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ABSTRACT

This paper proposes advanced techniques to classify chromosomes and detect genetic syndromes. The
dataset containing chromosome images is initially preprocessed by normalizing and diversifying it to
improve quality and variability. This chromosome is classified by a hybrid deep learning model made of
the Stack-RNN and the SupEx-Enhanced AlexNet. The temporal patterns are captured by the Stack-RNN,
which handles sequential data, while on the other hand, complex features from images or genomic data are
extracted through a SupEx activation function, hence enhancing the learning process. Afterwards, these two
models’ outputs are combined in order to get a complete set of features, which can then be utilized in
classifying them. Moreover, after carrying out classification, chromosomal variations are mapped into an
ontology, with contextual information such as symptoms and diagnostic criteria added to refine genetic
syndrome detection. To ensure precise chromosomal analysis and present possible genetic disorders in
detail, similarity measures between patient data and known syndromes are computed for ranking probable
diagnoses.
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1. INTRODUCTION in such ontologies as the Human Phenotype
Ontology and Gene Ontology, which are useful
labels for physical features, roles of genes, and
relationships  with diseases [9, 10]. The
systematic representation of genetic and physical
data represented through chromosomal variations
can be deduced logically in such ontological
frameworks [11].

Genomic information is complicated,
featuring numerous variations that range from
simple copy number alterations to swapping one
letter around or having entire sections chucked
out. Because there’s so much going on in there, it
becomes difficult to correctly classify diseases
[12]. Traditional techniques simply don’t get
how this affects functionality or functional traits.
Hence, understanding how to classify diseases
and tailor treatments for individuals is difficult
[13]. However, the combination of genomic data
with biological knowledge through ontology
frameworks allows us to have a better organized
view of the relationships between genetics and
physiology [14—15]. The research fills a serious
gap in the field of chromosomal disorder
detection and classification. Although the current

With the progression of high-speed
genome mapping, there has been a rise in the
volume of biological information that
necessitates sophisticated statistical software for
interpretation [1]. Chromosomal Ontology-Based
Disease Classification utilizes both ontologies
and deep learning techniques to find the
complicated relationship between chromosomal
abnormalities and diseases [2, 3].

Genetic diversity and susceptibility to
disease rely heavily on chromosomal aberrations
such as copy number variations, point mutations,
and insertions and deletions [4]. Such
transformations can interfere with regulatory
components, genes themselves, and pathways,
which result in different kinds of diseases
ranging from inherited mutations through cancer
to other complicated multifaceted disorders [5—
71.

Hierarchical structures are created
through ontologies, which offer a means of
organizing knowledge in biology [8]. Semantic
frameworks play an important role in genomics
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methods are mostly based on deep learning, most
of the approaches do not combine biological
ontologies with computational models, which
reduces the interpretability and the diagnostic
accuracy. We suggest using Explainable
Chromosome Ontology-Driven Classification
that integrates Stack-RNN to identify temporal
patterns, SupEx-Enhanced AlexNet to extract
hierarchical features, and ontology mapping to
merge clinical and genomic context. Such a
combination does not only increase prediction
accuracy but also increases explainability which
allows clinicians to gain insight into the reasons
why a particular syndrome is observed. This
study is important to improve Al-based genomics
because such transparency is vital to
personalized medicine, early diagnosis, and
clinical decision support. And this is all the more
important as personalized medicines take off
based on people’s unique genomic make-up at
their essence level.

The study of the relationship between
changes in chromosomes and disease traits is
aidled by CODDC, leading to a better
understanding of the mechanisms that cause
diseases, possible treatments, and improved
disease management methods [16]. It also allows
for better diagnosis accuracy through
chromosomal variations as a basis for precise
categorization of diseases. Such information
empowers physicians to choose appropriately
among various treatment options and how they
may affect individual patients’ care. In addition,
CODDC enhances investigation into some
genetic indicators that relate to specific
chromosomal changes [17]. This helps in the
early identification of different diseases, the use
of targeted therapies, and the monitoring of
health responses from patients under medication.
Throughout the past few years, genomic data
analysis has seen considerable transformation
due to deep learning [18]. Specialized neural
network architectures, such as convolutional,
recurrent, and transformer-based models, are
particularly good at identifying hidden patterns
and associations in genomic sequences. These
models can identify specific chromosomal
variations that are linked to certain disease traits
[19-22]. CODDC combines ontologies and deep
learning to create models that predict disease
types. CODDC improves the understanding,
scalability, and transferability of disease
classifiers by matching genomic characteristics
with ontology terms and annotations.

The contributions are as follows:

. The approach includes comprehensive
pre-processing steps, such as normalization and
data augmentation, which enhance the quality of
input data and reduce overfitting.

o By integrating Stack-RNN and SupEx-
Enhanced AlexNet, the methodology leverages
both sequential and hierarchical feature
extraction, improving the accuracy of
chromosome classification and the identification
of abnormalities.

. The use of SupEx activation in AlexNet
enhances gradient flow and learning efficiency,
enabling the network to capture complex patterns
in image-based and structured genomic data
more effectively.

o The methodology incorporates ontology
mapping to enrich chromosomal variations with
contextual information, allowing for more
precise and informative syndrome detection
based on semantic similarity measures.

The remaining sections are structured as
follows: section 2 reviews the existing works on
disease classification; section 3 explains the
proposed methodology; section 4 gives the
experimental results and comparative analysis;
and finally, section 5 gives the conclusions of the

paper.
2. LITERATURE REVIEW

Almarzouki et al. [23] developed a method
for classifying cancer using deep learning and
gene expression data from microarrays. Their
approach involves training deep learning
algorithms to identify important features, and
then the Latent Feature Selection Technique is
used to improve classification accuracy.
Moreover, the Artificial Bee Colony technique is
employed for feature selection in bone marrow
PC gene expression data. This combination of
deep learning, feature selection, and gene
expression profiling improved the accuracy of
cancer classification models (hematological
malignancies) studied in this research.

Al-Kharraz et al. [24] proposed automating
chromosome karyotyping using deep learning.
They processed metaphase images through
multiple stages to recognize common numerical
abnormalities. In the second stage, they used a
fine-tuned VGG19 network for feature extraction
and classification with two different approaches.
The first approach adds additional fully
connected layers, and the second approach
replaces fully connected layers with a global
average pooling layer. Their system achieved
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95.04% accuracy in classifying numerical
abnormalities during this stage and reaches an
even higher accuracy of 96.67% in detecting
abnormalities overall.

Wei et al. [25] developed a deep CNN for
classifying Giemsa-staining chromosomes. It
considers input data and provides uncertainty
estimates. This approach consists of three stages:
an input-aware module, a probabilistic prediction
module, and a feature extractor module to
achieve accurate chromosome classification. The
IAPP-CNN improved the classification accuracy
by incorporating uncertainty estimates into the
model. This probabilistic approach enhanced the
reliability and interpretability of the results.
Therefore, it can be wused for medical
applications where confidence in predictions is
vital.

A recent chromosome classification
technique was developed by Wang et al. [26] that
merges a label feature vector with the Extended
ResNet model. In the beginning, they formed a
dedicated Extended ResNet architecture to derive
features from pictures of different chromosomes.
To capture their main attributes, they created one
label feature vector for each of the 24 types of
chromosomes, which would also represent all
these characteristics. This method has something
interesting about it: the label redistribution
strategy, which allows an easier and more
efficient whole classification system since it
reduces  complexity  through  judiciously
redistributing labels.

Pirmoradi et al. [27] created a self-
organizing deep auto-encoder model to quickly
find significant genetic changes and separate
samples that were either healthy or affected by
diseases. Initially, they used mean encoding to
convert SNP data into numerical forms, followed
by a two-stage filtering method for selecting
important  characteristics and  eliminating
irrelevant details from the data sets, hence
improving the model's capacity to distinguish

8517

between healthy and sick subjects. Furthermore,
their approach involved a deep auto-encoder that
learned hierarchical representations of input data,
thereby allowing it to dynamically alter its
structure so as to include the necessary elements
required for precise classification of complex
illnesses.

Using genomic data, Li et al. [28] created
an advanced deep learning strategy that can
identify healthy individuals from those that are
suffering from either Alzheimer’s illness or mild
cognitive impairment. The approach comprises
three major stages: First, they ensure the quality
and reliability of the genomic data through
rigorous quality control processes. Secondly,
DNA variations are encoded as SNPs so that
DLG can identify patterns in terms of mild
cognitive impairment (MCI) and Alzheimer’s
disease found in these datasets. In conclusion,
they applied deep learning methods, particularly
an effective ResNet framework for classifying
individuals into healthy ones versus others with
Alzheimer’s or MCI based on complex
dependencies inherent in genomic information.

3. PROPOSED METHODOLOGY

Chromosome classification and syndrome

detection are performed by the
proposedmethodology presented in Figure 1
which  entails chromosomal image pre-

processing via normalization and enhancement.
Consequently, the method utilizes a hybrid deep
learning model that employs Stack-RNN for
sequential data analysis while extracting image
features using SupEx-Enhanced AlexNet.
Subsequently, the integrated attributes aid in
identifying  chromosome irregularities. In
addition, this process involves linking the
chromosomal variants to an ontology as well as
utilizing similarity measures in order to arrange
possible syndromes hence improving diagnosis
accuracy as well as finding useful observations.
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Figure 1: Architecture Of The Proposed Methodology

3.1. Pre-processing
As such, these chromosomal images and
genetic disorder labels obtain this dataset. The
most essential part of this pre-processing stage is
ensuring that the model learns effectively from
the data so that it is able to provide accurate
outcomes. Data sets containing chromosomal
images are used here for various reasons
including genetic disorders which need to be
classified and detected.
3.1.1. Image Normalization
Chromosome images are monochrome
8-bit BMP files. In order to train better our
machine learning models, we normalize those
images by scaling their pixel intensity values [0,
1]. The normalization can be done using the
following formula:
J—
Lyorm = = (1)
o

where [ norm denotes the normalized

image, [ sifnifies the original image, &
denotes the mean of pixel values, and ¢ denotes
the standard deviation of pixel values.
3.1.2. Data Augmentation

In order to increase the reliability of the
model, we apply techniques of data
augmentation such as flipping, rotating or
slightly shifting chromosome images at random.
In addition, it can help to avoid overfitting,
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thereby improving the generalization capabilities
of the model on an unseen dataset.
3.2. Chromosome classification
Once the data is preprocessed, the model

classifies chromosomes so that any specific
abnormalities or syndromes in them can be
detected. A hybrid deep learning approach is
adopted by combining Stack-RNN and SupEx-
Enhanced AlexNet for this purpose. Eventually,
it achieves accurate identification  of
chromosomal issues or related syndromes by
amalgamating the models' two outputs, which
have their own shared features.
3.2.1. Stack-RNN

The Stack-RNN is a recurrent neural
network that employs a stack structure to
increase its retention capacities. This has the
capacity to process sequences of objects like
symptoms, diagnostic measurements, and
features measured on chromosomes over time.
These are essential for identifying trends and
associations within time series that may indicate
anatomic anomalies or some genetic disorders.

The RNN core computes the hidden

state /1; at each time step ¢ based on the
previous hidden state /,_j and current input
X, .

hy = gWyx, +Uphy_y +by,) )
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where ¢ is the activation function, and
Wy, Uy, , and by, are the weight and bias.

The stack operations are parameterized by neural
controllers that decide the push, pop, or no-pop

actions. Let u; be the control vector at time step
t.
u, =oc(W,h, +b,) 3)
Where Wu and bu are the weights and
bias of the controller.

The stack state S; at time step ¢ is updated

based on the control vector ;.

S = fstack(St—lahta”t) (4)

where  fouck  represents the stack
update function that handles push, pop, and no-
op operations based on #; .

3.2.2. SupEx-Enhanced AlexNet

AlexNet, a highly revered CNN
architecture, is known for its capability of
extracting hierarchical features from images or
structured data. With numerous convolutional
layers followed by fully connected (FC) layers, it
is able to classify data. The SupEx-Enhanced
AlexNet (Figure. 2), on the other hand, is
capable of handling image-based or structured
genomic data for meaningful feature extraction
purposes. The convolutional layers help in
recognizing patterns within  the spatial
hierarchies, while the SupEx activation function
ensures that there is effective learning and better
feature representation.

Lst conv 11%11 2nd conv 5*3 b0l 33 3rd conv 3*3
Stride=4 max pool 3%3 padding=2 ma}.;;o_q = padding=1
Kemels=96 stride=2 Kemels=256 stde=s Kemel=3t4
] [ T
[ [
—% - "
2277227 55%55 55%55 27%21 13*13 13*13
27#27*256 13*13%256 13*13*384
227*227%3 55555406 55555506
4th conv 3*3
padding=1
— T, T Kernels=384
sy | | —
e
6%6 13*13 13*13
664256 13%13%256 13*13*384
L L] B mazx pool 3*3 5th conv 3*3
g dding=1
FC3 FC7 FC6 stride=2 pac e
=25
Saftn 1000 4096 4096 Kengd=256

Figure 2: Architecture of SupEx-Enhanced AlexNet

The gradients within SupEx remain
uniform throughout the entire network, which
aids in resolving bothersome vanishing gradient
problems and enables better learning in deeper
layers. As a result of solving issues associated
with gradients, SupEx allows the model to learn
more complex structures as well as relations
from the dataset.

AlexNet consists of: In the neural
network, there are five convolutional layers
present that utilize multiple sizes of kernels
capturing features from an input image at
different levels. By using kernel sizes such as

11x11, 5x5, and 3x3 respectively, the
network is able to extract both high- and low-
level patterns from input data. As these
convolutional layers scan through the inputs
applying their filters on them, they enable local
feature  extraction and  self-complexity
improvement throughout their subsequent stages.
The convolution operation in AlexNet is defined
as:

Vij = kzl(xi+k,j+l Wi )J+b )

>
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where Xx represents the input image or
data matrix, w denotes the convolution kernel

(filter), b signifies the bias term, and Yi,j

represents the output at position (i, ]) after

applying the convolution kernel to the input.

By moving a filter over the source
material, this procedure takes hold of significant
regional facts and computes the input value’s
weighted averages, along with an additional bias
for each outcome.

SupEx Activation Function: The
SuperExponential (SupEx) activation function is
designed to improve the flow of gradients and
alleviate issues such as vanishing gradients. The
definition of the function is as follows:

—Xx

X
—e

SupEx(x) = (6)

ef+e*

This function is like the hyperbolic
tangent tanh ; however, it has different gradient
features. It aims at enhancing learning within
deeper networks through maintaining a smoother
flow of gradients.

Three Max-Pooling Layers: Max-
pooling layers downsize the feature maps by
preserving only the essential pieces that reduce
computation requirements and avoid overfitting.

Three Fully Connected (FC) Layers:
These layers take in the extracted features and
use them to categorize the input indirectly. The
last fully connected layer usually operates on a
softmax function so as to produce probabilities
for every possible class.

Feature Fusion: The outputs from
Stack-RNN and SupEx-Enhanced AlexNet are

concatenated or merged. Let fgppap be the
feature Stack-RNN
f SupEx—AlexNet be the feature vector from

vector from and

SupEx-Enhanced AlexNet. The combined feature
vector foombined ©an be represented as:

Seombined = [fSRNN’ fSupEx—AlexNetJ
(7
This concatenation combines the
temporal patterns captured by Stack-RNN with
the hierarchical features extracted by AlexNet.
Classification Layer: A classification
layer is then applied to this joint feature vector. It
is commonly structured as a completely linked
layer, followed by either a softmax or sigmoid
function.  When  performing  multi-class

classification, the softmax function is used to
determine the likelihood as given in Eqn. (8).

ezj
Py = )=~ ®
e ”
where z j denotes the score for class z e

3.3. Syndrome detection
We can incorporate additional details such
as symptoms, diagnostic tests, and disease
severity. This additional context can assist in the
enhancement of models that detect syndromes.
Thus, through the use of the ontology, we can
determine how similar the chromosomal patterns
of a patient are to the syndromes that have been
documented. Jaccard similarity is used to
compare patients’ genotypes with specific
genetic syndromes’ genotypes in the ontology.
This will enable us to select the syndromes that
are most compatible with a given patient’s
profile.
Let V = {vl,vz,...,vn} represent a
set of  chromosomal

T={t1,l‘2,...,

the chromosome ontology. A mapping function

variations and

tm}represent a set of terms in

M assigns each variation V; to a set of relevant

ontology terms 7; < 7. It can be expressed as:
M(v)=T, ©)

where Vv; €V is a chromosomal

variation. T; C T' is the set of ontology terms

relevant to V; .
Jaccard score measures how similar two

sets of ontology terms are. Let 7; and T' j be

sets of ontology terms associated with

chromosomal variations v; and v j respectively.
The Jaccard score J (Ti,T j) is calculated to
determine the similarity between 7; and T' e
sl

J(5,1;)= hor)
J

(10)

where signifies the number of terms

is

common to both sets Tz and T i

the number of terms in either set 7; or T jor

both.

8520




Journal of Theoretical and Applied Information Technology
31% October 2025. Vol.103. No.20

d

N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Using an ontology map can help explain
the logic behind recognizing syndromes. For
example, if the model detects that a person has
Down syndrome, the ontology may illustrate that
this is due to an additional chromosome 21 and
the associated attributes in the ontology, such as
particular symptoms and diagnosing methods.

Algorithm 1: Algorithm for the overall
proposed approach

1. Pre-processing.

Image Normalization

For each monochrome BMP image:

Calculate the standard deviation and mean of the
pixel values.

Normalize the pixel values to a standard range
[0, 1].

Data Augmentation

Apply augmentation techniques to the
normalized images:

Perform random rotations, flips (horizontal and
vertical), and slight translations to increase the
diversity of the training data and reduce the risk
of overfitting.

2. Chromosome Classification

Feature Extraction using Stack-RNN

For each sequence of data (such as symptoms,
diagnostic criteria):

Process the sequence through the Stack-RNN,
which uses its memory capabilities to understand
patterns and relationships over time.

The Stack-RNN handles stack operations (push,
pop, or no-op) to manage the sequence data
effectively.

Feature Extraction using SupEx-Enhanced
AlexNet

For each image:

Pass the image through a series of convolutional
layers equipped with the Superior Exponential
(SupEx) activation function, which helps to
capture detailed features and improve learning.
Use max-pooling layers to downsample and
reduce the dimensionality of the feature maps
while retaining essential information.

Flatten the output of the convolutional layers and
pass it through fully connected layers for final
feature extraction.

Feature Fusion

Combine the features extracted by the Stack-
RNN and SupEx-Enhanced AlexNet.
Concatenate the features from both models to
create a unified feature representation.
Classification Layer

Feed the combined feature representation into a
classification layer to determine the class.
Apply a classification function to output the

probabilities for each class and select the class
with the highest probability.

3. Syndrome Detection

Ontology Mapping

Map the identified chromosomal variations to
relevant terms in a pre-defined ontology.
Enrich the variations with additional context
such as symptoms and diagnostic criteria from
the ontology.

Compute Similarity

Measure the similarity between the patient’s
chromosomal variations and known syndromes
in the ontology using similarity metrics.
Calculate how closely the patient's data matches
known syndrome profiles based on the enriched
ontology terms.

Syndrome Ranking

Rank potential syndromes based on the similarity
scores.

Output Results

Provide the classification results and detected
syndrome(s).

4. SIMULATION RESULTS

The proposed method is implemented in
Python and its performance is compared with the
existing methods such as CNN [23], VGG 19
[24], IAPP-CNN [25], and SO-DAE [27].
4.1. Dataset Description
Dataset 1: Genomes And Genetics Disorder
dataset
(https://www.kaggle.com/code/brsdincer/geno
mes-and-genetics-disorder-prediction-ii/input)

This particular dataset contains gene
expression data that has been normalized from
the Cancer Genome Atlas and includes samples
from different kinds of cancers. The dataset
consists of 30 different types of cancer, each with
its own unique label, which includes different
samples with 9954 gene expression features per
sample. The ultimate aim here is to perform
accurate classification and labeling of test data
by using the provided gene expression profiles
corresponding to specific cancer types. The
challenge is utilizing the large amount of gene
expression data available to develop a model that
would differentiate between these types of
cancers, leading to more accurate diagnoses and
contributing to cancer research progress. Table 1
is shown below.

Table 1: Classes in Dataset 1

Class Disorder
Class 1 Mltoc_hondrla! genetic
inheritance disorders
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Multifactorial genetic
Class 2 . . .
inheritance disorders
Class 3 Slngle—ge.ne inheritance
diseases
Dataset 2:

(https://www.kaggle.com/datasets/aliabedima
diseh/chromosome-image-dataset-karyotype)

Various genetic disorders are correlated
with chromosome structures in specific classes
contained in this database. It comprises records
of Turner’s syndrome (class X), which refers to a
deleted or incompletely missing X chromosome;
Down’s syndrome (class 21), which has more
than one copy of chromosome 21; Edwards’
syndrome (class 18), associated with an
additional chromosome 18; and Klinefelter’s
syndrome (class Y), when males have one extra
X chromosome. Moreover, some entries are
categorized as unknown because they contain
unusual or rare cases of change in structure that
do not correspond to the best-known categories.
Table 2 is shown below.

Table 2: Classes in Dataset 2

Class Disorder

X Turner Syndrome

21 Down Syndrome
(Trisomy 21)

18 Edwards Syndrome
(Trisomy 18)

Y Klinefelter Syndrome

UNKNOWN Unusual or rare structural
abnormality

4.2. Dataset 1 Results
Table 3: Performance Analysis with Various
class in Dataset 1

. Accura |Precisio|Reca|Sensitivi |Specifici
Disorder
cy n 11 ty ty

Mitochondr
jal genetic | o5 o) | 9g 75 |984| 9345 | 99.10
inheritance 0

disorders
Multifactori
algenetic | gg g5 | 9555|9831 9835 | 99,05
inheritance 0

disorders
Single-gene 08 4
inheritance | 99.90 | 98.55 5’ 98.50 | 99.10
diseases

Dataset 1
105
- NN 23]
VGG 19 [24]
m— |APP-CNN [25]
100 mm s0-04E [27]
. Proposec

Score Value (%)

=
&

80

5

70

Sensitivity

Specificity Accuracy Precision Recall
Figure 3: Mean Comparative analysis for Dataset 1
Results shown in Figure 3 and Table 3
indicate that the proposed approach outstrips
current methods such as CNN, VGG 19, IAPP-
CNN, and SO-DAE significantly. One of its
strengths is having the highest sensitivity at 92%,
meaning it has been enhanced to correctly
identify those with chromosomal abnormalities.
Its superiority in specificity (88%) is another
factor that makes it possible to minimize
misdiagnosis by decreasing the number of false
positives. The model's accuracy, which stands at
90%, puts it ahead of all other techniques as far
as  classifying normal and  abnormal
chromosomes. Besides, this model exhibits very
impressive characteristics, including precision
(85%) and recall (88%), that suggest that the
model excels in detecting true positives while
reducing false negatives. Table 4 is shown below.
Table 4: Numerical Results for Dataset 1

_|cNN| vGa | 1app- | S0:

Metric [23]|19 [24]|CNN [25] ][)2A71]5 Proposed|
Sensitivity|96.4397.43  |96.93 97.93 [98.43
Specificity|97.08/98.08 [98.58 98.58 [99.08
Accuracy [97.89(98.89 198.39 99.39 [99.89
Precision [96.61/197.61 [97.11 98.11 [98.61
Recall 96.38/97.38 [97.88 97.88 [98.38

4.3. Dataset 2 Results
Table 5: Performance Analysis with Various Class in

Dataset 2

Accurac|Precisio [Recal|Sensitivit|Specificit

Syndrome
y n 1 y y

Tumner |99 05 | 98.10 [98.30] 9820 | 98.95
Syndrome
Down
Syndrome| o he | 9515 |98.35| 9825 | 98.99
(Trisomy
21)
Edwards | 99.10 | 98.05 [98.25] 9820 | 99.00
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Syndrome Acc;rac Prelclisio Relcal Sensyitivit Specyiﬁcit Mettic CNN| VGG | 1APP- Sg{; proposed
123119 [24]|CNN [25]
Syndrome [27]
(Trisomy Precision [96.09| 97.09 | 97.59 | 97.59 | 98.09
18) Recall [96.33] 97.33 | 97.83 | 97.83 | 98.33
Klinefelter) g9 04 | 9300 [98.40] 9830 | 98.95
Syndrome The proposed hybrid model
Unusual dramatically performs better compared to the
or rare current methods which include CNN, VGG-19,
:;;L(l)crt;ﬁt 99.03 | 98.15 98.35) 98.15 98.95 IAPP-CNN and SO-DAE in two benchmark
y datasets. On Dataset 1, the framework has an
accuracy of 99.89%, which is about 1.5% better
Sofasdt 2 than the best baseline, whereas on Dataset 2, it
e T has an accuracy of 99.06%, about 1.2% higher
e than  state-of-the-art methods.  Moreover,
- i significant  improvements in  sensitivity,
" specificity, and accuracy indicate clinical

Score Value (%)

Precision

Sensitivity Specificity Accuracy

Figure 4: Mean Comparative analysis for Dataset 2

Outcomes in Figure 4 and Table 5,
which depict improved methodology
performance when tested against Dataset 2, the
model demonstrates enhanced ability to detect
true positives with sensitivity at 98.22%, rightly
indicating it outruns CNN, VGG 19, IAPP-CNN,
and SO-DAE. By having a specificity of about
98.97%, it suggests an advanced capacity for
reducing false alarms that are pivotal in
enhancing a diagnostic accuracy level. In
addition, this guarantees general trustworthiness
by ensuring accurate data categorization and
upholding all forms of comparisons, hence
making the proportionate correctness at 99.06%.
Besides, precision (98.09%) and recall (98.33%)
metrics confirm that, as long as this model is
concerned, its performance may remain
uninterrupted while identifying and classifying
true positive cases. Table 6 is shown below.

Table 6: Numerical Results for Dataset 2

SO-
. |CNN| VGG | IAPP-

Metric [23]|19 [24]|CNN [25] ][)2A71]5 Proposed|
Sensitivity[96.22| 97.22 | 97.72 | 97.72 | 98.22
Specificity|96.97| 97.97 | 98.47 | 98.77 | 98.97
Accuracy [97.06] 98.06 | 98.56 | 98.96 | 99.06

Recall

reliability of the model, which minimizes false
negativity and increases the early detection.

The insights show that the application
of semantic ontologies to deep learning
facilitates the proposed model to bridge the gap
between raw genomic data and clinical
interpretation. The results indicate that the
methodology can  greatly improve the
interpretability of predictions with the help of
ontology-based syndrome mapping, minimize
the possibility of misdiagnosis with the help of
similarity-based syndrome ranking, and speed up
the development of precision medicine by
allowing tailoring treatment plans to identified
chromosomal changes. On the whole, this
integration creates a new paradigm of genomic
Al, integrating the biological knowledge
representation and high-performing hybrid
neural networks, thus opening the path to more
transparent, explainable, and clinically relevant
diagnostic systems.

The suggested framework is successfully
implemented into different real-life scenarios to
improve the diagnostic accuracy and promote
precision medicine. It automate chromosome
karyotyping in clinical genetic testing
laboratories to minimize human error and
enhance efficiency, and help clinicians in
hospitals and diagnostic centers to properly
diagnose syndromes like Down, Edwards,
Klinefelter and Turner. It also facilitates
personalized medicine platforms with individual
treatment suggestions founded on recognized
chromosomal variations and permits genomic
research facilities to perform extensive research
on infrequent abnormalities and enhances the
annotation of genetic disorder databases.
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5. CONCLUSIONS

This reserach introduced a new hybrid
model, combining SupEx-Enhanced AlexNet,
Stack-RNN, and chromosome ontology mapping
to explainable syndrome identification. The
methodology establishes a new standard in the
field of classifying diseases based on
chromosomes as it allows making transparent
Al-based diagnoses and facilitates the planning
of individual treatment. Combined with the latest
deep learning methods, it increases the accuracy,
reliability and the capacity to detect intricate
genomic associations. The suggested technique
reveals a strong way of differentiating among
chromosomes and realizing syndromes through
the use of advanced deep learning methods that
improve reliability and accuracy. This hybrid
model integrates a Stack-RNN that manages
time-series data with an AlexNet enhanced by
SupEx for extracting patterns from genomic
information. The implementation of the Superior
Exponential activation function has resulted in
better gradient flow, allowing deeper networks to
learn more complex relationships among the
variables. This makes it perform better in
different genetic disorders albeit there are
limitations such as its sensitivity towards data
quality and high computational demands, which
limit its application in resource-constrained
settings. Whether this model will generalize even
to rare syndromes still requires testing. Future
research should aim at improving computational
efficiency, increasing datasets, and combining
different data sources to ensure high accuracy
and robustness levels. Moreover, integrating
explainable AI methods can add transparency
that fosters trust in clinical applications.
Although the suggested framework is highly
accurate and clinically applicable, it has some
limitations, including high computational cost,
small sizes of annotated datasets, and has not
been validated on rare chromosomal disorders.
Also, the coverage of ontology should be
extended to enhance the generalizability and
wider clinical applicability. In the future, the
emphasis of future research will be on increasing
scalability by increasing dataset sizes on
different populations and incorporating multi-
omics data into more comprehensive diagnoses.
The application of explainable Al and federated
learning systems will enhance interpretability,
security, and collaborative analysis. Also, the
ontology can be expanded to include ultra-rare

chromosomal disorders to increase syndrome
detection and clinical applicability.
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