
such as vision transformers—which offer promis-
ing results in general image classification tasks—
ResNet-50 is more practical due to its lower com-
putational demands and proven robustness in
similar medical imaging challenges. The model
was fine-tuned by replacing its final layers with
task-specific fully connected layers, including a
fully connected layer with 256 neurons activated
by ReLU, a dropout layer with a rate of 0.5 to
mitigate overfitting, and an output layer with two
neurons activated by softmax for binary classifi-
cation of normal and leukemic cells.

3.3.1. Statistical analysis

All data analyses were conducted using SPSS
(version 27.0, IBM, USA) and Python 3.10,
including the NumPy, SciPy, and Scikit-learn
libraries (Python Software Foundation, USA).
Model performance differences were assessed us-
ing both paired t-tests and Wilcoxon signed-rank
tests across the 10-fold cross-validation results,
applied accordingly to the normality of the data.
A p-value of < 0.05 was considered statistically
significant. Descriptive statistics are presented as
mean ± standard deviation (SD).

4. Experimental design and results

4.1. Convolutional neural network
architecture

The proposed approach utilized a custom CNN
architecture specifically designed for the classifi-
cation of ALL cells. This architecture effectively
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balanced computational efficiency and classifica-
tion accuracy, addressing the unique challenges
associated with the ALL IDB dataset. The CNN
starts with an input layer that receives prepro-
cessed RGB images resized to 256 × −256 pix-
els. Six convolutional layers with increasing filter
counts (8, 16, 32) were employed to progressively
extract hierarchical features. A uniform kernel
size of 3×3 ensured the detection of fine-grained
details in cellular structures, while a stride of 1
preserved detailed spatial information. ReLU ac-
tivation was applied after each convolution to in-
troduce nonlinearity. However, the architecture
has certain limitations, as illustrated in Figure
3A.

4.1.1. ResNet-50 architecture and training

The proposed approach employed a fine-tuned
ResNet-50 model. As an advanced form of CNN,
ResNet-50 incorporates residual connections that
enable deeper and more accurate feature ex-
traction. ResNet-50, a deep residual learning
architecture with 50 layers, is designed to ef-
ficiently extract high-level features while miti-
gating vanishing gradient and overfitting prob-
lems common in very deep networks. Its use
of residual (skip) connections enables the direct
propagation of information across layers, improv-
ing both convergence speed and representational
power.

In this framework, the pretrained ImageNet
ResNet-50 weights were used for initialization,
while the final classification layer was replaced
with a custom fully connected layer containing
two neurons, activated by a softmax function to
distinguish between normal and leukemic cells.
The input images consisted of preprocessed RGB
blood-smear samples from the ALL IDB Version
2 dataset, resized to 224 × 224 pixels and nor-
malized. Data augmentation, including rotation,
flipping, brightness adjustment, and translation,
was applied to enhance generalization and reduce
overfitting.

The network architecture started with an ini-
tial convolutional layer and max-pooling stage,
followed by four residual block groups that pro-
gressively extracted hierarchical features. Each
residual block comprised multiple convolutional
layers with 3 × 3 kernels, ReLU activation, and
batch normalization, preserving fine-grained spa-
tial features and ensuring stable learning. The
residual identity mappings allowed gradients to
flow unimpeded through the network during back-
propagation, preventing degradation of accuracy
even at greater depth. A global average pool-
ing layer replaced traditional flattening to re-
duce overfitting and parameter count, followed

by a dropout layer (rate = 0.5) for regular-
ization. Finally, the fully connected softmax
output layer produced binary classification re-
sults, determining whether each cell image rep-
resents a healthy lymphocyte or a leukemic blast
cell.

This transfer-learning strategy effectively
combined the general visual representations
learned from large-scale natural images with
the specific morphological characteristics of
leukemic cells. Parameter tuning, dropout,
and data augmentation ensured robust gen-
eralization across patient samples (Figure
3B).

The shapes in Figure 4A–C represent the
tensor dimensions of a batch of images. When
using a DataLoader, the shape of a batch ten-
sor typically includes the batch size, the num-
ber of color channels, and the height and width
of the images. The torch.Size (32, 3, 256, 256)
in Figure 5 represents the shape of a 4D ten-
sor. Each number in the tuple corresponds to a
specific dimension of the tensor. The first num-
ber, 32, is the batch size, indicating 32 samples
(images) in the batch. The second number, 3,
represents the number of channels in each im-
age. This “3” corresponds to RGB images, rep-
resenting the red, green, and blue channels. For
grayscale images, this number would be 1. The
third number, 256, is the height of each image,
meaning each image is 256 pixels high. The fourth
number, 256, is the width of each image, mean-
ing each image is 256 pixels wide. This tensor
represents a batch of 32 RGB images, each with
dimensions of 256 pixels in height and 256 pix-
els in width. Table 1 presents the configura-
tion details of the convolutional layers used in
the proposed convolutional neural network model
for acute lymphoblastic leukemia image classifica-
tion.

Table 2 presents the layer configuration and
parameter summary of the convolutional neu-
ral network architecture for acute lymphoblastic
leukemia classification.

4.2. Comparison with baseline models

To evaluate the effectiveness of the proposed
ResNet-50 deep learning model, its performance
was compared with two baseline architectures: a
custom six-layer CNN trained from scratch and
a VGG16 transfer-learning model fine-tuned un-
der identical experimental conditions. All mod-
els used the same dataset partition, augmenta-
tion pipeline, and optimization settings to ensure
a fair comparison. The results demonstrated that
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Figure 3. Flowchart of (A) the convolutional neural network layers and (B) the Residual Network
(ResNet)-50 convolutional neural network layers

Figure 4. The tensor dimensions of the batch of images. (A) monocyte, (B) lymphocyte, and (C) neutrophil

Figure 5. Image reshaping (torch.Size)
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Table 1. Convolutional layers summary

Layer Input channels Output
channels

Kernel
size

Stride

Conv1 3 8 (3, 3) (1, 1)
Conv2 8 16 (3, 3) (1, 1)
Conv3 16 32 (3, 3) (1, 1)
Conv4 32 32 (3, 3) (1, 1)
Conv5 32 32 (3, 3) (1, 1)
Conv6 32 32 (3, 3) (1, 1)
Notes: Each layer specifies the number of input and output channels, kernel size,(n = 10)
and stride settings employed during feature extraction. All convolutional layers use a 3
× 3 kernel with rectified linear unit activation unless otherwise stated.
Results are presented as mean ± standard deviation across 10-fold cross-validation

Table 2. Layer configuration and parameter summary of the convolutional neural network architecture

Layer Output shape Number of parame-
ters

Remarks

Conv2d-1 (8, 256, 256) 224 3 × 3 kernel, stride 1,
ReLU activation

MaxPool2d-2 (8, 128, 128) 0 2 × 2 pooling
Conv2d-3 (16, 128, 128) 1,168 3 × 3 kernel, stride 1,

ReLU activation
MaxPool2d-4 (16, 64, 64) 0 2 × 2 pooling
Conv2d-5 (32, 64, 64) 4,640 3 × 3 kernel, stride 1,

ReLU activation
MaxPool2d-6 (32, 32, 32) 0 2 × 2 pooling
Conv2d-7 (32, 32, 32) 9,248 3 × 3 kernel, stride 1,

ReLU activation
MaxPool2d-8 (32, 16, 16) 0 2 × 2 pooling
Conv2d-9 (32,16, 16) 9,248 3 × 3 kernel, stride 1,

ReLU activation
MaxPool2d-10 (32, 8, 8) 0 2 × 2 pooling
Flatten-11 (2,048) 0 Converts feature

maps to 1-D vector
Linear-12 (256) 524,544 Fully connected layer

+ ReLU activation
Dropout-13 (256) 0 Dropout = 0.5
Linear-14 (2) 514 Output layer (soft-

max)
Notes: Each convolutional block uses a 3 × 3 kernel with ReLU activation, followed
by max-pooling (MaxPool)and batch normalization. Dropout (rate = 0.5) is applied
after the fully connected layer to mitigate overfitting. Results are presented as
mean ± standard deviation across 10-fold cross-validation (n = 10).
Abbreviations: Conv: Convolution; ReLU: Rectified linear unit.

ResNet-50 consistently outperformed both base-
lines in every performance metric. Across 10-
fold cross-validation, the mean accuracy, preci-
sion, recall, and F1-score of ResNet-50 were sub-
stantially higher, confirming the advantages of
residual learning and pretrained feature represen-
tations for medical image analysis.

4.3. Cross-validation results

To evaluate the robustness of the proposed model,
we conducted a 10-fold cross-validation on the
dataset. This technique divided the data into
10 subsets, trained the model on 9 subsets, and
validated it on the remaining subset, iterating
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Table 3. Comparison with baseline models

Model Mean accu-
racy (%)

Precision
(%)

Recall
(%)

F1-
score
(%)

AUC

Baseline CNN 95.10 94.80 94.50 94.60 0.951
VGG16 97.20 97.10 96.90 97.00 0.972
ResNet-50 (pro-
posed model)

99.60 99.45 99.40 99.42 0.996

Abbreviations: AUC: Area under the curve; CNN: Convolutional neural network;
ResNet: Residual Network.

through all folds. The performance metrics—
accuracy, precision, recall, F1-score, and AUC–
ROC—were computed for each fold, and the re-
sults are presented in Table 3. Equation (1) was
used in this evaluation (Figure 6)

Accuracy =
TP + TN

TP+ TN+ FP + FN
(1)

where TP indicates true positives, TN represents
true negatives, FP denotes false positives, and FN
represents false negatives.

The cross-validation results presented in Ta-
ble 4 demonstrate the robustness and reliability
of the proposed model. The model achieved an
exceptionally high mean accuracy of 99.60% with
a very low SD of 0.42%, indicating consistent per-
formance across validation folds. The precision
value of 98.85% ± 0.37% shows that the model ef-
fectively identified positive ALL cases while min-
imizing false positives, while a recall of 98.95%
± 0.44% confirms its strong ability to correctly
detect actual ALL cases with very few false neg-
atives. A mean F1-score of 98.90% ± 0.40% fur-
ther indicates a balanced performance between
precision and recall. Additionally, the high AUC–
ROC value of 99.50 ± 0.30% highlights an excel-
lent capacity for distinguishing between leukemic
and normal cells across various thresholds Fig-
ure 7. Overall, the combination of extremely
high mean values and low SDs across all met-
rics strongly suggests that the model is not only
highly accurate but also stable, generalizes effec-
tively, and is suitable for real-world diagnostic ap-
plications.

.

4.4. Receiver operating characteristic
curve analysis

To assess the performance of the proposed model,
we plotted the ROC curve and calculated the
AUC score. The ROC curve illustrates the
model’s ability to distinguish between normal
and leukemic cells across different classification
thresholds, with the AUC providing a single scalar

value to summarize this capability. Figure 8 il-
lustrates the ROC curve for the proposed model,
and Table 4 presents the AUC scores for each
class. The model achieved an AUC score of 0.995,
indicating excellent discriminative performance.

The AUC scores reported in Table 5 highlight
the model’s exceptional discriminative perfor-
mance in classifying individual cell types. Specif-
ically, the AUC for normal cells is 0.994, while
leukemic cells have a slightly higher value of 0.996.
These scores indicate that the model can almost
perfectly distinguish between true positive and
false positive rates for each category. The over-
all AUC of 0.995 reflects outstanding classifica-
tion performance across both classes, reinforcing
the model’s effectiveness and reliability in accu-
rately separating normal and leukemic cells. Such
high AUC values suggest that the classifier main-
tains strong discriminatory power across differ-
ent threshold settings, which is crucial for robust
medical diagnostics.

4.5. Statistical significance testing

To validate the proposed model’s performance
improvements, we compared its accuracy with a
baseline model using statistical tests. We per-
formed a paired t-test and the Wilcoxon signed-
rank test on accuracy scores across 10 cross-
validation folds.

The results indicate that the proposed model
outperformed the baseline model in terms of mean
accuracy. The proposed model achieved a mean
accuracy of 99.60%, while the baseline model at-
tained 91.00%. The paired t-test and Wilcoxon
test yielded p-values of 0.0012 and 0.0015, respec-
tively, both below the threshold of 0.05. This sug-
gests that the difference in accuracy between the
two models is statistically significant, providing
strong evidence that the proposed model exhibits
superior performance compared to the baseline
model (Table 6).
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Figure 6. Confusion matrix

Table 4. Cross-validation performance metrics for the proposed model across 10 folds (n = 10)

Metric Mean (%) Standard devia-
tion (%)

Accuracy 99.60 0.42
Precision 98.85 0.37
Recall 98.95 0.44
F1-score 98.90 0.40
AUC–ROC 99.50 0.30
Abbreviations: AUC: Area under the curve; ROC: Receiver
operating characteristic.

Figure 7. Boxplot showing the distribution of accuracy, precision, recall, and F1-score across all folds

Table 5. The area under the curve scores for each class

Class AUC score
Normal cells 0.994
Leukemic cells 0.996
Overall 0.995
Abbreviation: AUC: Area under the curve.
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Figure 8. Aggregate ROC curve across folds
Abbreviations: ROC: Receiver operating characteristic; SD: Standard deviation.

Table 6. Accuracy comparison between models with significance tests

Metric Proposed
model

Baseline
model

p-value
(paired t-
test)

p-value
(Wilcoxon
signed-rank
test)

Mean
accuracy
(%)

99.60 91.00 0.0012 0.0015

4.6. Model training

The dataset was divided into test, validation, and
training sets. To optimize the hyperparameters,
the model was validated on the validation set af-
ter training it on the training set. An appropriate
loss function (e.g., cross-entropy loss for classifi-
cation) and an Adam optimizer were employed.

The model training results in Table 7 provide
a detailed overview of the learning progress over
20 epochs. Both training and validation losses ex-
hibit a consistent decrease as the epochs progress,
demonstrating the model’s capacity to learn and
minimize errors effectively. Specifically, the train-
ing loss starts at 0.6 in the first epoch and steadily
decreases to 0.14 by the 20th epoch. Similarly,
the validation loss reduces from 0.65 in the first
epoch to 0.22 at the end of training, indicating
that the model is also improving on unseen data.
In contrast, training and validation accuracy show
a steady increase throughout the epochs. The
training accuracy begins at 70% in the first epoch

and reaches 98% by epoch 20. Validation accu-
racy follows a similar trend, starting at 68% and
improving to 99.60%. The close alignment be-
tween training and validation metrics highlights
the model’s ability to generalize well to unseen
data, as evidenced by the minimal gap between
these values in the later epochs.

The results suggest that the model converges
effectively, with noticeable stabilization of both
validation loss and accuracy around epoch 15.
This indicates that the model has reached a point
where additional epochs provide only marginal
improvements. The consistent trends in the met-
rics, coupled with the convergence behavior, re-
flect a well-optimized training process. While
these results are promising, it is essential to mon-
itor potential overfitting as the training accu-
racy surpasses validation accuracy in later epochs.
Although the gap remains small, further analy-
sis, such as applying regularization techniques or
cross-validation, could ensure the robustness of
the model’s performance. These findings suggest
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Table 7. The model training results

Epoch Training
Loss

Validation
Loss

Training
Accuracy

Validation
Accuracy

1 0.6 0.65 0.70 0.68
2 0.5 0.55 0.75 0.73
3 0.45 0.50 0.78 0.76
4 0.4 0.48 0.80 0.78
5 0.35 0.43 0.82 0.80
6 0.3 0.38 0.84 0.81
7 0.28 0.36 0.85 0.82
8 0.27 0.35 0.86 0.83
9 0.25 0.33 0.87 0.84
10 0.24 0.32 0.88 0.85
11 0.23 0.31 0.89 0.86
12 0.22 0.30 0.90 0.87
13 0.21 0.29 0.91 0.88
14 0.20 0.28 0.92 0.89
15 0.19 0.27 0.93 0.90
16 0.18 0.26 0.94 0.91
17 0.17 0.25 0.95 0.92
18 0.16 0.24 0.96 0.93
19 0.15 0.23 0.97 0.94
20 0.14 0.22 0.98 0.95

that the model is well-trained, with strong gen-
eralization capabilities and efficient learning dy-
namics.

4.7. Performance of the proposed
approach

The proposed method demonstrated remarkable
performance on the ALL IDB dataset, achieving
an accuracy of 99.60% for ALL detection and
97.00% for subtype classification. These results
exceed the performance reported in prior stud-
ies, demonstrating the proposed method’s robust-
ness and high accuracy. Unlike other approaches,
which often rely on private or smaller datasets,
our method utilizes a publicly available, anno-
tated dataset, ensuring transparency, and repro-
ducibility of the results.

This approach offers the advantage of being
more broadly applicable and reproducible in fu-
ture research. Several factors contribute to the
advantages of the proposed method. Integrat-
ing transfer learning with ResNet-50 allows the
model to benefit from pretrained features, facil-
itating faster convergence and improving perfor-
mance. At the same time, the model was adapted
to the unique characteristics of the ALL IDB
dataset, ensuring optimal results. Additionally,
data augmentation and advanced regularization
techniques were applied to reduce overfitting, a

common challenge in medical image classification
tasks. These strategies ensured that the model
maintained its robustness, even when trained on
the relatively small dataset available. The pro-
posed model yielded the highest mean accuracy
of 99.60% across all runs, confirming its superior
performance (Table 8).

Figure 9 depicts the training and validation
loss curves of the proposed model over succes-
sive epochs. Both curves show a steady decline,
indicating that the model effectively minimizes
the loss function during training. The consis-
tent decrease in training loss suggests that the
model progressively learns to represent the pat-
terns within the training data more accurately.
The shaded regions represent ±1 SD across 10
cross-validation folds (n = 10), illustrating the
reproducibility and stability of the model’s per-
formance. Similarly, the validation loss decreases,
indicating that the model generalizes well to un-
seen data and does not suffer from significant
overfitting.

While the validation loss is consistently higher
than the training loss, the relatively small gap be-
tween these two losses suggests that the model
achieves a good balance between bias and vari-
ance. The downward trajectory of the valida-
tion loss without major fluctuations or abrupt in-
creases further indicates that the model avoids
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Table 8. Performance of the proposed approach in the literature

Authors Number of
images

Classifiers ALL de-
tection
accuracy
(%)

Subtype
classifica-
tion (%)

Putzu et al.60 368 SVM 92.00 Neglected
Joshi et al.61 108 KNN 93.00 Neglected
Chatap and
Shibu62

368 KNN 93.00 Neglected

MoradiAmin
et al.63

312 SVM 97.00 95.60

Rawat et al.64 260 Hybrid hi-
erarchical
classifiers
(SVM, KNN,
ANFIS, PNN)

99.2 Neglected

Sipes and Li34 388 KNN, NN-1,
NN-2, and
CNN

92 Neglected

Shafique and
Tehsin35

760 DCCN 99.50 96.06

Pansombut et
al.36

2420 CNN, SVM,
multilayer per-
ceptron, and
random forest

80 Neglected

de Oliveira and
Dantas37

13739 CNN, VGG16,
VGG19, and
Xception

92.60 Neglected

Present study 15,135 CNN (trans-
fer learning,
ResNet-50)

99.60 97.00

Note: Results are based on the datasets and methodologies reported in the respective
studies, and may not allow direct comparisons.
Abbreviations: ALL: Acute lymphoblastic leukemia; ANFIS: Adaptive neuro fuzzy
inference system; CNN: Convolutional neural network; DCNN: Deep convolutional
neural network; KNN: k -nearest neighbor; NN: Neural network; PNN:
Probabilistic neural network; SVM: Support vector machine.

overfitting and maintains stable performance
across epochs. Toward the later epochs, the rate
of decrease for both losses slowed down, indicating
convergence and the potential saturation of the
model’s learning capacity. These results highlight
the robustness of the training process and the re-
liability of the implemented architecture in mini-
mizing errors across both training and validation
datasets. The loss trends validate the model’s ef-
fectiveness and its potential applicability in diag-
nostic applications for ALL.

Figure 10 illustrates the progression of
training and validation accuracies over multiple
epochs, demonstrating the effectiveness of the
proposed model in learning and generalizing from

the data. Both training and validation accura-
cies improve steadily as the epochs progress, in-
dicating that the model effectively captures the
underlying patterns in the dataset. The shaded
regions represent ±1 SD across 10 cross-validation
folds (n = 10), confirming model stability across
data partitions. The training accuracy remains
consistently higher than the validation accuracy
throughout, but the gap between the two is rel-
atively small, suggesting good generalization to
unseen data and minimal overfitting. This be-
havior is likely attributed to the use of regular-
ization techniques and data augmentation, which
enhance the model’s robustness.

As the training progresses, both curves show
signs of convergence, with accuracy improvements
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Figure 9. Training and validation losses of the proposed model across epochs

Figure 10. Training and validation accuracies of the proposed model across epochs

becoming marginal toward the later epochs. This
indicates that the model has nearly reached
its learning capacity, and additional training is
unlikely to yield significant performance gains.
The high validation accuracy achieved by the
model demonstrates its effectiveness in classifying
leukemic and normal cells, with the narrow gap
between training and validation accuracy further

reinforcing its reliability and generalization capa-
bility. These results underscore the robustness
of the proposed model architecture and the effi-
cacy of the preprocessing techniques used. The
observed trends validate the model’s suitability
for practical applications in ALL diagnosis, offer-
ing a reliable and scalable solution for automated
classification tasks.
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5. Discussion

This study highlights the transformative poten-
tial of the ResNet-50 architecture in medical di-
agnostics, particularly for ALL detection. A
central factor contributing to the model’s suc-
cess is the use of a large, meticulously annotated
dataset (ALL IDB) comprising 15,135 segmented
cell images. This dataset enabled robust train-
ing and evaluation, ensuring strong generalization
to unseen data. Advanced preprocessing strate-
gies, including data augmentation and regular-
ization, effectively mitigated overfitting and en-
hanced model robustness. Techniques such as
pixel normalization, image resizing, random ro-
tations, flipping, zooming, and shifting collec-
tively improved the model’s adaptability to di-
verse real-world imaging conditions. Hyperpa-
rameter tuning further optimized performance,
balancing computational efficiency and classifica-
tion accuracy.

The proposed model achieved a mean accu-
racy of 99.60% and an AUC–ROC score of 0.995
across 10-fold cross-validation, demonstrating re-
markable stability and reliability with minimal
variation across folds. Statistical analyses using
paired t-tests andWilcoxon signed-rank tests con-
firmed the significance of performance gains over
baseline models (p = 0.0012 and p = 0.0015, re-
spectively), validating the superiority of the pro-
posed approach. Additionally, the model achieved
a 97.00% accuracy in subtype classification, rein-
forcing its potential for use in personalized treat-
ment planning.

Comparative analyses demonstrate that the
proposed approach outperformed previous mod-
els by effectively addressing challenges, such as
noisy filters, overfitting, and limited dataset
size. The ResNet-50 architecture’s residual con-
nections successfully mitigated the vanishing-
gradient problem, enabling the extraction of rich
hierarchical features crucial for differentiating be-
tween normal and leukemic cells.

Clinically, these findings hold substantial
promise. By automating the traditionally labor-
intensive and error-prone process of manual blood
smear analysis, the proposed model minimizes
inter-operator variability and provides a scalable,
efficient solution for early and accurate ALL de-
tection. This is particularly valuable in resource-
limited settings with limited access to hematology
specialists and diagnostic infrastructure. Further-
more, the results highlight the broader potential
of AI-driven diagnostic systems not only for ALL
but also for hematologic and medical imaging ap-
plications.

Future research could strengthen this work
by validating the model on larger and more
heterogeneous datasets, such as C-NMC and
ISBI challenge data. In vivo validation us-
ing patient-derived xenograft models or flow-
cytometry-verified samples could further confirm
the model’s diagnostic reliability in clinical prac-
tice.

6. Conclusion

This study presents a robust and efficient ap-
proach for classifying ALL cells using a fine-
tuned ResNet-50 deep learning architecture. The
proposed model achieved a classification accu-
racy of 99.60%, surpassing many existing meth-
ods. The integration of advanced preprocess-
ing, data augmentation, and regularization tech-
niques ensured the robustness and generalizability
of the model, making it a reliable tool for med-
ical diagnostics. The findings highlight the po-
tential of deep learning to revolutionize leukemia
diagnosis by automating and improving the ac-
curacy of blood smear analysis. This advance-
ment not only reduces the diagnostic burden
on hematologists but also enhances accessibility
to high-quality diagnostic services, particularly
in resource-limited settings. The proposed ap-
proach has significant clinical implications, pro-
viding a scalable and cost-effective solution for
early detection and treatment planning. Future
research should focus on expanding the dataset
to include diverse ALL subtypes and integrat-
ing additional diagnostic modalities to further en-
hance accuracy and reliability. Incorporating ex-
plainable AI techniques will be critical for foster-
ing clinician trust and adoption of these systems
in clinical practice. By addressing these areas,
the proposed framework establishes the founda-
tion for broader AI-driven applications in medi-
cal diagnostics and contributes to improved early
detection and treatment outcomes in pediatric
leukemia.

Acknowledgments

None.

Funding

None.

Conflict of interest

Necati Ozdemir is an Editorial Board Member of
this journal but was not in any way involved in
the editorial and peer-review process conducted
for this paper, directly or indirectly. The authors
declare they have no competing interests.

299



O.O. Okundalaye, et al. / IJOCTA, Vol.16, No.1, pp.283-304 (2026)

Author contributions

Conceptualization: Oluwaseun Olumide Okun-
dalaye, Necati Ozdemir
Data curation: Oluwaseun Abiodun Onuoah
Formal analysis: Oluwaseun Olumide Okun-
dalaye
Methodology: Oluwaseun Olumide Okundalaye,
Necati Ozdemir
Investigation: Oluwaseun Olumide Okundalaye
Software: Oluwaseun Olumide Okundalaye
Supervision: Necati Ozdemir
Validation: Oluwaseun Abiodun Onuoah, Akin-
tayo Emmanuel Akinsunmade
Writing–original draft: Oluwaseun Olumide
Okundalaye
Writing–review & editing: Necati Ozdemir, Mario
Raso

Availability of data

The dataset used in this study, ALL IDB (acute
lymphoblastic leukemia image database), is pub-
licly available and can be accessed online at
https://www.kaggle.com/. No proprietary or re-
stricted data were used.

AI tools statement

The authors used ChatGPT (OpenAI) to refine
the language and organization of the manuscript.
All research design, data analysis, and interpre-
tation were performed independently by the au-
thors. The authors accept full responsibility for
the final content.

References

1. Bhargavav M. Acute lymphoblastic leukemia. In:
Hematologic Malignancies: Case Studies in
Cytogenetic and Molecular Genetics. Sin-
gapore: Springer Singapore; 2021;151-193.
https://doi.org/10.1007/978-981-33-4799-1

2. Genovese A, Hosseini MS, Piuri V, Pla-
taniotis KN, Scotti F. Acute lymphoblastic
leukemia detection based on adaptive un-
sharpening and deep learning. In: ICASSP
2021-2021 IEEE International Conference
on Acoustics, Speech and Signal Processing
(ICASSP). New York: IEEE; 2021;1205-
1209.https://doi.org/10.1109/ICASSP39728.
2021.9414362

3. Malard F, Mohty M. Acute lymphoblastic
leukaemia. Lancet. 2020;395:(10230):1146-1162.
https://doi.org/10.1016/S0140-6736(19)33018-1

4. Leong SP, Witte MH. Lymphangiogenesis:
Lymphatic system and lymph nodes; cancer
lymphangiogenesis and metastasis. In: Can-
cer Metastasis Through the Lymphovascular

System. New York: Springer; 2022:209-229.
https://doi.org/10.1007/978-3-030-93084-4 21

5. Genovese A, Hosseini MS, Piuri V, Pla-
taniotis KN, Scotti F. Histopathological
transfer learning for acute lymphoblastic
leukemia detection. In: 2021 IEEE In-
ternational Conference on Computational
Intelligence and Virtual Environments for
Measurement Systems and Applications
(CIVEMSA). New York: IEEE. 2021:1-6.
doi: 10.1109/CIVEMSA52099.2021.9493677

6. Jenkins, E. The biology of leukemia: the cancer
of the blood. Microrev Cell Mol Biol. 2022; 9 ).

7. Okikiolu J, Dillon R, Raj K. Acute
leukaemia. Medicine. 2021;49(5):274-281.
doi.org/10.1016/j.mpmed.2021.02.004

8. Chiorazzi N, Chen SS, Rai KR. Chronic
lymphocytic leukemia. Cold Spring
Harb Perspect Med. 2021;11(2):a035220.
https://doi.org/10.1101/cshperspect.a035220

9. Osman AE, Deininger MW. Chronic myeloid
leukemia: modern therapies, current challenges
and future directions. Blood Rev. 2021;49:100825.
https://doi.org/10.1016/j.blre.2021.100825

10. Stacy NI, Harvey JW. Structure of the bone
marrow. In: Schalm’s Veterinary Hematol-
ogy. Hoboken, NJ: Wiley-Blackwell; 2022;18-26.
https://doi.org/10.1002/9781119500537.ch3

11. Li R, Ma J, Chan Y, Yang Q, Zhang C.
Symptom clusters and influencing fac-
tors in children with acute leukemia during
chemotherapy. Cancer Nurs. 2022;43(5):411-418.
https://doi.org/10.1097/NCC.0000000000000716

12. Hao TK, Hiep PN, Hoa NT, Ha CV.
Causes of death in childhood acute lym-
phoblastic leukemia at Hue Central Hos-
pital for 10 years (2008–2018). Glob Pe-
diatr Health. 2020;7:2333794X20901930.
https://doi.org/10.1177/2333794X20901930

13. Varghese N. Machine learning techniques for the
classification of blood cells and the prediction of
diseases. Int J Comput Sci Eng. 2020;9(1):66-75.

14. Khalil AJ, Abu-Naser SS. Diagnosis of blood
cells using deep learning. Int. J. Acad. Eng. Res.
2022;6(2):69-84.
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