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ABSTRACT

Myelodysplastic Syndromes (MDS) are inherited bone marrow stem cell disorders. Comparing the genetic
makeup of healthy and MDS patients may help identify and treat the disease. MDS gene expression data is
being used by biological scientists to study coding and non-coding gene activities. Categorization and risk
stratification are necessary to make clinical decisions concerning Acute Myeloid Leukemia (AML)
patients. This study employs two processed gene expression datasets to identify the most critical genes for
effective clustering. This research incorporates a deep learning strategy for categorization from segmented
images based on the Visual Geometric Group (VGG16) Convolution Neural Network (CNN) architecture.
The solution to this problem is a VGG16 deep learning architecture that uses Particle Swarm Optimization
(PSO) for disease classification and accurate analysis of gene mutations. Using the PSO technique to fine-
tune VGG16's hyperparameters improves feature extraction efficiency and classification performance. A
publicly available dataset of pre-processed bone marrow smear images is used to validate the system. This
research proposes a Radiation Associated and Therapy Related Rearrangements and Mutations of Gene
Analysis for Myelodysplastic Syndrome and Acute Myeloid Leukemia Classification using PSO optimized
VGG16 (RATR-RMGA-MDS-AML-PSO-VGG16) for accurate classification levels. A 99.2%
classification accuracy, 99.4% VGG16 feature processing accuracy and 99.4% Mutations of Gene Analysis
Accuracy Levels were achieved by the suggested PSO-VGG16 model in the experiments, which is a
significant improvement over baseline VGG16 and other traditional machine learning approaches. These
results show that PSO-VGG16 integration is a powerful and accurate diagnostic tool for MDS and AML
classification, which opens new possibilities for treatment plans.
Keywords: Myelodysplastic Syndromes, Acute Myeloid Leukemia, Intrahepatic Cholangiocarcinoma,
Radiation Associated, Therapy, Mutations, Gene Analysis, Particle Swarm Optimization,
Convolution Neural Networks.

1. INTRODUCTION neoplasms due to its peculiar origin. There is
evidence that certain chemotherapeutic drugs and
There is a subset of myelodysplastic syndromes and  ionizing radiation can cause t-MDS/AML to
acute myelogenous leukemia patients whose develop. In the context of a history of exposure to
prognoses are unfavorable because of treatment. alkylating chemicals, chromosome 5 and/or 7
While extensive mutation profiling in de novo deletions are prevalent, and diseases typically
myelodysplastic syndromes has uncovered variants  manifests five to seven years following exposure.
that match with clinical features, no studies have  Abrupt onset of AML, a shortened latency period of
examined mutations in acute myelogenous 2-3 years, and balanced translocations involving
leukemia or therapy-related myelodysplastic =~ MLL at chromosome 1123 have all been linked to
syndromes [1]. Lymphoma, various hematologic  exposure to topoisomerase II inhibitors [3].
and epithelial malignancies, and adjuvant cancer
treatments have varying incidence rates of therapy-  Since there is currently no known distinctive
related myelodysplastic syndromes (t-MDS) and  biological characteristic that can be targeted by
acute myeloid leukemia (t-AML) ranging from current treatments, patients with t-MDS/AML
0.2% to 1% to 12% [2]. According to the World undergo the standard induction and consolidation
Health Organization (WHO), t-MDS/AML is a therapy, followed by allogeneic transplantation [4],
distinct subtype of therapy-related myeloid even though this subtype is considered a distinct
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entity and is linked to a generally worse prognosis.
There are fewer therapy options and lost
opportunities to learn about disease biology since
clinical studies don't include t-MDS/AML patients.
Median survival estimates range from 8 to 16
months, indicating typically poor outcomes with
current care [5]. There is currently no cure for t-
MDS/AML; however, the overall cure rate is lower
than for MDS/AML, which may be attributable to
the increased occurrence of poor risk cytogenetics.
The only treatment option that could be considered
is allogeneic stem cell transplantation. Recent
research models used targeted sequencing to find
five genes whose mutations indicated worse clinical
outcomes in MDS [6]. Regardless of the
International Prognostic Scoring System (IPSS),
these alterations were discovered to have
substantial ~prognostic relevance. Preliminary
research suggests that particular somatic mutations
may correlate with response to therapy in MDS and
AML, and it is well-known that FLT3 mutations
negatively affect AML prognoses [7]. No
comprehensive study has yet examined the
incidence or effect of known somatic mutations on
therapeutic responsiveness and clinical outcomes in
t-MDS/AML [8]. Patient samples from t-
MDS/AML are analyzed and compared with
clinical characteristics and outcome to provide a
first estimate of the prevalence and significance of
these mutations [9].

The HSCs and progenitor cells are the starting
points for clonal hematopoiesis and the several
types of myeloid disease that comprise myeloid
stromal cells (MSCs) [9]. One kind of malignancy,
AML, can develop from MDS. About 30-40% of
patients with a myeloblast count of 20% or greater
will progress to AML, which is commonly referred
to as secondary AML to MDS [10]. Compared to
high-risk MDS, which progresses more rapidly,
low-risk MDS (LR-MDS) has a lower incidence of
AML progression. The World Health Organization
(WHO) classifies AML that arises from myeloid
neoplasms as AML with myelodysplasia-related
changes (AML-MRC), a separate clinical and
pathological entity. Also included in the AML-
MRC are individuals whose AML is caused by
myeloproliferative neoplasms (MPNs),
myeloproliferative disorders (MDS) with specific
chromosomal abnormalities, or multilineage
dysplasia [11].

Despite being the most important predictive score
for MDS, the International predictive Scoring

System (IPSS) was utilized in clinical practice even
though it was inaccurate for patients with MDS
who received treatment [12]. By examining
cytogenetic abnormalities, bone marrow blast
percentage, and cytopenia count, IPSS ascertained
the disease prognosis for AML evolution. The
proposed IPSS score does not account for cytopenia
severity, transfusion need, or dysplasia spectrum
due to IPSS's limitations. Because it considers
cytogenetic abnormalities alongside hematologic
features, the revised allows for risk assessment and
risk-adapted treatment of MDS patients [13].
Evidence from a number of research points to gene
mutations as a potential risk factor for MDS case
stratification. ~ Further  assistance with risk
classification of MDS patients was provided by the
development and validation of a personalized
prediction model (PPM-MDS). With a correct
prognosis, patients can be treated better [14].

There are two distinct kinds of t-MDS/AML, one
associated with alkylating agents or radiation and
the other with topoisomerase II inhibitors [15].
Typically, t-MDS/AML caused by an alkylating
agent manifests 4-7 years following exposure to the
carcinogen. Half of the patients will have
myelodysplastic syndrome, whereas the other half
will have acute myeloid leukemia with
myelodysplastic characteristics [16]. Cytopenias are
common symptoms that patients report. It is
common to see multilineage  dysplasia.
Chromosome 5 (—5/del(5q)) and chromosome 7
(=7/del(7q)) abnormalities are highly prevalent.
Overt acute leukemia, frequently with a large
monocytic component, is the hallmark of AML
secondary to topoisomerase II inhibitors, as
opposed to alkylating agent-related t-MDS/AML,
which typically has a preceding myelodysplastic
phase [17]. There is a relatively short latency period
between starting treatment with topoisomerase II
inhibitors and leukemia developing. Balanced
translocations involving chromosomal bands 11q23
or 21q22.28 are usually linked to the t-AML that
arises in such cases [18]. The general workflow of
gene analysis is shown in Figure 1.
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Fig 1: General Process for Gene Analysis

One component of the heterodimeric core-binding
factor (CBF) that binds to DNA is encoded by the
AMLI gene. A number of genes, including those
necessary for inducing myeloid cell development in
the bone marrow, have transcriptional regulatory
areas that can be bound to by CBF [19]. The AMLI1
gene has an important regulatory function in
haematopoiesis, and it is also the most prevalent
target for chromosomal translocations in
spontaneous human leukaemia. The AML1 gene
was shown to have undergone new translocations in
patients who got the disease following exposure to
nuclear explosions. Scientists interpreted this to
mean that radiation-induced leukemogenesis was
heavily dependent on AMLI1 gene disruption. To
identify the MDS and AML gene analysis, this
research makes use of VGG16 model for precise
analysis. Deep learning wuse a multi-level
abstraction structure to learn data representations
[20]. To get a diagnosis, deep learning algorithms
look at the full picture and link it to the results.
Convolutional Neural Networks (CNNs) are
commonly used in deep learning image processing
because they excel at image classification. Because
it can understand dense data and mimic the normal
visual processing [21], CNN has an exceptional
impact on image categorization. Consequently, it is
critically important for clinicians to employ deep
learning approaches in order to aid in the diagnosis
of image data [22].
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A population-based approach PSO is applied in this
research with VGG16 for better classification
results. It makes use of a swarm of particles. Every
one of those particles represents a potential answer.
All of the potential answers are there and work
together at the same time. Every swarm particle
searches the search region for the optimal landing
spot. The search area, then, is the collection of
potential solutions, and the swarm of flying
particles is the collection of solutions that are
constantly evolving. Over the course of the
iterations, each particle remembers both its own
optimal solution and the swarm's optimal solution.
After then, it changes two variables: the position
and the flight speed (velocity). To be more precise,
the flying speeds of individual particles are
constantly modified based on their own and their
neighbors' flying experiences. The same holds true
for its position-changing efforts; it takes into
account its present location, speed, the distance to
its personal and swarm optimums, and so on. The
PSO workflow is shown in Figure 2.
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Fig 2: PSO Workflow

Conventional clinical assessments like bone
marrow biopsies, cytogenetic testing, manual
microscopic evaluations, and prognostic scoring
models like the International Prognostic Scoring
System (IPSS) are the mainstays of current MDS
and AML diagnostic systems. Although there are a
number of downsides, these strategies are
nonetheless fundamental for clinical decision-
making. Because of its subjectivity and reliance on
clinical experience, manual microscopy might
produce inconsistent results when it comes to
recognizing blast cells, dysplastic characteristics,
and abnormalities triggered by mutations.
Unfortunately, prognostic systems like IPSS aren't
perfect; they can't account for treatment effects,
they don't fully grasp the intricacy of genetic
alterations, and they frequently mislead patients
who have gone through therapy.

There has been an effort to automate leukemia
diagnosis from images of blood or bone marrow
smears using deep learning-based systems, such as
VGG16-based classifiers and hybrid machine-
learning approaches, in recent years. A lack of
appropriate training data, differences in staining

and imaging settings, and the inability to
distinguish between aplastic anemia, MDS, and
AML are the main limitations of most current
models. When it comes to complicated mutation-
driven classification tasks and generalizing across
diverse datasets, many previous CNN-based
frameworks fall short. In addition to frequently
failing to extract deep morphological and genetic
relationships, traditional ML models necessitate
substantial manual feature engineering.

In addition, there is currently no comprehensive
computational model that successfully integrates
genomic abnormalities, morphological traits, and
therapy-related mutation patterns. Despite the fact
that various studies have reported particular
mutations (e.g., FLT3, TP53, ASXL1, RUNXI1),
mutation analysis methods are still fragmented.

Suboptimal hyperparameter selection, sluggish
training, and poor classification accuracy are all
results of current systems' failure to use
evolutionary  optimization = methods.  These

shortcomings underscore the critical requirement
for a state-of-the-art, optimized deep learning
system that can deliver automatic, accurate, and
mutation-aware MDS and AML classification.

The diagnosis and categorization of diseases has
recently seen extensive application of deep
learning. Recently, researchers worked on deep
learning algorithms to differentiate between AA
and MDS using peripheral blood markers with gene
analysis. Patients suspected of having AA or MDS
must undergo a bone marrow biopsy [23].
However, there has been no reporting of research
that used bone marrow smears as a means of
identifying Aplastic Anemia (AA), MDS, or AML.
Image classification challenges are handled using
VGG16, a model of deep convolutional neural
networks. Each of the 16 layers of the network's
artificial neurons processes image data sequentially,
allowing the network to make more accurate
predictions. This research proposes a Radiation
Associated and Therapy Related Rearrangements
and  Mutations of Gene  Analysis for
Myelodysplastic Syndrome and Acute Myeloid
Leukemia Classification using VGG16 (RATR-
RMGA-MDS-AML-VGG16) for accurate
classification levels.

2. LITERATURE SURVEY

Similar to leukemia, a leukemoid reaction causes an
abnormally high number of white blood cells
(WBCs), however this time the inflammation or
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infection is located elsewhere in the body. The ALL
IDB2 dataset, which includes 110 training images
of blast cells and healthy cells, has been utilized in
automatic diagnosis for the classification of
leukemia and leukemoid reactions. An automated
method for differentiating between leukemia and
leukemoid reactions in images of blood smears
using Machine Learning was the focus of this paper
proposed by Sriram et al. [1]. First, WBC counting
and detection is automated to detect leukocytosis;
second, WBC blast detection is automated to

support leukemia and leukemoid reaction
classification. It is possible for doctors to
mistakenly diagnose leukemoid reactions in

patients with malignant leukemia since leukocytosis
is a common symptom of both types of leukemia.
There are 364 images of blood smears in the BCCD
(blood cell count detection) dataset, 349 of which
only show one type of white blood cell. The author
used a watershed-based image segmentation
technique to apply hue-saturation-value color-
coding. Classification and counting of WBC type
from segmented images are being accomplished
using a deep learning technique based on the
VGG16 architecture of a CNN. In order to detect
WBC blasts, the CNN trained using the VGGI16
architecture and the segmented images from the
first section were put to the test.

Patients with AA, AML, MDS must undergo a
bone marrow biopsy in order to be diagnosed. No
CNN model has been described yet that can
automatically differentiate between AA, MDS, and
AML using bone marrow smears. The recognition
model was built using an image-net pretrained
CNN model. To build the model, Wang et al. [2]
used data taken from the ASH Image Bank, and to
verify it externally, the author used data taken from
the clinic. There were two levels of output in the
model: one for determining if the patient had MDS
and another for distinguishing between AA, MDS,
and AML.

Acute lymphocytic leukemia is a form of cancer
that develops when the bone marrow generates
abnormal, poorly functioning white blood cells.
These cells overpower good ones and cause the
immune system to become weakened. Because of
how fast HPV multiplies in youngsters, prompt
treatment is crucial to prevent death. It takes a lot of
time and effort to manually identify this disease.
Deep learning and machine learning techniques are
light years ahead of human detectors in terms of
speed and accuracy. For the purpose of identifying
Acute Lymphocytic Leukemia (ALL) in images of

blood smears, Sulaiman et al. [3] introduced
ResRandSVM, a method based on deep feature
selection. This approach uses seven different deep-
learning models: ResNet152, VGG16,
DenseNetl121, MobileNetV2, InceptionV3,
EfficientNetB0O, and ResNet50 to extract deep
features from blood smear images. In the next step,
we use Random Forest, ANOVA, and PCA as
feature selection algorithms to get the important
and desirable features. To classify the photos as
normal or connected to leukemia, four separate
classifiers—Adaboost, Support Vector Machine,
Artificial Neural Network, and Naive Bayes—are
employed then.

Multiple studies have shown a correlation between
AMLI1 gene rearrangements and MDS and
radiation-induced AML. For the purpose of
detecting AMLI1 anomalies, 53 AML samples
underwent analysis utilizing RT-PCR and
fluorescent in-situ hybridization (FISH). Of these
individuals, 24 had been exposed to radiation as a
result of the Chernobyl tragedy, whereas 29 were
non-irradiated spontaneous AML cases that acted
as controls. 9 out of 29 cases of spontaneous AML
and 1 out of 24 cases of radiation-associated AML
had AMLI/ETO translocations. In the cohorts that
were not stratified by age, there is a statistically
significant  difference in the translocation
frequencies (p=0.015). The difference becomes less
noticeable after age stratification analyzed by
Klymenko et al. [4], but it is still on the verge of
being statistically significant (p=0.053). By directly
sequencing genomic DNA from the coding area,
the AML1 mutation status was evaluated in 5
clean-up personnel at Chernobyl NPP who had
MDS or AML after MDS. A hexanucleotide
duplication of CGGCAT in exon 8, introduced
beyond base position 1502, was discovered in one
patient who developed MDS after an acute
radiation illness.

When clonal hematopoiesis develops from
hematopoietic stem and progenitor cells, a diverse
set of diseases known as MDS can arise. One
hallmark of MDS was an elevated probability of
developing into AML. The sequence of gene
mutation acquisition is critical to consider when
assessing the prognostic impact of MDS
progression to leukemia; it is not random.
Additionally, it is not random for certain gene
mutations to occur together; for example, ASXL1
and U2AF1 appear to have a high frequency of
mutation combinations, although mutations in
splicing factor genes appear to occur together less
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frequently. Unraveling the genetic signature has
allowed for the development of new targeted and
individualized treatments, and recent advances in
our knowledge of molecular events have led to
MDS transforming into AML. Banescu et al. [5]
discussed the mutations that can cause
myelodysplastic syndromes to progress to AML
and how these alterations in genetic makeup have
affected evolution. This section also covers the
medicines that have been chosen for MDS and how
MDS can proceed to AML.

Neoplastic myeloid proliferations in MDSs cause
peripheral blood cytopenias due to inefficient
hematopoiesis. Morphologic dysplasia and a blast
threshold of 20% differentiate MDS from acute
myeloid leukemia and nonneoplastic clonal
myeloid proliferations, respectively. Because
cytopenias might have many other causes, making a
correct diagnosis of MDS requires combining
clinical symptoms with morphology of the bone
marrow and peripheral blood, immunophenotyping,
and genetic testing. The International Consensus
categorization and the WHO Classification, both
released in 2022, are the most recent of various
categorization methods that have historically
classified MDS into several subtypes. According to
MDS classification, entities with similar genetic
origins and molecular pathophysiology can be used
to inform clinical decision-making and prognostic
risk categorization based on the specific subtype.
At now, MDS categorization schemes acknowledge
three genetic entities: the SF3B1 mutation, the
TP53 mutation that Robert et al. [6] examined, and
the solitary del(5q) cytogenetic aberration. Includes
morphologic characteristics including percentage of
blasts in blood and bone marrow, degree of
dysplasia, ring sideroblasts, fibrosis of bone
marrow, and hypocellularity of bone marrow,
among others. As our understanding of the genetic
basis of MDS pathogenesis increases, genetic
classes are predicted to play an increasingly
important role in future MDS classification.

Myeloid neoplasms and acute leukemias were most
recently reclassified as a result of a collaborative
effort by the World Health Organization, the
Society for Hematopathology, and the European
Association for Haematopathology. This
collaboration ~was mainly based on the
recommendations of international clinical advisory
committees (CACs) consisting of geneticists,
oncologists, pathologists, and hematopathologists.
Clinical trial data, prior experience with the 2016
WHO classification, and new insights into the

biology of hematologic malignancies have all
pointed to the necessity for more revisions and
updates to the classification. A panel of specialists
in the genetics, pathology, and clinical
manifestations of myeloid neoplasms and acute
leukemias created the International Consensus
Classification (ICC). Research by Ching-Hon et al.
[7] builds on previous work using CAC. Using a
multiparameter approach, the consensus method
mainly sought to define real diseases entities. This
included both new entities to be introduced and
criteria for current diagnostic categories to be
modified based on accumulated data.

Characterized by peripheral cytopenias and
morphologic abnormalities of myeloid cells, MDS
are clonal hematologic diseases. Current MDS
categories are mainly based on morphology, even
though genetic defects are the basis of the etiology
and heterogeneity of these diseases. Genomic
profiling was performed on 3,233 patients with
MBDS or related disorders by Elsa Bernard et al. [8]
to determine genetic subtypes and the therapeutic
relevance of these subtypes. The results of the
targeted sequencing of a 152-gene panel showed
that, out of the patients with abnormalities, 91%
had gene mutations, 43% had copy-number
changes, and 11% had copy-neutral loss of
heterozygosity. The author classified 86% of the
patients into 16 molecular categories using
information from 21 genes, 6 cytogenetic events,
and mutations at the TP53 and TET2 locus. Two
groups of unfavorable results were observed in 14%
of patients: molecularly not otherwise identifiable
and lack of repeating drivers. The groups were
associated with distinct clinical features and
outcomes, and their sizes varied from 5% to 14% of
patients.

3. PROPOSED MODEL

A hematopoietic stem cell condition known as
MDS causes abnormal cell proliferation and
differentiation along with increased genomic
instability.  Criteria for the diagnosis of
myelodysplastic ~ syndromes  (MDS) include
abnormalities in the morphology of blood and bone
marrow (BM) cells, cytopenias, an overabundance
of marrow blasts, and certain chromosomal
abnormalities. Four in ten patients with MDS will
go on to develop AML [24]. New mutations in
genes involved in signal transduction, splicing
machinery, epigenetic or transcriptional pathways,
and enhanced risk stratification scores that combine
cytogenetic abnormalities with clinical data have
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been found by genomic sequencing technology.
Gene expression profiling, in conjunction with
information on gene mutations or methylation,
provides a comprehensive approach that takes into
consideration the majority of these altered
pathways; this approach has contributed to the
advancement of diagnostic criteria and prognoses
for a wide range of disorders, including MDS.
However, there are currently few treatment choices
and a very low survival rate for people with MDS,
especially those with high-risk MDS [25]. Animal
models of myeloid-derived syndrome mimic the
symptoms of the disease or, more frequently, the
likelihood of AML transformation. They have been
useful in addressing various facets of the disease,
like the role of the microenvironment, and have
demonstrated their potential to guide the discovery
of new biomarkers and targeted treatments [26].

In Scal+ cells, gene expression pathways and
ontology functional categories are carried out using
two MDS models that have been described
previously. Following myeloid sclerosis (MSS),
these animals mimic either human high-risk
myeloid disease (HR-MDS) or acute myeloid
leukemia (AML), depending on the promoter that
drives the trans gene expression of the mutants
NRASDI12 or hBCL-. Inhibitors of BH3 mimetic or
BCL2 expression can reverse the phenotype [27].
These models highlight the concept of non-
oncogene addiction by showing how cells with the
NRASD12 mutation need on BCL2 expression for
their survival and development. A steady rise in
both the incidence of DNA damage and the
frequency of the error-prone nonhomologous end-
joining repair of double-strand breaks (DSBs) is
observed [28]. The fact that N-acetyl cysteine
antioxidant treatment decreased or reversed the
observed DNA damage and error-prone repair [29]
emphasizes the significance of the suggested
approach for linking genotype/phenotype to
translational research. Through the use of these
models, new disease biomarkers in patients with
MDS have been discovered. The RAS:BCL-2
complex is a biomarker that activates disease- and
AML-related signaling protein profiles and
associates its location to the plasma membrane or
mitochondria with apoptotic characteristics.

The poor prognosis linked with t-MDS/AML can
be improved if early biomarkers could be identified
and used to treat the disorder, such as reduced
intensity conditioning (RIC), before it becomes
clinically apparent. This would prevent the need for
higher-intensity therapy when the disease burden is

already high, which increases the risk of resultant
morbidity. Several studies have examined the
identification of genetically abnormal clones and
the danger of t-MDS/AML that comes with them.
When lymphoma patients undergo autologous stem
cell transplantation (HCT), cytogenetic testing
frequently reveals aberrant clones; 30—-50% of these
individuals develop overt t-MDS/AML. The gene
expression profile of ALL cells upon diagnosis can
predict the risk of t-MDS/AML, as proven.
Genomic changes in genes involved in
hematopoietic regulation, mitochondrial function,
and metabolism were detected when comparing
CD34+ cells from PBSCs of patients who
developed t-MDS/AML after autologous HCT for
lymphoma to controls who did not. An ideal 38-
gene PBSC classifier reliably separated patients
into groups based on whether they had developed t-
MDS/AML or not. Several mutations must be
acquired for t-MDS/AML to occur, according to the
results. Furthermore, t-MDS/AML is characterized
by a wide variety of subgroups, each of which has
its own distinct collection of genetic abnormalities.
Therefore, it is not known if the presence of a
single genetic abnormality can accurately foretell
when t-MDS/AML will manifest.

We can investigate possible treatments to reduce
the incidence of t-MDS/AML if we understand its
pathophysiology and risk factors. Improving the
procedures for harvesting autologous stem cells
could be one way to lessen the likelihood of this
adverse consequence. A systematic pre-HCT
screening  utilizing marrow pathology and
cytogenetics is being examined to identify high-risk
people who might benefit more from an allogeneic
HCT than an autologous one. Patients found to be
at high risk of this outcome should be considered
for other therapy alternatives, such as allogeneic
transplantation or non-transplant modalities, as part
of efforts to develop predictors for high-risk
patients before HCT.

Image identification and classification are two areas
where CNNs have exhibited excellent performance.
For picture recognition and classification, these
networks use the convolution operator. It is
comprised of four main steps. Convolution, the
Fully Connected Layer, the Non Linearity Rectified
Linear Unit (ReLU), and pooling or subsampling.
Retaining the spatial link between pixels and
learning input picture properties in smaller squares
allows ConvNet to primarily extract features from
images. The convolution layer allows for the
application of several filters to an input image, each
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with its own set of capabilities such as edge
detection, blurring, and sharpening. The result is a
set of convolved maps. Using convolved maps, one
can explain the local dependencies of a picture.
After every convolutional layer, an activation
function is applied. The non-linearity in ConvNet is
introduced via the sigmoid function, tanh, and
ReLu. The following max pooling layer will
decrease the feature count by picking the biggest
element from the updated feature maps. The last
completely linked layer compiles feature
descriptors and flattens all matrix maps into
vectors. VGG is only used with 3 x 3 convolutional
layers that are stacked in a deeper and deeper
fashion.

The population-based metaheuristic optimization
PSO takes its cues from the cooperative behaviors
of fish schools and flocks of birds. The particle that

each possible solution to an optimization issue.
Two important aspects determine the movement of
each particle: the best-known position of the entire
swarm (global best) and the particle's own best-
known position (pBest). Particles progressively
converge towards ideal or almost ideal solutions via
iterative adjustments of acceleration and location.
Due to its efficient balancing of exploration and
exploitation, small tuning requirements, and
avoidance of exhaustive search required by
methods like grid search, PSO is often utilized for

deep learning hyperparameter  optimization.
VGG16 can benefit from PSO's automated
hyperparameter  selection, which  improves

convergence speed and classification accuracy
without adding unnecessary processing overhead.
This includes learning rate, batch size, dropout
rates, and dense layer sizes. The proposed model
architecture is shown in Figure 2.
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Fig 2: VGG16 Architecture
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When classifying CNNs, VGG used depth as the
most important parameter to determine which
networks provided the greatest recognition and
accuracy. It utilized three 3 x 3 filters, with two
successive 2 filters providing a more easily
accessible 5 x 5 size field, and three 3 x 3 filters
with a 7 x 7 size filter. It is possible to double the
number of filters in the architecture after each max-
pooling operation. 13 convolutional layers and
three fully linked layers made up the VGGI16
network. VGG16 network employ many non-linear
layers after a modest stack of 3 x 3 Convolutional
filters with a Stride of 1 throughout the filter
operation. Applying deeper architecture to more
complex features allows for more accurate
prediction. ~ When  evaluating  classification
accuracy, depth has always been a key metric to
consider. The architecture of VGG-16 is shown in
Figure. The most accurate categorization possible is
achieved by selecting the best output across all
layers using the softmax layer. This research
proposes a Radiation Associated and Therapy
Related Rearrangements and Mutations of Gene
Analysis for Myelodysplastic Syndrome and Acute
Myeloid Leukemia Classification using VGG16
for accurate classification levels.

Preprocessing involves normalizing the input data
and decreasing noise in raw bone marrow smear
images in order to facilitate effective feature
extraction. To make sure the photographs are the
right size for VGG16, they are initially downsized
to 224 x 224 pixels. Image intensities are scaled
from 0 to 1 using standardization techniques like
pixel normalization to make sure the dataset is
homogeneous. The use of Gaussian smoothing to
reduce noise improves the visibility of cellular
structures while simultaneously removing artifacts
from the backdrop. By utilizing histogram
equalization and  contrast-limited  adaptive
histogram equalization, the contrast is enhanced
and the morphological boundaries are clearly
defined. To reduce the likelihood of overfitting and
artificially enlarge the dataset, data augmentation
methods such as random rotations, horizontal flips,
zoom modifications, and brightness fluctuations are
employed. Images supplied into the deep learning
model must be clean, uniform, and representative of
multiple real-world settings; this preprocessing
pipeline makes sure of that.

As its main feature extractor, VGG16 makes
advantage of its well-known depth and uniform
convolutional layer structure. The structure is made
up of 13 convolutional layers that use small 3 x 3

filter kernels. After that, there are max-pooling
layers that gradually minimise spatial dimensions
while keeping the most important features. In bone
marrow cells, VGG16's deeper layers pick up
nucleus texture, cytoplasmic abnormalities, and cell
deformations caused by mutations, among other
complicated morphological and structural patterns.
To keep the core image-recognition features taught
by ImageNet, the solution makes use of the pre-
trained VGG16 model with its convolutional base
frozen during initial training. Custom dense layers
designed for mutation categorization replace the
completely linked layers at the end of the
architecture. Overfitting can be mitigated by using
dropout layers, and non-linearity can be introduced
by utilizing ReLU activation consistently. The last
dense layer creates class probabilities for each
category of mutation or disease using a softmax
activation function. The original photos are
successfully transformed into discriminative feature
vectors with high dimensions using this tweaked
VGG16 model.

Optimization of critical hyperparameters in the
VGG16 model is achieved through the use of PSO,
which  enhances training efficiency and
classification accuracy. PSO takes its cue from the
cooperative behavior of flocks of birds; in this case,
each "particle" is a set of hyperparameters that
could lead to a solution. With this setup, PSO is
used to optimize learning rate, batch size, dropout
rate, and momentum all at once. Particles assess
their own performance by applying a fitness
function that takes training loss and accuracy into
account. When repositioning themselves, the
particles take into account not only the swarm's
global best solution (gBest), but also their own best
solution (pBest). In order to find the best possible
combination of hyperparameters, this update
technique iteratively moves the population of
solutions in that direction. Due to its computational
efficiency and speedier convergence than grid
search or random search, PSO is well-suited for
deep learning tasks that demand frequent retraining.
The model is able to achieve better performance
with fewer training iterations and avoid manual
adjustment by including PSO.

Finding and classifying mutant rearrangements
linked to MDS and AML is the main goal of the
classification system. Dense layers examine
patterns such as nuclear size, chromatin
distribution, morphological anomalies connected to
particular gene mutations, and cell border
disruption after feature extraction using VGG16. To
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enable multi-class classification, the classifier
computes probability distributions across the output
classes using a softmax layer. The goal function is
cross-entropy loss because it works well for issues
with more than one class to classify. Typically, an
optimizer like Adam or SGD with optimized
parameters is chosen by PSO, and the model
minimizes the loss function while training. The
proper diagnosis of MDS/AML subtypes is
supported by this categorization approach, which
allows for precise separation between mutation

types.

Through the use of tuned hyperparameters and
forward and backward propagation over several
epochs, the VGG16 model is integrated into the
training method. While forward propagation
processes incoming images to generate predictions,
reverse propagation uses gradient descent to fine-
tune the model weights for better classification
accuracy. In order to avoid overfitting, training is
stopped when validation accuracy reaches a
plateau. To make sure that the performance
evaluation is fair, the dataset is divided into three
parts: training, validation, and testing. To further
enhance the generalizability of the model, K-fold
cross-validation can also be utilized. For a thorough
evaluation of the model, performance metrics like
recall, accuracy, precision, Fl-score, ROC-AUC,
loss curves, and confusion matrices are obtained.
Because it uses fine-tuned hyperparameters and has
better feature extraction, the optimized model often
beats baseline CNNs.

This  algorithm is designed to classify
Myelodysplastic Syndrome (MDS) and Acute
Myeloid Leukemia (AML) based on gene mutation
data and rearrangements, leveraging the VGG16
deep learning architecture for feature extraction and
classification. The method improves accuracy by
fine-tuning the model and incorporating specialized
pre-processing for genomic data representation.

Key Steps:

1. Data Preparation:

o Collect and preprocess gene
mutation and rearrangement data.
o Encode genetic data into a format

compatible with image-based
deep learning models (e.g.,
heatmaps).
2. Data Augmentation:
o Apply techniques such as
normalization, scaling, and

augmentation to enhance model

robustness.
3. Model Design:

o Modify the VGG16 architecture
by adding customized fully
connected layers.

o Integrate dropout and
regularization layers to prevent
overfitting.

4. Training:

o Fine-tune VGG16 using a transfer
learning approach.

o Use a curated training set with
labeled data.

5. Evaluation:

o Evaluate model performance
using accuracy, precision, recall,
and F1-score.

o Perform cross-validation to
ensure generalizability.

6. Deployment:

Use the trained model for
classifying new genomic data.

o

Algorithm VGG16_Gene_Classification

Step 1: Data_Preparation

1.1 Collect genomic rearrangement and mutation
data.

1.2 Transform data into image-like format.

1.3 Normalize and scale data.

Step 2: Data_Augmentation
2.1 Apply rotation,
augmentations.
2.2 Split data into training, validation, and test
sets.

scaling, and other

Step 3: Model Design

3.1 Load pre-trained VGG16 model.

3.2 Remove top layers of VGG16.

3.3 Add custom fully connected layers with
ReLU activation.

3.4 Add dropout layers to prevent overfitting.

3.5 Define output layer with Softmax activation
for classification.

Step 4: Model Training

4.1 Compile the model with Adam optimizer and
categorical cross-entropy loss.

4.2 Train model using training data with
batch_size and epochs.

4.3 Validate model on validation set.
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Step 5: Model Evaluation Clamp xi within allowed range

5.1 Evaluate model on test data using accuracy, End If
precision, recall, and F1-score. Evaluate fitness f(xi) by training VGG16

52 Perform k-fold cross-validation for  withxi
robustness. If f(xi) better than f(pBesti) then

pBesti = xi

Step 6: Deployment End If

6.1 Save the trained model. End For

6.2 Use the model for predicting new genomic Update gBest = best pBest among all particles
data classifications. If stopping criterion met then
Algorithm: PSO Break
Input: Population size (N), Maximum iterations End If
(Maxlter), End For

Hyperparameter search space (e.g., learning Return gBest as optimal hyperparameters for

rate, batch size, dropout) VGG16
Output: Best hyperparameter set (gBest) End
Begin

Initialize swarm of N particles Algorithm RATR-RMGA-MDS-AML-PSO-

For each particle i in swarm do VGGI16

Randomly initialize position xi A

(hyperparameters) Input: Image Dataset {IDset}

Randomly initialize velocity vi
Evaluate fitness f(xi) by training VGG16 with  OQutput: Classification Set {Claset}

xi
Set personal best pBesti = xi Step-1: To simplify the representation of an image
End For and make it more understandable and easier to
Set gBest = best pBest among all particles analyze, image segmentation is applied initially.
For t =1 to MaxlIter do This process entails separating the image into
For each particle i in swarm do different sections or segments. To facilitate more
Update velocity: exact and thorough analysis, each segment usually
vi = w*vi + cl*rl*(pBesti - xi) + stands in for a distinct item or component of an
c2*r2*(gBest - xi) object. The process of segmentation is performed as
Update position: Given an image I(x, y) representing a genetic
Xi=Xi+vi material, pixel intensity values are extracted:
If xiis out|s.}de search space then
IPixel[M] = Z getimg (i) + getPix(i) + getcoord(X,Y)
i=1

Segmentation is performed as
ImgAnaly[M] = getI'mg (i) + max (IPixel(i))+ min (IPixel(i))

M
ICont[M] = Z Img, , (A— B)* + maxIntensity (A, B)
=0
M
Dissimm[M] = Z max[diff[l (XLY)LI(X+1,7+ 1]}| — min[[Cont(X, Y))
x3r=0

+ max (ICont(X,Y))
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M

Entro = Z —In(ImgAnaly(i))+ i(X,¥)+ (i+ 1(X+ 1, ¥ + 1) — min (ICont(i))

ry=0

M
—nmin (Dissimm(i, i + 1
ImgSeg[M] = ZEI’J_D ( G ) +

M—i
=1

M

xw=0 ¥

Step-2: RGB values of individual pixels are
considered by indexing the array and retrieving
them at their respective places. In order to analyze
each color component independently, the technique
divides the image into its red, green, and blue
channels. After the pixel data is retrieved, it

||EiN=U' min (Entro(i) + max (Dissimm(i,i+ 1))
3
! getPixrange(i)

metrics like the mean, standard deviation,
minimum, and maximum values for each color
channel. Additionally, color distribution histograms
are generated for visual representation.

Let the segmented be Img with a set of dimensions
as P*Q represented in RGB color model. The
histogram distribution for the considered color
channel with maximum intensity ‘Inten’ is
calculated as

Hist[Inten] = Z Z w(ImgSeg(P,Q)) — Inten(x,y) + maxInten(i, )

undergoes statistical processing to determine
P ¥
i=1 j=1
1 'fi=0
w[M] = { if i
0 Otherwise

Step-3: Reducing data complexity while preserving
as much important information as feasible is the
goal of feature extraction. In order to simplify the

usage of relevant features and eliminate
M M

unnecessary ones, feature extraction might
incorporate data manipulation and the development
of new features. By eliminating superfluous and
unimportant elements, feature selection narrows
down the original set of features to just the most
useful ones. The process is performed as

Fset[M]= Z Z getrange(Hist(i)) + max(ew (i, 7)) + min (u[[nten(P, Q‘)))

i=1 j=1

+Zf‘lﬁ min (Hist(i,j) + max (Hist(i,i + 1)

M—i

Here p represents the model for correlation
calculation.

Step-4: Accurate diagnosis, prognosis evaluation,
and tailored treatment selection are three of the
most important clinical goals that gene mutation
detection in AML and MDS detection. Mutations in

FLT3-ITD signal aggressive disease, while
mutations in NPMI1 may indicate a better
prognosis; these and other particular genetic

abnormalities that promote disease development
can be found through molecular analysis.

Each convolution layer applies a standard filter F
over the input feature map that generates a
activation map. The process is performed as

(Img) _ (Img) .
Amt}P:'_,j = U’[EPEQ Fiy *
tw ™ 4 bias(i)

m—ign—j

The frequency of a mutation Mfreq in a gene
sequence Gseq is given by:

= v (Amap(i))

Mfreq[M] = i

Here, y is the number of mutated sequences.
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Mutation rates due to radiation (tr) and therapy (yt)
are modeled as

Step-5: In order to extract useful features from
fresh samples, feature extraction using PSO
optimized VGG16 makes use of the network's
learnt representations. The network is fed the input
image after it has been preprocessed to match

VGG16's anticipated input size, which is typically
M

M

Mrate[M] = Z z11‘113I (IT‘ (i) +

i=1

1
(i)

224x224x3. The feature vector that stands in for the
picture is the output from the chosen layer. Image
retrieval systems can use feature extraction to rank
images according to how similar their feature
vectors are to a query image.

The VGG16 model consists of 13 Convolutional
layers and 3 fully connected layers. The
Convolutional operation is defined as:

The features selected set is considered to perform
gene analysis. The VGG16 feature processing is
performed as

LW[M] = Z Wei, — min (Mrate(i,i + 1)) + max (Mfreq(ii + 1))

i=1

FFset[M] = Z B(Fset,LW) + min (diff[Fset(i,i + 1]))

i=1

Here Fset is the feature set, LW is the VGG16
weights.

Step-6: A growing body of evidence suggests that
examination of mutations in genes found in the
bone marrow can shed light on the genetic basis
and molecular pathophysiology in MDS and AML.

By identifying recurring mutations in genes
M

involved in RNA splicing, DNA methylation, and
transcription regulation, these investigations, often
conducted via next-generation sequencing, aid in
refining diagnostic categories and prognostication.
Classification schemas that incorporate genetic data
are leading to advancements in risk prediction,
disease categorization, and the discovery of new
treatment targets. The classification set is generated
as

Lprob[M] = Zﬂabe![ij log, (maxrange[FFSet(i,i + 1]):] + max (Prob(i))

i=1

4. RESULTS

Mutations in the SF3B1, SRSF2, ASXL1, TET2,
and DNMT3A genes may affect medication
response and overall survival in MDS and increase
the likelihood that the disease may progress to
leukemia. With the advancement of genomics and
the application of genomic techniques in clinical
practice, doctors should be able to better predict
leukemic transition. This is because genetic variants
significantly impact the progression of myeloid-
derived suppressive syndrome to AML. A large
German study with 1019 participants discovered
that the likelihood of MDS converting to AML was
mostly determined by a genetic or epigenetic event.
Similar to secondary AML, mutations in
spliceosome genes and epigenetic modifiers are
common early on in the etiology of myeloid-

derived suppressive syndrome (MDS). Mutations
affecting signal transduction genes (FTR3, CBL,
JAK2, KRAS, NRAS) are examples of secondary
events. Genes involved in cell communication,
transcription factors, and epigenetic regulation
(IDH1, IDH2, BCOR, EZH4) are mutated
throughout MDS. Several investigations have
shown that genes involved in epigenetic regulation
and splicing are the most often mutated in MDS
cases.

There is evidence that epigenetic modifier genes
negatively affect MDS prognoses. Additionally,
mutations affecting transcription factors, signal
transduction initiators (such as NRAS, KRAS, NF1,
JAK2, CBL, and FLT3), and the TP53 gene are
associated with a poor prognosis in MDS. An
imbalance between proliferation and apoptosis
could be the cause of clonal development and MDS
transformation. Mutations in genes that regulate
cell differentiation and genes that enhance cell
proliferation and survival are thought to provide a
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two-hit paradigm for the progression of
myelodysplastic syndromes to acute myeloid
leukemia. The development of AML from MDS is
fueled by clonal evolution, which is the process of
creating or expanding a subclone with a distinct set
of gene alterations, and the introduction of novel
driver variations. The rate of MDS progression to
AML was directly proportional to the number of
driving mutations. During the transition of MDS to
AML, mutations impacting transcription factors
such as RUNX1, CEBPA, and GATA2, as well as
activating signaling genes such as FLT3 and RAS
family genes, became more common.

Compared to cases where the disease did not
transform into AML, those in whom the mutation
occurred in the RUNXI1 gene were substantially
more likely to undergo AML transformation. It was
also shown that subjects with MDS transformation
to AML were more likely to have NPM1 gene
alterations than cases diagnosed with MDS alone
with p < 0.02. With the advent of new genomic
tools that have identified specific gene mutations as
significant leukemic transformation and prognosis
predictors, this research provides a gene molecular
analysis to identify the development of MDS
leading to AML.

4.1 Experimentation

Because of Python's rich support for deep learning
frameworks, the system is built utilizing the
TensorFlow and Keras libraries. While OpenCV is
used for image preprocessing, a new Python library
with vectorized operations is used to implement
PSO, allowing for efficient swarm updates.
Hardware that is GPU-enabled speeds up
convolutional processes, which are used during the
training phase. By combining them, we get a
powerful diagnostic model that can -efficiently
classify mutation rearrangements with high
accuracy and little computing load.

Images of bone marrow smears sourced from
clinical laboratories and publicly accessible medical
archives make up the dataset utilized in this
investigation. All photos were obtained utilizing
standardized microscopic imaging techniques,
which ensured visual uniformity by consistently
applying lighting, magnification, and staining
protocols. In order to train the algorithm to detect
subtle diagnostic markers, the dataset contains
samples that represent different mutations and
morphological alterations linked to MDS and AML.
Photos were hand-picked to exclude records with
incorrect labels, low-quality scans, and duplicates.

Domain specialists double-checked every image for
accuracy and dependability before adding it to the
dataset. When relevant, we kept metadata including
staining kind, remarks on cell morphology, and
diagnostic categorization to back up the training
and validation of the deep learning architecture we
suggested.

During data gathering, ethical compliance was of
the utmost importance. There is no personally
identifiable information (PII) on any of the clinical
photos utilized in this study; all photographs adhere
to current standards of medical ethics. We checked
the data sources to make sure they follow all the
rules set out by the institutional ethics board and
worldwide guidelines for research ethics, like the
Declaration of Helsinki. By doing so, we can be
certain that patients' rights, privacy, and dignity will
be protected in any training, testing, or validation
photos. Inclusion criteria included only datasets
with clear authorisation for academic and research
purposes. The study minimized ethical hazards by
not involving interventions, physical procedures, or
direct patient encounters.

All of the medical institutions and dataset suppliers
whose clinical datasets were used in this study had
previously received patient consent. The
repositories made it clear that when photographs
were taken from public datasets, they were done so
with consent forms that allowed for their secondary
usage in research, education, and science. Patients
or their legal guardians' assent to the use of their
medical images for diagnostic and machine
learning research was confirmed by reviewing,
whenever possible, anonymized consent documents
outlining the breadth of data usage. No new consent
processes were necessary from individual patients
because the study relied on secondary datasets that
are publically available.

Every single image utilized in this study was first
anonymised before analysis to guarantee utmost
confidentiality. During the process of preparing the
dataset, any metadata that could have included
personally identifiable information, such as names,
ID numbers, ages, or clinical notes, was eliminated.
Furthermore, automated scripts were employed to
identify and remove any identifying features that
might be accidentally revealed by information
encoded in image headers (EXIF data). Ensuring
compliance  with medical data protection
requirements, the anonymization procedure
corresponds with international standards such as
HIPAA and the General Data Protection Regulation
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(GDPR). For the sake of keeping the dataset intact
and protecting patient confidentiality, we kept only
the most important diagnostic features that are
useful to image-based categorization.

Only authorized workers had access to the
encrypted research servers that contained all
datasets. To ensure that data remained intact,
standard security methods were utilized, such as
password protection, encrypted file systems, and
version-controlled  repositories.  Periodically,
backups were made to ensure that no files were lost
or corrupted. These safeguards prevent any
unauthorized parties from gaining access to the
dataset or compromising its data at any point in the
study lifecycle.

This research proposes a Radiation Associated and
Therapy Related Rearrangements and Mutations of
Gene Analysis for Myelodysplastic Syndrome and
Acute Myeloid Leukemia Classification using
VGG16 (RATR-RMGA-MDS-AML-VGG16) for
accurate classification levels. The proposed model
is compared with the traditional Classification of
Leukemia and Leukemoid Using VGG-16
Convolutional Neural Network Architecture (CLL-
VGG16-NNA), Hybrid Approach for Acute
Lymphocytic Leukemia Classification
(ResRandSVM) and Amll gene rearrangements
and mutations in radiation-associated acute myeloid
leukemia and myelodysplastic syndromes (GRM-
RA-AML-MDS).

The dataset is available with the link
https://www.kaggle.com/datasets/mehradaria/leuke
mia available on Kaggle. Taleqani Hospital's bone
marrow laboratory processed the images that make
up this collection. The 3256 PBS pictures in this
dataset were from 89 patients whose blood samples
were expertly processed and stained by the lab
personnel. There are two groups in this dataset:
benign and malignant. In the diagnosis and
detection of AML and MDS, bone marrow analysis
is essential for the identification of cellular
abnormalities such blasts, dysplasia, and lineage
alterations using image extraction. Problems with
noise, artifacts, and limited labeled datasets are
among the difficulties encountered throughout the
procedure. Cell morphology might also vary. To
accurately extract data or features from images, one
must be able to precisely identify them, isolate
them, and process them. The Table 1 and Figure 3
show the Image Extraction Accuracy Levels.

183

Table 1: Image Extraction Accuracy Levels

Images Models Considered
Consider | RATR | CLL- ResRandS GR
ed - VGGl | VM Model | M-
RMG 6- RA-
A- NNA AM
MDS- | Model L-
AML- MDS
PSO- Mod
VGGl el
6
Model
100 97.9 95.2 94.3 95.4
200 98.0 95.4 94.6 95.6
300 98.2 95.6 94.8 95.8
400 98.4 95.8 95.0 96.1
500 98.6 96.0 95.2 96.3
600 98.8 96.2 95.4 96.5
. Image Extraction Accuracy Levels
98| ¢ _ocmmmm- o--=="""7" s c
397t
1% —@- RATR-RMGA-MDS-AML-PSO-VGG16 Model
o CLL-VGG16-NNA Model
g -4+ ResRandSVM Model /
5 —%¥— GRM-RA-AML-MDS Model
< 96
/ ............. +
............. 4
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Fig 3: Image Extraction Accuracy Levels

In order to diagnose and track AML and MDS with
bone marrow samples, feature extraction is an
essential step. Cell shape, texture, and patterns are
symptomatic of disease conditions; thus, it entails
recognizing and extracting these aspects from
images. An evaluation of blast percentages, the
identification of dysplasia across different cell
lineages, and the classification of normal and
aberrant cells are all aided by accurate feature
extraction. The Feature Extraction Time Levels are
shown in Table 2 and Figure 4.

Table 2: Feature Extraction Time Levels
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Images Models Considered Table 3: Feature Selection Accuracy Levels
Consider | RATR | CLL- ResRandS GR Images Models Considered
ed - VGG1 | VM Model | M- Consider | RATR | CLL- ResRandS GR
RMG | 6- RA- ed - VGG1 | VM Model | M-
A- NNA AM RMG 6- RA-
MDS- | Model L- A- NNA AM
AML- MDS MDS- | Model L-
PSO- Mod AML- MDS
VGG1 el PSO- Mod
6 VGG1 el
Model 6
100 11.0 15.5 16.4 22.7 Model
200 11.3 15.7 16.6 22.9 100 98.3 94.2 93.9 95.1
300 11.5 15.9 16.9 23.1 200 98.5 94.4 94.0 95.2
400 11.7 16.1 17.0 23.3 300 98.6 94.6 94.2 95.4
500 11.9 16.3 17.2 23.5 400 98.8 94.8 943 95.6
600 12 16.5 17.4 237 500 99.0 95.0 94.5 95.9
600 99.3 95.2 94.7 96
Feature Extraction Time Levels
“ / Feature Selection Accuracy Levels
22
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& —o— CLLVGG16-NNA Model
14 T
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T T | ///
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Images Considered — =
Fig 4: Feature Extraction Time Levels >

One way to automate the process of diagnosis,
disease categorization, and treatment planning is to
use feature selection in MDS and AML bone
marrow data with gene analysis. By limiting the use
of predictive models to only the most pertinent and
disease-specific variables, accurate feature selection
has a direct impact on outcomes. In order to
diagnose and track AML and MDS from bone

marrow samples, precise feature selection is
essential. Reducing dimensionality, improving
model interpretability, and strengthening

classification model performance are all outcomes
of accurate feature selection, which guarantees the
identification of the most significant and distinctive
characteristics. The Table 3 and Figure 5 indicates
the Feature Selection Accuracy Levels.

300 400 500

Number of Images

100 200

Fig 5: Feature Selection Accuracy Levels

Genetic technology, computational methods, and
the disease's biological complexity all play a role in
how accurately gene alterations may be analyzed to
diagnose MDS and AML. Diagnosis, prognosis,
and tailored treatment plans rely on precise gene
mutation  identification. = Improvements  in
computational ~ techniques and  sequencing
technologies have allowed gene mutation analysis
in MDS and AML to reach very accurate levels.
Precise mutation detection enhances diagnosis,

sheds light on disease progression, helps in
outcome prediction, and allows for the
customization of customized therapy. The

Mutations of Gene Analysis Accuracy Levels are
shown in Table 4 and Figure 6.
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Table 4: Mutations Of Gene Analysis Accuracy Levels

Table 5: Vggl6 Features Processing Accuracy Levels

Images Models Considered Images Models Considered
Consider | RATR | CLL- ResRandS GR Consider | RATR | CLL- ResRandS GR
ed - VGG1 | VM Model | M- ed - VGG1 | VM Model | M-
RMG 6- RA- RMG 6- RA-
A- NNA AM A- NNA AM
MDS- | Model L- MDS- | Model L-
AML- MDS AML- MDS
PSO- Mod PSO- Mod
VGGl el VGGl el
6 6
Model Model
100 98.3 94.6 95.6 92.8 100 98.3 95.4 94.6 93.7
200 98.5 94.8 95.9 93.0 200 98.5 95.6 94.8 93.9
300 98.6 94.9 96.0 93.2 300 98.8 95.8 95.1 94.1
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By utilizing the hierarchical feature extraction
capabilities of the deep convolutional neural
network, VGGl6-based features processing for
AML/MDS bone marrow gene analysis achieves
remarkable accuracy. The VGG16 architecture,
when trained on digital bone marrow smear images,
may detect cellular morphological abnormalities
indicative of Acute Myeloid Leukemia and
Myelodysplastic Syndromes by extracting multi-
level visual cues. Using its 16 convolutional layers,
the model analyzes the images and produces feature
maps that identify cellular abnormalities suggestive
of genetic mutations, such as blast cells, dysplastic
megakaryocytes, erythroid precursors with aberrant
nuclei, and others. The Table 5 and Feature 7 shows
the VGG16 Features Processing Accuracy Levels.
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Applying the VGG16 deep learning algorithm to
analyze bone marrow genes for AML/MDS reveals
remarkable classification accuracy, with overall
accuracy rates of 94.3% in differentiating between
genetic subtypes. The typical cellular architectural
patterns associated with various genetic mutations
in AML and MDS can be efficiently identified by
the VGG16 architecture when trained on digitalized
bone marrow aspirate images paired with gene
expression profiles. The Table 6 and Figure 8
represent the Classification Accuracy Levels.
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Table 6: Classification Accuracy Levels
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4.2 Discussions

This research's findings show that MDS and AML
mutation rearrangement categorization becomes
much more accurate and reliable when PSO is
combined with a modified VGG16 architecture.
When compared to baseline VGG16, conventional
CNN models, and other current deep learning
methods, the improved model scored better metrics
across all assessment indices, including accuracy,
precision, recall, F1-score, and area under the curve
(AUC). These enhancements demonstrate how
hyperparameter modification may be used to boost
feature extraction and speed up model convergence.
The results also show that VGGI16's deep
convolutional layers were able to pick up on small
morphological differences in bone marrow smear
pictures, and that PSO helped find the best training

parameters for generalizing in difficult diagnostic
tasks.

Strong robustness and flexibility are suggested by
the model's constant performance across augmented
and noise-adjusted datasets, which is encouraging
considering the wusual differences in staining
quality, imaging equipment, and sample preparation
in real clinical contexts. The suggested method is
well-suited for implementation in healthcare
settings, particularly in cases when computational
resources are scarce, because to the decreased
training time attained by PSO. Further comparisons
with current systems show that traditional models
using unoptimized deep learning pipelines or
manual parameter adjustment perform worse than
hybrid optimization-driven frameworks.

These are encouraging findings, but there are a
number of caveats to the study that should be
considered. The first issue is that the dataset was
small and meticulously selected, so it might not
include the whole range of bone marrow
morphology in terms of demographics, illness
stages, or lab settings, even if it was. Second, the
model doesn't take into account any other
modalities like flow cytometry, cytogenetics,
whole-genome sequencing, or clinical history for
diagnosing hematological disorders; instead, it only
uses 2D smear images. External validation using
multi-institutional datasets is crucial for assessing
the generalizability of models, but it is not yet done.
This is another constraint. Clinicians also have
trouble understanding the model's decision-making
process since the present system lacks an
explainability component, which is essential for
medical practice adoption.

These restrictions can be addressed in future study
through various means. To make the dataset more
robust and accurate representation of patients
worldwide, it should be supplemented by multi-
center, multi-modality clinical samples. More
complete and clinically relevant diagnostic models
may be possible with the integration of image-
based categorization with genomic profiles,
laboratory data, and patient history. Improved
clinical confidence could result from using
explainable Al (XAI) methods like Grad-CAM or
SHAP visualizations to draw attention to the areas
of images that are most important for model
predictions. Also, to make it easier to implement in
hospitals with limited resources or on mobile
diagnostic systems, it would be worth looking into
lightweight designs or variations of the concept that
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use edge computing. Lastly, the model's
translational adoption in hematology departments
might be facilitated by validation through
prospective clinical studies, which would offer
better proof of the model's real-world diagnostic
value.

5. CONCLUSION

In order to classify mutation rearrangements linked
to MDS and AML, this study introduces an
optimized deep learning system that combines PSO
with a modified VGG16 architecture. The
experimental results show that the suggested model
outperforms conventional CNN designs and non-
optimized deep learning techniques in terms of
accuracy, resilience, and computing efficiency.
Improving diagnostic reliability, the model catches
small morphological differences in bone marrow
smear pictures through effective hyperparameter
optimization and improved feature extraction. The
robustness and practicality of the suggested method
are validated by its consistent performance across
various testing circumstances.This research has far-
reaching societal and public health implications
beyond its technical achievements. Patient survival
rates, diagnostic timeliness, and the ability to make
well-informed treatment decisions can all be greatly
enhanced with the early and precise diagnosis of
hematological illnesses. In areas with limited
resources and a lack of  competent
hematopathologists, the suggested method could
alleviate healthcare overload by decreasing reliance
on manual microscopy, which is often bound by
human competence and subjectivity. This kind of
Al-powered diagnostic tool has the potential to
speed up screenings, lower healthcare expenses
generally, and help more people gain access to
specialized medical care.This study does not even
begin to scratch the surface of the potential uses for
the suggested framework. Other hematological
disorders, solid tumor histopathology pictures, and
genomics-driven precision medicine procedures can
all benefit from the methodology's adaptability.
Radiology, dermatology, ophthalmology, and other
medical fields could benefit from intelligent
diagnostic systems built on top of optimization
algorithms and deep neural networks. Telemedicine
platforms, portable diagnostic gadgets, and Al-
assisted laboratory systems could all benefit from
this framework's real-time deployment capabilities.
A 99.2% classification accuracy, 99.4% VGG16
feature processing accuracy and 99.4% Mutations
of Gene Analysis Accuracy Levels were achieved
by the suggested PSO-VGG16 model. The results

of this study open up a number of possibilities for
further study and advancement in the future.
Improving the model's diagnostic capabilities and
increasing its generalizability can be achieved by
augmenting the dataset with multi-institutional and
multi-modal clinical samples. Saliency mapping
and Grad-CAM visualizations are interpretability
approaches that can be used to enhance therapeutic
confidence and transparency. To evaluate how well
it works in the actual world, clinical trials are
necessary for prospective validation. Additionally,
large-scale implementation in rural healthcare
systems could be achieved by the creation of
lightweight model variations that are suitable for
edge devices or mobile platforms.Ultimately, this
study contributes to the field of Al-driven
hematological diagnoses and paves the way for
more widespread improvements in society's ability
to access, afford, and receive appropriate medical
care. In order to make these breakthroughs a reality
and save lives, healthcare institutions, researchers,
and physicians must keep working together.
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