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Abstract: Genetic disorders affect millions worldwide, posing major
challenges for accurate diagnosis and effective treatments. New
developments in genomic technologies, especially Next-Generation
Sequencing (NGS), have enhanced the classification of genetic modification
and improved diagnostic abilities. Moreover, the Machine Learning (ML)
and Deep Learning (DL) methods emerged as efficient tools for evaluating
the intricate genomic data and determining the patterns, which can be
generally complex to identify by employing conventional analytical
techniques. Additionally, the Explainable Artificial Intelligence (XAl) has
developed as a significant constituent in the analysis of genomic data by
enhancing the interpretability of DL methods and showing the contribution

Email: bhuvanakce2021@gmail.com of main genetic features involved in the detection of genetic disorders. This

study presents an Explainability-Aware Heterogeneous Temporal Graph
Transformer for Automated Genetic Disorder Detection (XHTGT-AGDD)
approach. The primary objective of the proposed model is to improve the
reliability and accuracy of genetic disorder detection from genomic data by
integrating advanced techniques. Initially, preprocessing is performed using
quantile transformation to normalize the input data for robust analysis.
Following preprocessing, feature selection is performed using the fire hawk
optimizer to identify the most informative feature subsets from the genomic
data. Besides, the classification task is accomplished using a heterogeneous
temporal graph transformer, which captures complex relationships and
temporal dependencies among genomic features. To further refine the
learning process, hippopotamus optimization algorithm is employed for
model optimization. In addition, an explainability mechanism based on
SHAP is incorporated to interpret the model predictions and highlight the
individual genetic features toward the final decision. The experimental result
analysis of the XHTGT-AGDD model is performed using a benchmark
dataset. The simulation results reported the enhanced results of the XHTGT-
AGDD technigue in terms of several measures, achieving an accuracy of
99.12%. Therefore, the proposed model provides reliable and effective
performance for automated genetic disorder detection from genomic data.

Keywords: Genetic Disorder, Genomic Data Analysis, Feature Selection,
Heterogeneous Temporal Graph Transformer, Explainable Artificial
Intelligence

genome comprises the genetic information, any
modifications in the genome may cause variations in the
structural or functional characteristics of an organism
(Srinivas et al., 2025). As functional units comprised of

Introduction

Genetic disorders stem from DNA sequence
alterations or structural chromosomal damage. Since the
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DNA, genes can lead to hereditary diseases when their
sequence is mutated. The genome data holds significant
information and medical indicators, which are employed
for analyzing the genetic disorders (Gélin et al., 2026).
Numerous genetic disorders, namely single gene
inheritance  disorders, chromosomal disorders, and
complex disorders, have been analyzed corresponding with
the structures of DNA (Raj et al., 2025). The single gene
disorder results from a structural change in a single gene.
While, chromosomal aberrations, namely extra, missing, or
rearranged segments, lead to genetic disorders. The next
type of complex disease has been triggered by a multigenic
alterations (Xue et al., 2026). With the fast development of
advanced biomedical technologies, massive amounts of
biomedical information are produced that contain medical
images, genomic sequences, disease-based SNPs, and gene
expression profiles (Shahid et al., 2026). This data offers a
great, useful possibility to comprehend the disease
mechanisms and increase the disease diagnosis and
treatments at the molecular level. Various categories of
biomedical data give disease-based information through
different biological and medical conditions (Kirchhoff et al.,
2025). Thus, numerous computational techniques are
established for analyzing and extracting useful information
from biomedical data.

Recently, the usage of Machine Learning (ML) and
Deep Learning (DL)-driven methodologies has offered a
remarkable achievement in various domains, such as
automation, prediction, medicine, prognosis, and more.
These methods have been trained using better-quality
previous data (Guo et al., 2025). The ML or DL methods
determine the patterns or correlations in the data to create
the prediction results. The DL methods, especially Neural
Networks (NNs) with numerous Hidden Layers (HLs), are
proficient in learning intricate and higher-dimensional data
models (Minten et al., 2025). The aforementioned systems
provide automatic predictions and execute assistive parts
for medical specialists, thereby highlighting the sensitivity
and significance of these tasks. The selection of ML and
DL methods is reliant on the form of real-time complex.
These approaches are a huge diversity of possible
applications in the bioinformatics domain (Jurgens et al.,
2025). The rapid development of biological data increases
the complexity of data management. The ML and DL
methods have been implemented for making predictive
decisions, which depend on great gene sequences, and to
handle the large-scale biological information (Raji et al.,
2025). Several biological fields are presently utilizing such
techniques for feature engineering. The applications
comprise  evaluations of  X-rays, genome-wide
relationships, prediction of enzyme functions and protein
functions, and so on.

Novelty and Contributions
Many Machine Learning (ML) and Deep Learning

(DL) methods have been proposed for genetic disorder
prediction, most current works focus on conventional
neural networks, ensemble learning or homogeneous
graph-based architectures which cannot fully account for
the complex interactions between genomic attributes.
Moreover, there has been little focus on incorporating
explainability and optimization components into a single
system for trustworthy clinical decision making.

In order to address these issues, this study introduces
the Explainability-Aware Heterogeneous Temporal
Graph Transformer for Automated Genetic Disorder
Detection (XHTGT-AGDD). The suggested framework
integrates feature normalization, metaheuristic feature
selection, heterogeneous graph-based representation
learning, parameter optimization, and XAl within one
framework. The following are the key contributions of
this work:

e Employ Fire Hawk Optimizer (FHO) for feature
selection, identifying the most informative feature
subsets from genomic data

e Introduce a Heterogencous Temporal Graph
Transformer (HTGT) model, which enables the
model to effectively learn structured patterns
present within genomic data and improves the
accuracy of disorder classification

e Integrate the Hippopotamus Optimization (HO) for
model optimization and parameter tuning, resulting
in improved classification performance

Related Studies on Genetic Disorder Detection

This section presents a brief synthesis of the literature
concerning the genetic disorder detection. Puvaneswari
and Indirani (2026) developed a deep Feature Selection
(FS) mechanism for genetic disorder detection by using
the convolutional autoencoder and metaheuristic
optimization technique, aiming to design a precise DNA-
enabled genetic disorder detection scheme employing
innovative methods for earlier and dependable disease
diagnosis. Shahin et al. (2025) aimed to develop a
computational gene system, with a specific focus on
Autosomal Recessive (AR) diseases. The model intended
to design a hybrid Convolutional Neural Network-Gated
Recurrent Unit (CNN-GRU) architecture, particularly
established for identifying the genetic diseases
widespread in Saudi Arabia. Keerthana and Mahesh
(2025) developed current developments in ML-based
prediction models of genetic disorders. This can be
highlighted by the standard ML methods, the FS
approaches, the DL framework, and the multi-omics data
integration methods. In addition, the complexities
relevant to computational resource necessities, data
imbalance, ethical concerns, and model interpretability
have been considered. This study demonstrates that ML-
based genomic prediction has enormous potential for
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advanced healthcare. Chen et al. (2025a) implemented the
medical applications of Al based analytics in leveraging
tailored information for autoimmune rheumatic diseases.
By using the synergistic method of incorporating Al over
different data sets, the medical experts have gained
comprehensive views of patient health and possible risks.
The ML methods are used to identify the higher-risk
patients, predict disease activities, and enhance
therapeutic approaches, which can depend on medical,
immunological, and genomic profiles.

Gwak et al. (2024) inspected the pervasiveness of
genetic variations and the number of alternative
myocardiopathies in patients with suspected HCM in
Korea, and compared the results of HCM with respect to
the existing sarcomere gene mutation. The genetic
analysis has been executed by employing a next-
generation sequencing panel. Olivucci et al. (2024)
examined the LRS application for diagnosing the
morphological forms variations and replication of this
growths, possibly due to the identification methods have
not progressed as quickly as those devoted to Single
Nucleotide Variants (SNV) analysis: Benchmark methods
are microarrays and karyotyping for unbalanced and
balanced chromosome mutations for the strengthening
and sizing of extended alleles, influenced by restricted
resolutions and sensitivity that the development of NGS
cannot majorly increase. Alzahrani and Alharithi (2024)
developed an innovative approach that utilizes the
Random Forest (RF) data Whole-Genome Sequencing
(WGS) and evaluation to address these limits. The WGS
offers an all-inclusive genetic profile of patients, thus
gaining an extensive range of genetic mutations. With the
help of the RF technique, it surpasses in managing the
difficult datasets and identifying the non-linear
interactions. This aforementioned method is aimed at
uncovering complex relationships among gene variations
and rare genetic diseases.

Proposed Model Architecture

This study introduces the XHTGT-AGDD model, a
structured approach for identifying and classifying
genetic diseases from genomic datasets. The process
begins with data preprocessing using quantile
normalization to enhance input quality. Next, the Fire
Hawk Optimizer (FHO) is employed to select the most
relevant, high-impact features. Following this feature
selection, the Heterogeneous Temporal Graph
Transformer (HTGT) model is applied for precise
classification. The model then optimizes hyperparameter
settings using the Hippopotamus Optimization (HO)
algorithm, significantly improving model stability and
performance. Lastly, SHAP technique are incorporated to
ensure transparency and provide detailed breakdown of
the diagnostic rationale. Fig. 1 demonstrates the overall
workflow of the proposed approach.

Genomic Data Pre-Processing

The genomic dataset is pre-processed using Quantile
Transformation (QT). The QT process includes ranking
the features of every sample through the magnitude,
computing the average values for features, gaining the
same rank, and then replacing the values of the entire
features that are occupied with these average values (Zhao
et al., 2020). The following stage is to rearrange the
features of every instance in their unique sequences. This
sequences of stages are represented by the QT and permits
the alteration of the dataset into a uniform distribution
over the instances. Among the QT approaches, the “All”
approaches normalize the data as the comprehensive types
of irrespective of class factors, in which whole instances
have been altered to keep a common feature distribution.
This method supports decreasing the chances that are
affected by variances in feature measurements
throughout the analysis. The “Class-specific” technique
is separated into the dataset with respect to the class
labels, where every individual subset of the class is QT
self-reliantly. By wusing such measures, the QT
efficiently minimizes distributional differences among
samples and stabilizes the data, thus increasing the
learning ability of the classification method for the
identification of genetic disorders:

X={x;}i=12..,nj=12.,m (1)

Here, the parameter n indicates the no. of instances,
and m represents the no. of attributes in the genetic
dataset.

Metaheuristic Based Feature Selection

Relevant genomic features are selected using the FHO

algorithm for identifying the most informative feature
subsets. FHO is an innovative optimization model
intended to tackle intricate, non-convex, and non-linear
optimization issues (Moghaddam et al., 2025). Motivated
by the usual behavior of fire hawks, while they carry
burning sticks to unburnt regions, causes prey to arise that
they search for a unique strategy that permits the FHO to
excel in surroundings necessitating adaptable hunting
mechanisms and stochastic movement to discover large
solution areas. The primary phase in the FHO comprises
an arbitrary position inside the searching area, where the
location of every fire hawk X;; can be specified:
Xy =rand x (U; —L;) + L;,j =1,2,..,D (2
Now, rand indicates an arbitrary number, and L; and
U; depict the low and up bounds of the searching domain.
Once the initial location can be determined, every solution
X can be assessed, and the finest solution, X;, can be
recognized depending on fitness criteria originating from
every flame:
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Fig. 1: Overall workflow of the proposed approach

D =G —x)%+ (2 —y1)%1=12,..,m 3)

The location of FH has been upgraded depending on
the finest solution and arbitrary movement parameters:

FH(t+1) =FH,t) + (ry XX, — 12 X FH,(1)),l =
12,..,1n 4)

Now, FH,(t) depicts the preceding location of Fire
Hawk’s, r; and r, refer to random values induced by the
magnitude of movement:

.
_ Si-1PRg

SP, -

,q=12,..,151=12,..,n (5)

The movement of prey is upgraded:

PR,(t+1) = PRy(t) + (r3 X FH, — 1, X SB(D)), | =
1,2,..,mq=12,..,7 (6)

The fire hawks endure to search by altering their
location, whereas prey continuously upgrade their
position:

=Tl = 12,.m @)
Afterwards, the prey also upgraded its location:

PRy (t+1) = PRy(t) + (rs X FH, — 14 X SP(t)),1 =
1,2,.,m,9g=12,..,7 (8)

To optimize feature selection, the proposed Fitness
Function (FF) balances higher classification effectiveness
with a minimal feature subset, described by Eq. (9):
Fitness = ayr(D) + [)’% 9)

Now, yr(D) defines the misclassification rate of the
given model. |R| means chosen subset cardinality, and
|C| indicates complete feature counts; a and 8 are 2 are
metrics linking subset size to predictive performance.

Deep Graph Transformer Classification

The Heterogeneous Temporal Graph Transformer
(HTGT) is chosen because of its ability to model both
long-range context and heterogeneous feature
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interactions. The recurrent models like LSTM and GRU
mainly focus on capturing the sequential dependencies
while traditional CNN-based approaches are more
concerned with local feature extraction. In the same way,
traditional graph neural networks like GraphSAGE and
GCN integrate neighborhood information but struggle to
effectively capture various types of features and long-
range interactions. HTGT, on the other hand, integrates
the graph representation learning with the transformer
self-attention mechanisms. The use of a heterogeneous
graph structure allows the effective modelling of different
kinds of feature relationships, and the attention
mechanism models local and global dependencies among
the genomic attributes. As a result, HTGT is more
expressive in terms of feature representations and more
powerful in terms of classification than traditional graph-
based and sequence-based approaches. The selected
features are classified using an HTGT architecture to
capture complex relationships among genomic features.
Graph Embedding Layer: The conventional
transformer architecture is extremely efficient to handle
the sequential and structural biological data;
consequently, the preliminary stage is used to change
from the genetic data under the graph representation to a
proper input representation (Wang, 2025). Present Graph
Transformers directly employ the entire graph for
producing input sequences. Although the large-scale type
of genetic feature graphs creates this method
inappropriate, as the wide-ranging feature correlations
and node interconnection marginalize the local-view
architecture of nodes and determine the higher
computational expenses. In the graph embedding layer,
especially the genetic feature at the node form v, the
graph convolution-based aggregation to separately
integrate the various categories under every data sample
as multi-perspective lower-views of structural data. This
method must be represented as given below:
Hfy = AtHye o (10)
Here, the mathematical term Hf, represents the
adjacent relation r, feature node type v with instance
index t, Nf(-) means node type under relation r with
respect to instance index t, A% remains the normalization
of the adjacency matrix according to the relation r. In
conclusion, after that integrating entire forms of neighbors
distinctly, and gathered a lower-views structural data and
and genetic feature representation (input sequence) for the
Transformer {H{ .|r € R(v),t € T}U {HE|t € T}, Now,
the parameter R (v) indicates the sets of relationships with
v and target node types, T represents the correct of data
samples. It can be decreased the input sequences, length
of the transformer from the overall numbers of nodes
(VD to (T - |T,|). Here, the mathematical term T, is the
set of node categories.

Hetero-Temporal Encoder: The transformer model
only gains the feature-based resemblance among the
nodes; it is prone to variable feature disseminations in
genetic disorder datasets. Motivated by original
transformers that utilize the positional encoders for
correcting the attention biases influenced through
comparative positions for improving the Self-Attention
Mechanism (SAM). The hetero-temporal encoder is
developed for genetic feature graphs. In a specified node
type v, primarily design the representation of the node
type that comprises descriptive encoding of feature
categories. The embeddings are gained from this
procedure and indicate the semantic feature node types,
and then enable the extraction of heterogeneous data using
the genetic feature interrelations. The temporal encoding
is used as a positional representation mechanism to
maintain a sense of ordering in the feature representations
produced in the construction of the graph. This positional
encoding, combined with the sinusoidal features, helps to
add context to the information, allowing the transformer
to capture the relationships between features in the
learned graph representation. This method must be
expressed by:

Prompt(v) = {Introduction to type v; Instruction.}, (11)
HEM = LLM(Prompt(v)),¥v € Ty, (12)

Here, the parameter HLX™indicates the type encoding
vector of type v amplified by semantic features.
For sequential structures of feature representations, the
integration of time-dependent sinusoidal functions for
encoding the sequential positional information into the
HLMyector as given below:

¢« (sin(t/10000%/%) if i =2k
pi = 2i/d Lo (13)
cos(t/10000%¢) ifi=2k+1
HP = ||y (HE™Me +pD), (14)

Whereas the mathematical form d indicates the
dimension of the vector, i refers to the index of elements,

and HESp't)represents the spatio-temporal encoder process
of feature node type v with respect to instance index t. Fig.
2 shows the architecture of the Heterogeneous Temporal
Graph Transformer (HTGT) model.

Then, the concatenation of the spatio-temporal

encoding HESp't)With the genetic feature representations
HY in accordance with the type and index as given below:

Zt = concat(HE, HEPY (15)

In conclusion, the original input sequence can be
enhanced for successive processing and derived by:
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Fig. 2: Architecture of the HTGT model

Z={Z{pr) |TERW),teT}U{Z |t €T} (16)

Spatio-Temporal Attention: This model is developed
to combine the feature interaction data to predict the class
representations of genetic disorders. With the usage of the
hetero-temporal encoder to accurately estimate the bias of
feature-based attention in diverse genetic feature graphs,
various forms of nodes should be exchanged in the
training samples. Precisely, the specified target node v,
the dot-product attention mechanism (AM) from the
conventional transformer, as represented by using these
mathematical forms:

Q = WoZy, K = WeZ,V = Wy Z, (17)
AR Softmax%V, (18)

Here, the mathematical terms Wy, WQ, W, describe
trainable samples, Z, = [Z1, ..., ZT] indicate improved

target feature representations, and Z,, = [Z£T+1), .y Z2T]

refer to predictable feature representations employed for
classifying the genetic disorder. Lastly, it is flattened and
mapped for the genetic disorder prediction layer by
employing the linear layer.

Model Parameter Tuning

The model parameters are optimized using the HO
algorithm to enhance the classification performance. The
HO model is motivated by the behavior of
hippopotamuses (Chen et al., 2025b).

Initialization: Alike a conventional swarm intelligence
optimizer model, the initialization procedure of this
methodology is:

Xij=Y;+r(Yy; - Y,;)i=12,..N;j=12,..M (19)

Now M indicates decision variable counts for the
problem, N reflects the demographic size, and j denotes
the existing decision variable, and X;; indicates the
candidate position. Y, ; and Y, ; refer to the lower and
upper limits, and r depicts an arbitrary number.

Position Update of Hippos: The population of hippo
comprises adult females, juvenile hippos, various adult
male hippos, and a prevailing male hippo:

Xf,djhippo — Xi,j + r(XDhippo _ 11Xi,j)i =12, ___%'j —
1,2,..M (20)
(Lxr+(~ PN
2X1r,—1
S=<r13 (21)
L X+ (~ p2)
Ts J

Now, ijh‘pp" marks where the top-performing hippo
is located in this round, Xﬁdjm”p” depicts the position of
male hippo, I, I, refers to integer with the range of [1, 2],
S represents 5 arbitrarily chosen scenarios, ~ p;, ~ p,
indicates either 0 or 1, chosen arbitrarily, rs depicts a
randomly generated number and r; ~ r, refers to an
arbitrary vector in range of [0,1]:

T exp (— Tm:x) (22)
X'F"Bhippo _ {Xi,j + Sl(XDhippo — IzhL)T > 06} (23)
v 7 else

LJ

X; i+ S,(h; — XPMPPO)p, > 0.5
7= irj 2( i ) 6 (24)
Y +17(Yy; — Vi j)else

Now, t denotes the existing iteration number,
T max indicates the maximal iteration number, and T is the
count of remaining iterations. h; represents the average

location of some randomly chosen hippos, X;7"*P° refers
to the position of an immature hippo, S;, S, refers to the
state of 5 randomly chosen scenarios, Z represents the
status, and r, denotes an arbitrary number. The position

upgrade equation for female, immature, or male hippos:

Mhippo Mhippo .

Xi= {? " else< Fl} (25)
i
FBhippo FBhippo .

Xi= {? " else ) Fl} (26)
i

Now, F"PPo indicates male hippo’s objective value,
FBhiPpo denotes the target function outcome for non-
dominant or young hippos, and F; depicts the value of the
objective function.

3353



Puvaneswari Subramaniapillai et al. / Journal of Computer Science 2026, 22 (11): 3348.3360

DOI: 10.3844/jcssp.2026.3348.3360

Exploration Phase: Owing to their huge size, can
effectually preclude predators from approaching. Still,
young, curious hippo leave the bloat:

XjPredator =Y, + TS(Yu,j — Yl,j)j =12..M 27)

X (28)

Now, D indicates the gap separating the hippo from its
threat, and 7y indicates an arbitrary vector. FjP redator

depicts the target value of the hippo in the defense
exploration stage:

RL @XPredator + l FP"redatar < F
XHippaR _ c— dxcos(Znﬁ) D (29)
2 - Predator L3 1

RL® X] +

— Predator __
D=

FPredatar > F
c—dxcos(2mp) 2xD+1y J

Where @ indicates the result of the XOR operation,
and X;;PP° depicts the position of the hippo facing the
predator. The Levy distribution is described:

Levy (9) = 0.05 X a;X;"’ (30)
u
a+o)sin(22)|°
o, = r(i+ )sm;zl) (31)
F#ﬁxz 2

Now, ¥ indicates a constant equal to 1.5, I' indicates
the Gamma function, w and u refer to arbitrary numbers
in the interval of [0,1], and a,, depicts the Levy step size:

{Xiﬂippo;e FiHiPPOR< Fi]
Xi =

Xi FiHippoR > Fi (32)

Eqg. (28) indicates the last location of hippo at that

phase, and F""P°" depicts the target value of hippo at the

last place. While F/""P*° > F;, it indicates that the hippo
was killed and substltuted by another hippopotamus.

Exploitation Phase: While challenged by many
predators or unsuccessful defense endeavors against
them:

qucal — h
LJ t _

ylo'cal Yuj t=1.2, ""Tmax (33)
u,j -

t

XIHJLPPOS _ Xl] + rlo[yllocal + K(Ylif}cal

=) (34)

Where Y%, Y/'2°% depict the upper and lower limits

of the existing safer place, XH”"”""g refers to hippo’s

position for neighboring secure Iocation, K denotes an
arbitrarily chosen value from 3 scenarios, and ry, indicates
a randomly generated number in the interval of [0,1]:

2Xr—1
= { T12 } (35)

T3

Now, 7y, indicates a value generated from a
distribution, r;5 denotes a uniformly distributed random
real number, and ry; indicates a random vector in the
range of [0,1]:

i,j L A
X; FiHippos = F (36)

Hippoe Hippoe
X = {X. i F} <F,

Now F/"P°¢ indicates the objective value.

The fitness choice is a significant factor manipulating
the performance of the HO model. The algorithm includes
a mechanism for encoding parameter sets to measure the
fitness of candidate solution during optimization. The HO
algorithm utilizes precision as the key standard for the FF
design, expressed as follows:

Fitness = max (P) (37)
TP
= TPiFp (38)

Here, TP and FP denote the true and the false positive
values.

SHAP-driven Model Explanation

The SHAP technique is used for interpreting the model
predictions and analyzing the contribution of individual
genomic features. SHAP is a game-theoretic method utilized
for explaining the outcome of the DL techniques by
assigning all features a significant value for providing a
prediction to take the average marginal contribution (Park
et al., 2026). The method assesses each possible integration
of features by considering the inclusion and exclusion of a
specific feature in the process of prediction and measures
how the technique's outcome changes. Shapley values,
originally developed in cooperative game theory, are
employed for determining the contribution of all participants
in the coalition game. This approach assesses a player’s
varied impact by qauntifying their marginal contribution.
Afterward, the average of the distinct contributions has been
calculated, as shown in Eq. (39) as follows:

(@i(f,x") = Tsen *(fisuay — fis)] (39)

Here, M indicates the total number of features, and the
summation is performed over all possible subsets Sthat do
not include feature i. The function f implies the prediction
model evaluated through the feature subset S. However, the
exact computation of Shapley values is computationally
expensive as it necessitates evaluating the contribution of a
feature across numerous feature combinations.

ISt (m— ISI DI

Results and Performance Analysis

The performance of the proposed model is assessed
through experimental analysis using the Predict the
genetic disorders dataset (Kaggle, 2026). Genetic
disorders are caused by DNA mutations or chromosomal
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changes. Many common diseases are hereditary, and
genetic testing helps in prevention, early detection, and
treatment. With population growth, the incidence of these
disorders is increasing, partly owing to low awareness of
genetic testing. Testing during pregnancy is crucial. Out
of 43 features, 24 have been selected. The dataset contains
18962 records under four classes as exposed in Table 1.
There are three main categories of genetic disorders: those
of Mitochondrial Genetic Inheritance (MIGID), those of
Single Gene Inheritance (SGID), and those of
Multifactorial Genetic Inheritance (MUGID). The data set
was split into a training set and a test set in the ratio of 7:3.
About 70% of the samples were used to train the model
and the other 30% to test the model independently.

Python is used to implement the proposed XHTGT -
AGDD framework and run it on a workstation with GPU
acceleration. The Adam optimization algorithm was
used in the training process to update the weights and the
Hippopotamus Optimization algorithm was used for the
tuning process. Model was trained for 100 epochs to
ensure convergence and stable learning with an
appropriate batch size. Tables 2 and 3, shows
hyperparameter  configuration and computational
environment settings.

The selected hyperparameter configuration was
determined through iterative optimization using the HO
algorithm to maximize classification performance.

Fig. 3 presents the classifier results of the XHTGT-
AGDD technique at 70% TRAP and 30% TESP. Figs. 3a-3b
show the confusion matrix with proficient classification of
each class. Fig. 3c displays the PR analysis, indicating

I 6000

5000

Training Phase (70%)

MIGID

maximum performance across all classes. Lastly, Fig. 3d
illustrates the ROC investigation, demonstrating proficient
results with optimal ROC values for different classes.

Table 1: Dataset details
Class Labels  Description No. of Samples
“Mitochondrial genetic

MIGID inheritance disorders” 9686

“SGID” “Single-gene inheritance 7991
diseases
“MUGID” f‘MulFifactorigl genet’i,c 1985
inheritance disorders
Total No. of Samples 18962
Table 2: Hyperparameter configuration
Hyperparameter Value
Learning rate 0.001
Batch size 32
Epochs 100
Hidden dimension 128
Transformer layers 4
Attention heads 8
Dropout rate 0.20
Optimizer Adam
Activation function RelLU
Table 3: Computational environment

Component Specification
Processor Intel Core i7
RAM 16 GB
GPU NVIDIA RTX Series
Programming language Python
Deep learning framework TensorFlow/PyTorch
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Fig. 3: Classifiers result of the XHTGT-AGDD approach with (a-b) Confusion matrices and (c-d) PR/ROC curves
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Table 4 and Fig. 4 signify the genetic disease detection
results of the XHTGT-AGDD approach on 70:30. The
outcome indicated that the XHTGT-AGDD system
accurately categorized the samples. On 70% TRAP, the
XHTGT-AGDD method achieves average value with
accur, of 99.12%, preci, of 97.85%, recal, of 97.98%,
Freasure 0197.92% and MCC of 97.21%, correspondingly.
For the meantime, on 30% TESP, the XHTGT-AGDD
system attains average value with accur, of 99.00%,

preci, of 97.82%, recal; of 97.55%, F,,.qsure OF 97.68%
and MCC of 96.90%, correspondingly.

Figure 5 displays the training (TRAING) and
validation (VALIDN) Accur, curves of the XHTGT-
AGDD method. TRAING Accur, constant rise and
achieves a higher level, demonstrating efficient
convergence and learning. The VALIDN Accur, closely
followed the training tendency with a smaller and steady
gap, signifying better generalizes and reduces overfitting.

Table 4: Genetic diseases detection result of the XHTGT-AGDD method with 70:30

1. Class Labels 2. Accury 3. Precin 4. Recal; 5. Fmeasure 6. MCC
7. TRAP (70%)
8. MIGID 9. 99.02 10. 99.21 11. 98.89 12. 99.05 13. 98.04
14. SGID 15. 99.21 16. 98.81 17. 99.14 18. 98.97 19. 98.33
20. MUGID 21. 99.13 22. 9555 23. 9590 24. 9573 25. 9524
26. Average 27. 99.12 28. 97.85 29. 97.98 30. 97.92 31. 9721
32. TESP (30%)
33. MIGID 34. 98.96 35. 99.16 36. 98.78 37. 98.97 38. 97.93
39. SGID 40. 99.12 41. 9841 42. 99.31 43. 98.86 44, 98.15
45. MUGID 46. 98.93 47. 95.89 48. 94.55 49. 9522 50. 94.61
51. Average 52. 99.00 53. 97.82 54. 9755 55. 97.68 56. 96.90
Training and Validation Loss

@ Training Phase (70%) ® Testing Phase (30%)

0.35 1+ —— Training

—— Validation

0.30 -

0.25 1
9 4 0.20
;’ -
g 0.15
£
[ 0.18
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0.85
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Fig. 4: Average value of the XHTGT-AGDD method with 70:30

Training and Validation Accuracy

—— Training
p.9s| —— Validation

Accuracy

Epochs

Fig. 5: Accur, curve of the XHTGT-AGDD technique

Epochs

Fig. 6: Loss curve of the XHTGT-AGDD system

Figure 6 shows the TRAING and VALIDN loss curves
of the XHTGT-AGDD model. Both losses decline rapidly in
the early epochs, implying fast learning, and then
progressively reduced in a steady and smooth manner,
reflecting efficient convergence. The near alignment
between TRAING and VALIDN loss, with only a lower
constant gap, indicates lower overfitting and robust
generalizes capacity. Since the proposed XHTGT-AGDD
framework has high classification accuracy, it is necessary to
assess the potential overfitting. The training and validation
accuracy curves shown in Fig. 5 demonstrate similar
behaviour during training and only a small difference is seen
between the training and validation curves. Similarly, the
learning curve and validation curve (shown in Fig. 6) indicate
a stable convergence process with no major divergence.

The convergence characteristics of the proposed
model can be seen from the training curve and validation
curve. As the number of epochs increases, the accuracy of
the training steadily rises, contributing to learning
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discriminative patterns from genomic information. At the
same time, the accuracy of the validation follows very
closely the accuracy obtained on the training set,
indicating good generalisation.

The superior performance of the XHTGT-AGDD
method is highlighted through a brief comparison
presented in Fig. 7. The result indicated that the RNN
Method and Ensemble Learning-GWO model has
exhibited the least performance, whereas CNN-MGP
approach, SVM Classifier, LSTM-RNN model, DT

Accuracy
105

Values (%)
2 A = b4
“,
Rl —
N —
27}

Values (%)
a4 8 &7 &8 5
—
T —
%:F

2 & $ & & P
FFT T F T I T TS &S
S s N - & N » & a8 >
SO0 S S WO S
AT & o oS "*sﬂ}éo
EEA & »z?v K <
N
&
Recall
120
100
_ w0
3
8 e
E
s
-
20
o
o &N * S > 0 DO}
S FEFTFTF T TS &S
ST IS Ry
FaNSE o@ TS ?&ééc’
& ¥ < & .z?v \Fé R

Values (%)
s 8 & & 8
gl —
IV ——
| —1

system, KNN algorithm, ANN classifier, AdaBoost
system, and EfficientNet model have performed slightly
the highest results. Moreover, the CNN-GRU and
HDLMOA-DGD techniques have reported reasonable
and closer results. At last, the proposed XHTGT-AGDD
method has revealed maximal performance with accur,
of 99.12%, preci, of 97.85%, recal, of 97.98%,
and Feqsure 0F 97.92%.

Figure 8 represent the Computation Time (CT) of the
XHTGT-AGDD methods with other methodologies.

Precision
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Fig. 7: Comparison result of the XHTGT-AGDD method with various measures
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Fig. 8: Computation of the XHTGT-AGDD technique

Based on CT, the proposed XHTGT-AGDD model
has achieved lesser time with CT value of 2.95s, while the
other models such as CNN-MGP algorithm, SVM
Classifier, RNN Method, LSTM-RNN system, CNN-
GRU classifier, DT model, KNN algorithm, HDLMOA-
DGD approach, ANN system, AdaBoost method,
Ensemble Learning-GWO model, and EfficientNet
technique have achieved higher time with CT of 14.10s,
8.47s, 24.04s, 11.89s, 11.96s, 14.43s, 19.26s, 6.38s,
12.99s, 13.09s, 10.65s, and 11.76s, correspondingly. The
detailed results and discussion confirm that the XHTGT-
AGDD model outperforms all other models.

Figure 9 depicts SHAP values to explain how various
features influence the predictive methods for 3 classes. It
emphasizes the most significant features impacting all
classes, with “Disorder Subclass” constantly being the
high contribution.
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Fig. 9: SHAP based global feature importance and local explanation plots demonstrating the influence of features on the model

predictions for class 0, class 1, and class 2

They display how differing feature values either
decrease or increase the probability of a specific class
prediction. Features include symptoms, blood cell counts,
and inherited components also played important role but
vary through classes. The visualization provides insight
into that features the method based on most, helping
interpretable and trust in its decisions.

Clinical Interpretation of SHAP Analysis

The SHAP analysis is useful to gain insight into factors
that influence the model's predictions. Disorder Subclass has
the greatest average contribution across all of the prediction
categories, suggesting that this feature has the greatest
discriminative power, being able to distinguish the different
types of genetic disorder well. Other parental age attributes
also have high contribution to prediction results, especially
maternal and paternal age. The results are consistent with
medical observations indicating that there are relationships
between parental age and the presence of some inherited and
chromosomal abnormalities.

Conclusion

In this manuscript, the novel XHTGT-AGDD
methodology has been presented for improving the
reliability and precision of genetic disorder detection from

genomic data by leveraging state-of-the-art methods.
Primarily, quantile transformation is used to normalize the
input data for effective analysis. Following preprocessing,
feature selection was performed, and the most relevant
feature subsets were identified from the genomic data
using the FHO algorithm. The classification process
utilized an HTGT architecture, which efficiently mapped
intricate genomic relationships and their temporal
dependencies. Moreover, the HO algorithm is
implemented to refine model performance. Moreover, this
study employed SHAP analysis to render the model
transparent by quantifying the contribution of each
genetic feature to the final prediction. The experimental
result analysis of the XHTGT-AGDD model was
conducted using a benchmark dataset. Improved
performance of the XHTGT-AGDD model in terms of
various metrics was reported by the simulation results
with accuracy of 99.12%. Thus, reliable and effective
performance for automatic genetic disorder detection
from genomic data was provided by the proposed model.
The proposed XHTGT-AGDD framework shows good
performance, but there are some limitations. Firstly, the
experimental evaluation was carried out with a public
benchmark set and further testing with other independent,
external sets could enhance the assessment of
generalization.  Second, transformer-based  Graph
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Architectures are more resource intensive than traditional
machine learning models. Third, the current framework is
based on structured, genomic and clinical features instead
of sequencing data. Future research could include the
expansion of the proposed framework to large scale
genomic sequencing data sets, multi-center clinical trials,
and clinical decision support systems.

Availability of Data and Materials

The data that support the findings of this study are
openly available in [Predict the genetic disorders dataset-
of genomes] at
[https://www.kaggle.com/datasets/aibuzz/predict-the-
genetic-disorders-datasetof-genomes].
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