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Abstract

Acute lymphoblastic leukemia (ALL) diagnosis is a challenge, including
invasive classical methods, which are time-consuming, inaccurate, and error-prone.
In this paper, we propose modifying the VGGI16 architecture to improve its
performance in the classification task. We utilize the Acute Lymphoblastic
Leukemia (ALL) image dataset to train the proposed modified VGG16 model. The
dataset was split into training and testing sets at a ratio of 80% for training data,
10% for validation data, and 10% for testing data. The ALL dataset consists of four
classes: Benign, Early, Pre, and Pro. The results of the proposed modified VGG16
model were very satisfactory: accuracy, 96.59%; precision, 96.61%; sensitivity,
96.59%; F1-score, 96.58%; and Matthew's correlation coefficient of 95.35%. It was
demonstrated that the image size also influences the model, indicating a trade-off
based on how efficient a computational one can be concerning classification
accuracy. These findings highlight the promise of deep learning algorithms to
revolutionize all characterizations and offer potential utility for future applications
in medical imaging.

Keywords: Acute Lymphoblastic Leukemia, ALL, VGG16, medical imaging, deep
learning.
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1. Introduction

The classification of ALL diseases would improve diagnostic accuracy using supervised
machine learning techniques, particularly in identifying patterns and anomaly features that
might have escaped the notice of the human eye during manual assessment [1, 2]. Given
cutting-edge algorithms and state-of-the-art machine learning, machine and deep learning
techniques can scrutinize blood smear images in a way faster than human experts can [3, 4].
A drastic reduction in diagnosis time is likely to be the result [5, 6]. Moreover, the Al system
is trainable to pick out even the most minor differences in the features of the cells that may
indicate the conditions of ALL, hence being very important in early detection and
intervention. Al has, therefore, been helpful in the process of diagnosing ALL by making it
more efficient, exact, repeatable, and reliable [7]. Al systems, as a result, can maintain the
same level of analysis, while human experts, out of fatigue and subjective judgments, may
interpret differently [8, 9]. Such systems are further observed to be continuously updated with
new data, hence developing and adapting with time in consideration of the accumulated
diagnostic information.

Furthermore, the application of Al in medical diagnostics pushes interdisciplinary research
[10, 11]. For instance, a medical practitioner is likely to work closely with a data scientist or
engineer to improve the Al model to perfection [12, 13]. This promotes interdisciplinary
research and fosters innovation, as it allows for the advancement of a single field of study. In
the end, using machine learning and/or deep learning models to diagnose diseases like ALL
will not only make medical diagnosis faster and more accurate, but it will also give patients
more hope for better outcomes because they can get help earlier and more accurately [14, 15].
In line with AI development, its role in medicine will be one of rapid increase and ever more
critical, if not vital, to modern and future medical practice [16, 17].

However, our main contributions to our work are: 1) We adapt the pre-trained VGG16
model for ALL detection by persistently fine-tuning necessary convolution layers from
blockl convl to block4 conv3. These networks together incorporate the feature extraction
capabilities of VGG16 while enabling the model to learn leukemia-specific features. 2) We
modified the VGG16 architecture by appending a new fully connected layer with 1024 units,
followed by a dropout layer (0.25 dropout rate). Using a dropout layer can prevent
overfitting, and incorporating a convolution layer with common physiological customizations
results in a model capable of fitting complex morphological patterns across ALL.
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2. Related Works

These days, medical science is witnessing an extraordinary growth in the automatic
diagnosis and treatment of leukemia disease through the integration of artificial intelligence
(AI) and deep learning. There have been several studies in this direction, and they can be
thematically categorized according to the techniques and models used. One common thread
across multiple studies is using dimension-reduction techniques to address high-dimensional
medical data. Mahdi et al. [18] proposed SGD-SPCA, combining supervised principal
component analysis (SPCA) with the classic stochastic gradient descent (SGD) algorithm.
They implemented a scalable application intended for a low number of samples and high-
dimensional data, suitable for cancer diagnosis and changing parameters without delay. It is
most beneficial in a big data environment when updates need to be done all the time.
However, Tusar and Anik [10] successfully investigated deep learning to detect leukemia
using images. They used CNNs as feature extractors of leukemia images, allowing them to
find benign and malignant cases when tried against the data. Similarly, Rahman et al. [19]
used the DarkNet-19 model and the Mrmr algorithm. With 1000 features, their method
achieves an accuracy rate of 99.94% for the ALL diagnosis, which is among the highest
reported in the literature.
DOGAN et al. [20] applied a deep neural network (DNN) to automate the detection of all
subtypes of ALL from blood smear images, which achieved 98% accuracy. This study also
presents an avenue for remote diagnosis that could improve access to healthcare. The other
approach utilized pre-trained CNNs for classification tasks. Gokulkrishnan et al. [21] utilized
the ResNet-50 and ResNet-101 models for training on a public ALL dataset, yielding results
exceeding 98% accuracy. Hagar et al. [22] evaluated two models, VGG16 and DenseNet-121,
to distinguish up to eight leukemia classes, achieving a reported classification accuracy of
98.2%. The integration of hybrid Al techniques has also been highly successful. Atteia et al.
[23] suggested a way to use a hybrid approach that combined PCA-PSO and neural models
that had already been trained to pull out features. Their technique was able to achieve 97.4%,
demonstrating the good performance of bioinspired methods in medical image processing
applications.

We verify the operation of our technique by exploiting the recent advancements in data
augmentation and deep learning-based leukemia classification. Most models today only use
pre-trained architectures, but we use a VGG16 model that has already been trained and
updates certain convolutional layers to find differences between leukemia subtypes. This
fine-tuning, combined with customized fully connected layers and a strong data augmentation
strategy that suits our dataset, is enough for the model to be more accurate than many existing
approaches or equal its weight without creating an overfitting scenario. Unlike techniques
like SGD-SPCA [18] and bio-inspired algorithms [23], our technique directly classifies
images using CNNs rather than reducing data dimensionality or optimizing feature selection.
Also, our work is different from that of Rahman et al. [19] and Gokulkrishnan et al. [21], who
used pre-trained networks and created more data by fine-tuning at the layer level to stop
overfitting and train a more general model. While previous studies have achieved high
performance with pre-trained models or hybrid techniques, our study focuses on teaching the
model to be flexible and adaptable specifically for the early detection and classification of
ALL, thereby enhancing diagnostic precision and improving generalization.

3. Methodology

Our proposed methodology, shown in Figure 1, consists of four main stages: pre-
processing, data augmentation, VGG16 architecture design, and evaluation. In the pre-
processing stage, the dataset images were resized with dimensions of 300 x 300 pixels and
were used as the primary input for the deep learning model. The second stage is data
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augmentation, which involves applying random transformations to the training images,
incorporating adjustments in brightness within the specified range between 0.8 and 1.2,
rotation, and reflection. The study utilized a dataset consisting of 3,256 peripheral blood
smear (PBS) images [24, 25]. The investigators evaluated images from 89 patients, all of
whom were referred for detection and treatment of ALL. The main classes of the dataset are
two: benign, 504 images, and malignant, 2752 lymphoblast images. The malignant is divided
into three subtypes: early (985 images), pre (963 images), and pro (804 images). However,
the code was executed in a Jupyter Notebook environment on a Windows 11 MSI laptop with
the following hardware specifications: Intel Core 17, 11th Generation processor, 32 GB
RAM, 1 TB SSD storage, and an NVIDIA GPU with 8 GB VRAM. Furthermore, the
TensorFlow, NumPy, OpenCV, and Matplotlib libraries were utilized to build and train the
deep learning model.

Further, in order to enhance the flexibility of the model, the dataset was split into three
sets: 80% is allocated to training, 10% is allocated to validation, and an additional 10% is for
testing. In contrast, to increase the generalization ability of the model, a data augmentation
strategy was implemented. In the third stage, VGG16 architecture design, the pre-trained
VGG16 model is imported, and the top layer is executed.

Subsequently, specific convolutional layers were identified as trainable, enabling the
model to adapt to the nuances of leukemia subtypes. To fit the model to the complexities of
ALL classification, new fully connected layers were appended to the VGG16 structure. The
flattening layer was successful in creating a dense layer of 1024 units, utilizing a Rectified
Linear Unit (ReLU) activation function. The sealant layer, which features a leakage rate of
0.25, addressed concerns about overfitting. Finally, the SoftMax activation function produced
a classification output to distinguish between leukemia subtypes. Furthermore, the model was
trained with a learning rate of 1e-05, a batch size of 32, and an epoch number of 25. The goal
of training the model from the beginning, instead of using pre-existing weights, was to infuse
it with the ability to discriminate the complex morphological patterns inherent in cancer
images.

1
! \ hy :
O E R T4 o n S, ! |
Ia [ .*0 c ' \ 1 Training 80% 1] | =
. - 1
&0 Powa (| C—— [T £ g
" ¢ [ | ————\II . b= E
\ ! o ! 1 . A 1 -] N
" ; e ) > 2 k :.: Validation 10% |, g g
) OE e 1 E g
) VB I ' 1 E 3
[T = [y 4]
Y | L ittt 1< °©
s . ! 1 ! 1
- \ h 1
\ \ 1
1 1
= 1

Enhanced VGG - 16

$9 AU0D
$9 AU0D
4

Size 8 Size 18 Size 32 Size 64 Size 128 Size 256

Figure 1: Our Proposed Method
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After training, the proposed modified VGG16 undergoes evaluation using a set of
commonly used metrics. The metrics being evaluated are accuracy [24], precision [24], recall
[24], F1 score [24], and Matthews Correlation Coefficient (MCC) [24]. Each metric is
calculated as the following:

TP+TN

= 1
ACCUracy = Tp Y FP + TN + FN M
TP
- 2
recall TP T FN (2)
TP

. . - 3
precision = mm——— 3)

2 X precision + recall
F1= — “

precision + recall

TP XTN — FP XFN

Mmcc )

~ J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

Where TP and FP represent true and false positives, TN and FN represent true and false
negatives.

4. Experimental Results

As previously mentioned, the model demonstrated outstanding performance across various
evaluation metrics after training with resized images. It is worth noting that its accuracy is
96.59%, which highlights its skill in accurately classifying leukemia classes. The model
effectively reduces both false positives and false negatives, as evidenced by its precision
score of 96.61 and recall score of 96.59%. The F1 score, which is a combination of precision
and recall, reaches 96.58%, indicating a well-balanced ability to capture both positive and
negative cases.
The MCC scores 95.35%, confirming the effectiveness of the model in overcoming the
inherent complexities of classifying hematological malignancies. Furthermore, the training
and validation accuracies and losses are displayed in Figure 2.
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Figure 2: Training and validation results (loss and accuracy).
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The entire experimentation process was executed on computational resources, and the
total time, in seconds (s), elapsed during training versus accuracy results are displayed in

Table 1.

Table 1: Training time and accuracy comparison across different image sizes.

Experimental Image size Training time (s) Accuracy (%)
1 300 x 300 12,024 96.59
2 250 x 250 10,928 96.31
3 200 x 200 9,237 95.88
4 150 x 150 8,024 95.11

From Table 1, a clear pattern emerges with the model's accuracy gradually decreasing as the
image dimensions decrease; as the image size decreases, so does the training time. However,
further exploration of improvements in the balance between classification accuracy and
computational efficiency is required. Figure 3 also displays the confusion matrix of the test
set.
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Figure 3: ALL Classification - Confusion matrix.

The confusion matrix in Figure 3 shows the exceptional quality of our model to detect
leukemia cases: high accuracy for all four classes, Benign, Early, Pre, and Pro. The diagonal's
high values indicate the correct classification of many samples. The model was particularly
effective at false-positive cases, where it correctly identified 81 out of 89 benign cases.
However, there were instances where the model misclassified early-stage malignant subtypes
like Early and Pro. This was particularly visible in the misclassifications of Early and Pre
subtypes, which showed very similar morphology and some overlap in predictions. The Pro
subtype has the least overlap and the highest accuracy in its predicted class.

These results demonstrate the model's ability to accurately classify even the most
challenging cases as either benign or malignant, with only a few exceptions where confusion
arises, a common occurrence among closely related leukemic subtypes. Collectively, these
results indicate that our model could serve as a valuable tool for isolating leukemia from PBS
images, albeit requiring some adjustments to enhance its ability to distinguish between
various malignant subtypes.
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The proposed method not only performs well but also positions as a promising and
computational method compared to the state-of-the-art (SOTA) in the field of ALL
classification. Furthermore, Table 2 displays the performance metrics of the proposed method
compared to the SOTA.

Table 2: Comparative analysis of the performance metrics on the testing set of the ALL
dataset [25, 26].

Method (Year) Accuracy Precision Sensitivity F1 MCC
Tusar and Anik (2022) [10] 96.13 - -
Mahdi et al. (2021) [18] 94.40 - -
Kadhim et al. (2023) [14] 98.15 96.00 94.68 95.24
Our proposed method 96.59 96.61 96.59 96.58 95.35

The obtained results for classifying the ALL dataset show impressive performance when
compared to the SOTA. Exceeding the 96.13% for Tosar and Anik [10] and Mahdi et al. [18]
in terms of accuracy and 98.15% of Kadhim et al. [14] in terms of precision, recall, and F1,
our model achieves an accuracy of 96.59%. The accuracy of 96.61% confirms a high degree
of accuracy in mitigating false positives, while the recall of 96.59% demonstrates a strong
ability to capture true positive cases. The F1 score, which combines precision and recall,
reaches 96.58%, highlighting the balanced performance of our model. The MCC is 95.35%,
indicating a solid ability to address stratification imbalances in the classification of
hematological malignancies.

Comparing the results achieved with this model to those of SOTA techniques,
performance is equal for most indicators. For example, Kadhim et al. [14] had a slightly
higher precision of 98.15%. Our proposed model gave good grades in contiguous tests: its
accuracy at 96.59%, or even its precision and sensitivity were lower than but close to 96.61%
for both measures. In other words, this is true of the probability score for F1 of 96.58%. The
score of F1 represents that the model is good at picking up positives, as indicated by its
precision, and ensures most true positives are caught, as shown by its sensitivity. Compared
with Tusar and Anik [10] or Mahdi et al. [18], who achieved 96.13% and 94.40%,
respectively, this method outperforms them, especially in keeping high accuracy and a
balanced perspective across different ALL subtypes.

In contrast to other SOTA research, the proposed method's performance is attributable to
several key factors. First, the modified VGG16 architecture was used to selectively fine-tune
specific convolutional layers, which allowed the model to capture detailed and relevant
features of leukemia subtypes. Second, various data augmentation techniques, random
brightness adjustments, rotations, and reflections, enhanced the generalization capacity of
models by expanding training data diversity. Finally, combining a dropped layer for
preventing overfitting and a well-structured, fully connected layer was beneficial in ensuring
that the model learned strong patterns. Altogether, these factors contributed to the model's
96.59% accuracy, outweighing other SOTA methods in terms of both accuracy and balance
performance among evaluation metrics.

5. Conclusions

Our study suggested a modified VGG16 deep learning model to classify ALL in PBS
images. The model captured the complex morphological features of different leukemia
subtypes utilizing the modifications employed, such as fine-tuning (convolutional layers),
fully connected layers, and dropout layers. Moreover, after performing data augmentation
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like random brightness changes, rotations, and flips, the model showed better generalization,
avoiding overfitting.

The proposed model tested on the experimental results got 96.59% accuracy, whereas
precision is 96.61%, recall is 96.59%, F1-score is about 96.58%, and MCC is approximately
95.35%. These findings demonstrate the proposed model's well-controlled specificity and
sensitivity in identifying Benign, Early, Pre, or Pro classes and distinguishing between their
subgroups. The model performance was competitive with/improved upon several SOTA
methods for accuracy and other evaluation metrics.

The study also investigated how image size can affect computational cost and
classification performance, finding a trade-off between these. It remains an open problem to
strike a better trade-off between effectiveness and efficiency, which will be explored in our
future work. In general, the proposed method provides a reliable and efficient large-scale
solution for ALL classification that could potentially assist in diagnosing medical imaging
more accurately and earlier, ultimately improving patient outcomes.
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