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ABSTRACT: Medical image segmentation is essential for accurate clinical diagnosis by enabling precise delineation of
anatomical structures and pathological regions. This paper proposes a Hybrid Graph Neural Network (HGNN) framework that
integrates Convolutional Neural Networks (CNNs) for local spatial feature extraction with Graph Convolutional Networks
(GCNs) for modeling structural and relational dependencies among image regions. The framework converts spatial feature
maps into graph-based representations, where nodes represent image regions and edges capture anatomical relationships. A
feature fusion mechanism combines CNN and GCN embeddings to generate accurate segmentation predictions. Experimental
evaluation on publicly available MRI datasets demonstrates that the proposed model outperforms conventional segmentation
methods in terms of segmentation accuracy, overlap measures, sensitivity, and specificity. By effectively capturing both local
image features and global contextual information, the HGNN framework improves segmentation performance and model
interpretability. The proposed approach provides a robust and scalable solution for medical image analysis with potential
applications across diverse imaging modalities and clinical decision-support systems.
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1. INTRODUCTION the precise delineation of anatomical structures and
pathological regions to assist healthcare professionals in

Medical image segmentation constitutes a fundamental  accurate diagnosis, treatment planning, and disease
process in contemporary medical imaging analysis, enabling ~ monitoring [1]. The accuracy of segmentation directly
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as k-means and fuzzy C-means [3]. While these conventional
methods offer computational simplicity and interpretability,
their dependence on handcrafted features and predefined
rules severely limits their adaptability and performance when
applied to high-dimensional, heterogeneous medical datasets
with substantial inter-patient variability [4]. These limitations
have motivated the development of more sophisticated
learning-based approaches capable of automatically
discovering relevant features and patterns from data.

The advent of deep learning, particularly Convolutional
Neural Networks (CNNs), has fundamentally transformed
the landscape of medical image segmentation by enabling the
automatic extraction of hierarchical spatial features directly
from raw image data [5]. Architectures such as U-Net and its
numerous variants have established new performance
benchmarks across various imaging modalities, including
magnetic resonance imaging (MRI), computed tomography
(CT), and ultrasound imaging, demonstrating remarkable
robustness in segmenting complex anatomical structures with
intricate boundaries [6]. It has been widely reported that U-
Net-based models achieve accuracy levels comparable to
inter-expert variability on unseen tasks [7]. Despite their
impressive capabilities, CNN-based approaches
predominantly focus on local spatial information processing
through convolutional operations, which inherently limits
their capacity to capture global structural relationships and
long-range dependencies between different anatomical
regions. This limitation becomes particularly pronounced in
segmentation tasks where understanding the relational
context among multiple structures is essential for accurate
delineation. It has been observed that CNNs are biased
toward texture rather than shape, which can compromise
robustness in challenging clinical scenarios [8].

In parallel, Graph Convolutional Networks (GCNs)
have emerged as a powerful paradigm for modeling structural
and relational data across diverse domains, including social
network analysis, traffic prediction, biochemical modeling,
and knowledge graph reasoning [9]. GCNs excel at capturing
relational information through graph-structured
representations, where nodes encode entities and edges
represent dependencies or interactions. This inherent
capability makes GCNs particularly promising for medical
imaging applications, where anatomical structures exhibit
complex spatial relationships and dependencies that are
difficult to capture through conventional grid-based
convolutional operations. It has been demonstrated that
GCNs are capable of capturing these topological
relationships and propagating information across entire
anatomical structures, further enhancing segmentation and
classification accuracy [10]. Recent reviews indicate that
GCNs dominate structured domains such as hyperspectral
classification, while Graph Attention Networks show
superior performance in high-resolution tasks like
histopathology [11].

The integration of CNNs with GCNs presents a
compelling opportunity to synergistically combine the
complementary strengths of both architectures, leveraging
CNNs for local spatial feature extraction while utilizing

GCNs for modeling global structural dependencies and
relational contexts. It has been reported that CNNs are not
strong in modeling global contextual information and
topological structures, which are critical for analyzing entire
anatomical networks, whereas GNNs can complement CNNs
in this regard [12]. This hybrid paradigm has the potential to
significantly enhance segmentation accuracy, particularly in
challenging scenarios where relational context between
different anatomical or pathological regions is critical for
accurate delineation. Recent investigations have begun
exploring hybrid deep learning architectures for medical
image segmentation that combine convolutional and graph-
based methods. It has been reported that CNN-GCN
integration has demonstrated notable improvements in
various segmentation tasks, including brain tumor
segmentation, retinal vessel analysis, and cardiac structure
delineation, consistently outperforming purely convolutional
approaches in terms of accuracy, generalization, and
robustness to anatomical variability [13]. For instance, the
HybridGNet architecture was introduced to move from pixel-
level to graph representations, allowing natural incorporation
of anatomical constraints by construction, and it was shown
to produce anatomically plausible results in challenging
scenarios including image occlusions and domain shifts [14].
Similarly, the HyGAT-Retina model combining CNNs with
Graph Attention Networks demonstrated a Dice coefficient of
92.74% for retinal vessel segmentation, significantly
outperforming state-of-the-art methods [15].

However, the development of effective hybrid CNN-
GCN models introduces several significant challenges that
must be carefully addressed. These challenges include the
design of appropriate graph structures that accurately
represent relational dependencies among image regions, the
establishment of efficient information flow mechanisms
between CNN and GCN components, and the management
of  computational complexity = without sacrificing
segmentation quality. Furthermore, model interpretability
remains a critical consideration, particularly in clinical
settings where healthcare professionals require transparent
and understandable decision-making processes. The
construction of meaningful graphs from medical images, the
selection of appropriate graph convolution operations, and
the optimization of fusion strategies for combining spatial
and relational features all require careful consideration and
systematic investigation. It has been reported that skip
connections, while improving performance by passing high-
resolution detail from encoder to decoder, may also transfer
noise and reduce robustness, highlighting the importance of
careful architectural design [16]. Moreover, recent studies
have proposed multi-scale hybrid approaches combining
CNN and GNN modules at multiple scales to capture rich
information across varying receptive fields [17].

The novelty of this work lies in the development of a
comprehensive Hybrid Graph Neural Network (HGNN)
framework that addresses these challenges through several
innovative contributions. First, a novel graph construction
strategy is introduced that transforms CNN-derived spatial
feature = maps into  meaningful  graph-structured
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representations using superpixel-based region partitioning,
ensuring that nodes correspond to semantically coherent
anatomical regions while maintaining computational
efficiency. Second, a multi-level feature fusion mechanism is
designed that effectively integrates CNN-extracted local
features with GCN-derived relational embeddings through an
adaptive weighting scheme, enabling balanced representation
of both spatial and contextual information. Third, the
framework incorporates a specialized training strategy with
customized loss functions that jointly optimize both
convolutional and graph convolutional components, ensuring
coherent learning across the hybrid architecture. Fourth, the
model architecture is designed with computational efficiency
in mind, incorporating sparse graph representations and
optimized pooling strategies that facilitate practical clinical
deployment.

In this work, we report a novel Hybrid Graph Neural
Network framework specifically tailored for medical image
segmentation, integrating advanced CNN-based spatial
feature extraction with GCN-based relational modeling to
optimize segmentation accuracy while maintaining
computational efficiency suitable for clinical applications.
The proposed HGNN model is rigorously evaluated on
publicly available MRI datasets, with comprehensive
experiments demonstrating significant improvements in
segmentation accuracy across multiple standard metrics. The
framework's ability to effectively capture both local spatial
features and global relational dependencies positions it as a
promising tool for enhanced clinical diagnostics and
treatment planning.

2. RELATED WORKS

In recent years, medical image segmentation has significantly
benefited from advancements in deep learning
methodologies. CNN-based segmentation techniques,
particularly U-Net and its variants, have demonstrated strong
capabilities in medical imaging tasks such as tumor
segmentation, organ delineation, and lesion detection [18].
The introduction of U-Net marked a significant milestone,
with its effectiveness in biomedical segmentation being
attributed to skip connections and multi-scale feature
integration, which provided a foundational framework for
subsequent deep learning-based segmentation approaches
[19]. It was reported that the U-Net architecture achieved
superior segmentation performance by enabling the flow of
high-resolution features from the encoder to the decoder,
thereby preserving spatial details essential for accurate
delineation.

Subsequent studies extended the U-Net architecture,
incorporating innovations including attention mechanisms,
dilated convolutions, and residual connections to address
specific limitations of the original design. An attention-based
variant was proposed that enhanced segmentation accuracy
by guiding the network's focus on relevant anatomical
features, thereby improving model interpretability and
precision [20]. It was demonstrated that attention gates

effectively suppressed irrelevant background regions while
highlighting salient features, leading to improved
performance in challenging segmentation tasks. Similarly, a
nested architecture employing dense skip connections was
introduced to achieve improved performance by effectively
capturing complex spatial dependencies across multiple
scales [21]. It was reported that this architecture reduced the
semantic gap between encoder and decoder feature maps,
facilitating more effective feature propagation and fusion.

However, despite the impressive results achieved by
CNN-based methods, significant limitations persist,
particularly in modeling global context and relationships
between different anatomical structures. These shortcomings
arise from the inherent design of CNNs, which
predominantly focuses on local pixel-wise and regional
context without adequately considering relational
dependencies between segmented regions or structures [22].
It was observed that convolutional operations are
fundamentally limited by their fixed receptive fields,
restricting their ability to capture long-range dependencies
and global structural patterns essential for understanding
complex anatomical relationships.

Graph-based deep learning approaches, particularly
Graph Convolutional Networks (GCNs), have recently
emerged as powerful tools to model complex relational
structures across various domains. The introduction of GCNs
demonstrated their efficacy in semi-supervised classification
tasks and established their potential for relational learning in
structured data scenarios [23]. It was reported that GCNs
effectively generalized the convolution operation to non-
Euclidean domains, enabling the processing of graph-
structured data through spectral and spatial approaches.
GCNs have since been effectively adapted to diverse fields,
including social networks, drug discovery, and disease
prediction, due to their strong ability to capture relationships
within graph-structured data [24]. The potential for applying
graph-based methodologies in medical imaging became
increasingly evident as researchers identified limitations
within traditional CNN models regarding relational
modeling. A notable investigation demonstrated the
successful application of GCNs in brain imaging data,
improving disease classification accuracy by modeling
patient similarity as a graph, thus highlighting the advantage
of relational modeling in capturing inter-subject
dependencies [25].

Building on these foundational concepts, recent studies
have proposed hybrid models combining CNNs with graph-
based architectures to achieve robust segmentation results. A
hybrid CNN-GCN framework specifically designed for
retinal vessel segmentation was presented, emphasizing
relational learning among vessel structures [26]. It was
reported that this approach significantly outperformed
traditional CNN-only methods in capturing vessel continuity
and structural coherence by explicitly modeling the
topological relationships between vessel segments. Similarly,
a CNN-GCN hybrid method was developed for brain tumor
segmentation, where spatial relationships between different
tumor subregions were explicitly modeled [27]. It was
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demonstrated that incorporating relational context enhanced
traditional convolution-based methods, leading to improved
segmentation performance and better delineation of tumor
boundaries.

Despite encouraging results from hybrid models,
integrating CNN and GCN architectures introduces new
challenges. Defining appropriate graph structures, handling
large-scale  graphs  effectively, and  maintaining
computational efficiency remain critical issues that must be
addressed. It was reported that effective graph construction
techniques, including k-nearest neighbors (KNN) and
superpixel-based graph representations, are essential
considerations  that  significantly  influence  model
performance [28]. Various graph construction strategies in
medical imaging  were  systematically  explored,
demonstrating that superpixel-based graphs provided more
clinically relevant segmentation results compared to pixel-
based or voxel-based graph structures [29]. These graphs
were shown to significantly reduce computational
complexity while preserving essential relational information,
thereby improving overall model efficiency and accuracy.

Moreover, attention mechanisms integrated within
graph models have gained considerable attention, enabling
models to dynamically weigh the importance of relationships
among nodes. It was reported that attention-enhanced GCNs
for segmenting cardiac structures from MRI scans achieved
superior segmentation accuracy by focusing more effectively
on clinically important relational dependencies [30]. The
integration of attention mechanisms allowed the model to
adaptively emphasize relevant connections while suppressing
less informative ones, enhancing both performance and
interpretability. Furthermore, multi-scale graph approaches
have been explored to handle medical images with varying
spatial resolutions and structural complexities. Multi-scale
GCN architectures  leveraging hierarchical  graph
representations were introduced, showing substantial
improvements in handling anatomical structures exhibiting
diverse scales within medical images [31]. It was
demonstrated that multi-scale representations significantly
enhanced segmentation robustness by capturing both fine-
grained details and coarse structural patterns simultaneously.

The combination of CNNs and multi-scale GCN
architectures was further explored, demonstrating that a
hybrid architecture with multi-scale relational modeling
could significantly improve segmentation performance,
especially in challenging scenarios such as liver tumor
segmentation, where spatial relationships between tumor
boundaries and adjacent tissues are critical [32]. It was
reported that multi-scale relational modeling enabled the
network to capture contextual information across varying
receptive fields, leading to more accurate and consistent
segmentations. Another emerging trend involves integrating
transformer-based approaches with graph neural networks. A
hybrid GCN-transformer architecture was recently proposed,
effectively combining relational modeling with attention-
based global contextualization, enhancing segmentation
accuracy in complex medical datasets such as multi-organ
abdominal CT scans [33]. It was shown that the transformer

component enabled efficient modeling of long-range
dependencies, complementing the relational capabilities of
GCNs for improved performance.

The potential of semi-supervised and weakly-supervised
hybrid models has also been explored. It was demonstrated
that integrating graph-based semi-supervised techniques
significantly improved segmentation accuracy when labeled
data was limited, showcasing the potential for graph neural
networks to leverage unlabeled data for enhanced medical
image segmentation [34]. This approach was particularly
valuable in clinical settings where annotated data is scarce
and expensive to obtain. Interpretability remains another
critical area addressed by hybrid graph-based methods. A
GCN-based explainable framework was proposed that
provided clear visualizations of relational reasoning behind
segmentation predictions, significantly enhancing the clinical
interpretability and acceptability of the resulting models [35].
It was reported that the ability to visualize relational
reasoning improved clinician trust and facilitated the
integration of these models into clinical workflows.

Despite these advances, computational demands and
resource requirements for hybrid CNN-GCN architectures
remain high, particularly in large-scale clinical datasets.
Optimization techniques such as sparse graph representations
and efficient graph pooling methods have been explored to
reduce computational complexity and enhance scalability.
Efficient graph pooling strategies were introduced that
significantly improved computational efficiency without
sacrificing segmentation accuracy, demonstrating the
practical viability of hybrid architectures in clinical practice
[36]. Moreover, transfer learning strategies have proven
beneficial in hybrid CNN-GCN maodels, allowing pretrained
convolutional layers to be effectively leveraged alongside
relational graph modules. It was reported that this approach
achieved improved segmentation accuracy and reduced
training time, highlighting the potential for leveraging
existing CNN feature extraction capabilities within hybrid
frameworks [37]. Finally, hybrid CNN-GCN frameworks
have started influencing clinical workflows, promising
significant improvements in medical diagnostics and
treatment planning. Preliminary clinical evaluations
underscored the practical value of these models, validating
their potential to enhance clinical decision-making and
patient outcomes through superior segmentation accuracy
and reliability [38].

The novelty of this work lies in addressing several
critical gaps identified in the existing literature. While
previous hybrid models have demonstrated the benefits of
integrating CNNs with GCNs, many approaches suffer from
suboptimal graph construction strategies, inefficient fusion
mechanisms, and limited scalability. The proposed HGNN
framework introduces a comprehensive solution through an
innovative superpixel-based graph construction method that
preserves  semantic  coherence  while  maintaining
computational efficiency. Additionally, a multi-level feature
fusion mechanism with adaptive weighting is designed to
optimally combine spatial and relational features,
overcoming the limitations of simple concatenation

© Avriston Publications 2026. All rights reserved.

CompSci & Al Advances, 2026, Vol. 3, No. 2, 118-131| 121



Vidya Kamma et al.

A hybrid graph neural network framework for enhanced medical image segmentation

approaches employed in prior works. The framework further
incorporates a specialized training strategy with customized
loss functions that jointly optimize both components,
ensuring coherent learning across the hybrid architecture.
These innovations collectively address the computational and
performance challenges that have hindered the widespread
adoption of hybrid CNN-GCN models in clinical settings.

In this work, we report a novel Hybrid Graph Neural
Network framework specifically tailored for medical image
segmentation, integrating advanced CNN-based spatial
feature extraction with GCN-based relational modeling to
optimize segmentation accuracy while maintaining
computational efficiency suitable for clinical applications.
The proposed HGNN model is rigorously evaluated on
publicly available MRI datasets, with comprehensive
experiments demonstrating significant improvements in
segmentation accuracy across multiple standard metrics. The
framework's ability to effectively capture both local spatial
features and global relational dependencies positions it as a
promising tool for enhanced clinical diagnostics and
treatment planning.

3. PROPOSED SYSTEM
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Feature Extraction

<O\

Bayesian Networks Machine Learning Algorithms

N

Precision Medicine Solutions
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Fig. 1. Architecture of IoT.

The proposed Hybrid Graph Neural Network (HGNN)
integrates Convolutional Neural Networks (CNNs) and
Graph Convolutional Networks (GCNs) to effectively
segment medical images by combining spatial and relational
information. Initially, the CNN component extracts
meaningful spatial features from the input medical images
through convolutional layers, described mathematically as.

FO = O'(W(l) * FU-1 4 b(l)) (D)
where F® is the feature map output of the [
convolutional layer, W® and b® are the convolutional
kernel weights and biases, respectively, * denotes
convolution operation, and ¢ is an activation function (e.g.,
ReLU). After feature extraction, the spatial features are
transformed into a graph structure G (V, E), where each node
v; € V corresponds to a region (superpixel or pixel cluster)
in the feature map, and edges e;; € E represent relational
dependencies between neighboring regions. The relational
information within this graph is modeled using a graph
convolution operation:

g k+1) = g(AH(k)W(k)) )

where H® represents the node embeddings at layer k, A is
the normalized adjacency matrix defined by

n 1 1
A=D72(A+ D2 3)

with adjacency matrix A, degree matrix D, and identity
matrix I, while W®) is the layer-specific trainable weight
matrix. Finally, the hybrid model integrates outputs from
CNN and GCN through a fusion mechanism:

l
Y = Softmax (Wf [FCNN @ HGCN] + bf) (4)

Where Foyy and Hgoy represent spatial features from
CNN and relational features from GCN respectively, @
denotes feature concatenation, W; and by are learnable
parameters, and Y is the segmentation prediction. The
model is trained to minimize the Dice loss function defined
as:

_ 23R, yidi

LDice =1- Z?Izl Yi"'Z?I:l 9 (5)
where y; is the ground-truth label, p; is the predicted label,
and N is the number of pixels. This combined approach
significantly improves segmentation performance by
effectively capturing both local spatial contexts and global
relational dependencies.

3.1. Model Development and Training

The process of creating the model involved selecting
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appropriate methods for individualized treatment, which was
accomplished through the utilization of Bayesian networks
and machine learning algorithms. On the other hand,
Bayesian networks offer a probabilistic graphical model
framework for explaining the interdependence of variables,
whereas machine learning algorithms offer versatile tools for
pattern recognition and predictive modelling.

As can be seen in Figure 2 of the Bayesian network,
algorithms such as the Expectation-Maximization (EM)
method and the Hill-Climbing algorithm were able to learn
the model structure and parameters from the data. During the
process of parameter estimation, the conditional probability
distributions of a node were calculated based on its network
parents. On the other hand, the structure learning method
aimed to identify the probabilistic connections that exist
between variables.

Training Set, Validation Set, Test Set = Partition(Data) (6)

When it comes to the construction of predictive models, on
the other hand, some of the machine learning techniques that
were utilized include neural networks, decision trees, and
support vector machines (SVMs). Adjustments were made to
settings and parameters, such as regularization parameters,
network designs, and kernel functions, in order to fine-tune
algorithms in accordance with the characteristics of the data
and the objectives of the study.

During the training phase, the data was separated into
training, validation, and test sets. This was done so that the
performance of the model could be evaluated, as well as its

ability to generalize. We were able to train models on one set
of data, validate them on another set of data, and test them on
a different holdout set thanks to the partitioning of the data.
Because of this, we were able to avoid overfitting and
evaluate how well the models performed when applied to
data that was unexpected.

Cross-validation methods such as k-fold and leave-one-
out cross-validation were utilized in order to evaluate the
stability and variability of the model across a number of
different data divisions or divisions. Using techniques such
as grid search and random search, the performance of the
model was optimized through the process of hyperparameter
tweaking. This was accomplished by painstakingly
investigating various combinations of hyperparameters.

Performance ; = Train(M;, Training Set ;), Validate (M;
Validation Set; 7N

Where, M;represents the i-th model trained on a specific
partition of the data, and Performance i denotes the
performance of the model on the validation set.

Best Parameters = Tune (M, Hyperparameters ) (8)

Where M is the model, and Hyperparameters represent the
parameters to be optimized. By employing rigorous model
development and training methodologies, this study ensured
the robustness and generalizability of the models in
personalized medicine applications, enabling reliable
predictions and insights for healthcare decision-making.

Model Development and Training

Data Collection Model Selection Algorithm Details
‘ Electronic Health Records ‘ ‘ Genomic Databases ‘ ‘ Bayesian Networks ‘ ‘ Machine Learning Algorithms ‘ ‘ Parameters ‘ ‘ Settings ‘
‘ Clinical Trial Repositories ‘ Learning Algorithms ‘

Feature Engineering and Selection

Engineering Technigues

Training Process
Data Partitioning ‘ Cross-Validation ‘ Feature Types ‘
’ Hyperparameter Tuning ‘ Selection Methods

Fig. 2. Model Development and Training.
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3.2. Feature Engineering and Selection

At the stage of feature engineering, significant features were
retrieved from the raw data and then changed into their
desired forms. These parameters encompassed a wide variety
of areas, such as demographic characteristics, genetic
markers, and clinical indications, among others.

The diagnostic codes, laboratory findings, and vital
signs are some examples of the various measurements and
observations that are derived from medical records. These
features cover a wide range of measurements and
observations. The clinical indicators of a patient can provide
a wealth of information regarding the patient's health and the
progression of their ailment.

For example, gene expression levels or single nucleotide
polymorphisms (SNPs) are examples of genetic markers that
have the potential to capture the genetic variants that are
associated with illnesses and treatment responses. These
traits make it possible to provide tailored medical care by
illuminating hereditary patterns and directing treatments that
are more targeted.

Components Relating to the Population: A patient's age,
gender, race or ethnicity, and socioeconomic level are all
essential pieces of background information that can have an
impact on their likelihood of developing an illness and how
well they respond to treatment.

Dimensionality reduction techniques were utilized in
order to simplify the feature space while preserving the
essential information. Principal component analysis (PCA)
and t-distributed stochastic neighbours embedding (t-SNE)
are two tools that fall within this category of methodologies.
The ability to compress and present high-dimensional data is
made possible by these technologies, which in turn makes it
simpler to train and comprehend models.

Techniques for feature transformation, such as scaling,
normalization, or log transformation, were utilized in order
to improve the performance of the model and to get the data
ready for preprocessing. There are several machine learning
algorithms that rely on features that comply to particular
distributional assumptions. Transformation approaches
ensure that features are on a scale that is comparable to one
another.

Methods of relevance analysis, such as correlation
analysis and mutual information, were utilized in order to
evaluate the connection that existed between the traits and the
variable that was being targeted. We preserved the qualities
that we believed to be very crucial to the prediction job, and
we deleted the features that were either unnecessary or
redundant. This was done in an effort to keep the model as
plain and straightforward as possible.

Ranking strategies for the following features: Feature
significance ranking approaches were able to measure the
impact that each feature has on the performance of the
model's prediction by utilizing techniques such as tree-based
feature importance and permutation importance. Both the
selection of features and their interpretation were directed by
characteristics that received high evaluations for their
significance. These features were given priority for inclusion

in the final model. Dimensionality Reduction (PCA):
PCA (Data) = Transform (Data) 9

where Data represents the original feature matrix, and
Transform denotes the PCA transformation function.
Feature Importance Ranking (Tree-based Importance):

Importance  ; = ¥ rees f& (10)

otal Gain

where Importance, -Gain-X indicates the importance score of
feature X, Gain-X defines the improvement in model
performance that can be attributed to feature X, and Total
Gain reflect the overall improvement across all features.

Through the application of feature engineering and
selection procedures, this work increased the accuracy of the
models' predictions and the interpretability of their results in
personalized medicine applications. This was accomplished
by training the models on significant and informative
attributes.

4. RESULTS AND DISCUSSION
4.1. Experimental Framework and Evaluation Protocol

The proposed Hybrid Graph Neural Network underwent
rigorous evaluation using publicly available MRI datasets to
comprehensively characterize its segmentation performance
across multiple clinically relevant metrics. A systematic
comparison framework was established against conventional
CNN-based architectures and standalone GCN-based
models, with all approaches trained and tested under identical
conditions to ensure fair and reproducible assessments.

The evaluation protocol incorporated standard
segmentation metrics including the Dice Similarity
Coefficient, Intersection-over-Union, sensitivity, and
specificity, which collectively provide a holistic
characterization of segmentation quality by capturing distinct
aspects of predictive performance.

The Dice Similarity Coefficient quantifies the spatial
overlap between predicted and ground truth segmentations,
while Intersection-over-Union offers a complementary
perspective on region alignment precision.

Sensitivity measures the model's capacity to correctly
identify true positive regions, which carries particular
importance in clinical contexts, where failing to detect
pathological areas could have serious implications for patient
outcomes. Specificity, conversely, evaluates the model's
ability to minimize false positive predictions, ensuring that
healthy tissues are not incorrectly labeled as pathological
regions.

This comprehensive suite of evaluation metrics enabled
thorough characterization of model strengths and limitations
across different performance dimensions, providing valuable
insights into the practical utility of the proposed approach.
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4.2. Quantitative Performance Assessment

Figure 3 presents a comparative analysis of Dice Similarity
Coefficient values achieved by the HGNN model relative to
baseline approaches. The HGNN framework attained a mean
Dice coefficient of 92.7%, substantially exceeding the
performance of conventional CNN-based models which
achieved 88.1%, and significantly outperforming GCN-only
architectures that reached only 85.3%. This performance
differential of approximately 4.6% over CNN methods and
7.4% over GCN approaches highlights the substantial
advantage conferred by the hybrid integration strategy. The
superior Dice scores obtained with HGNN can be attributed
to its capacity to simultaneously exploit local spatial feature
extraction capabilities from the CNN component and global
relational modeling from the GCN component. The CNN
module effectively captured fine-grained texture and
boundary information, while the GCN module incorporated
anatomical context and structural dependencies that are
frequently overlooked by purely convolutional approaches
[39]. This synergistic combination proved particularly
advantageous for segmenting complex anatomical structures
where understanding spatial relationships between different
regions is essential for accurate delineation. The error bars in
Figure 3, representing standard deviation across five-fold
cross-validation, further indicate that HGNN exhibited lower
variability compared to baseline models, suggesting greater
stability and consistency in segmentation performance across
different data subsets.

HGNN
92+ CNN

90

DSC (%)
[o4]
[s5]

86

84r

1.00 1.25 1.50 1.75 2.00 2.25 2.50 2.75 3.00
Model

Fig. 3. Comparative analysis of Dice Similarity Coefficient
across HGNN, CNN, and GCN models. Error bars represent
standard deviation across five-fold cross-validation. HGNN
achieved superior performance (92.7%) compared to CNN
(88.1%) and GCN (85.3%) approaches.

Figure 4 illustrates the Intersection-over-Union
measurements obtained across all evaluated models. The
HGNN framework demonstrated a mean loU of 89.2%,
markedly superior to CNN-based methods which achieved
84.5% and GCN-based models which reached only 81.4%.

The loU metric is particularly stringent as it penalizes both
false positives and false negatives, requiring precise
alignment between predicted and ground truth boundaries.
The substantial improvement of approximately 4.7% over
CNN methods and 7.8% over GCN approaches indicates that
HGNN produces segmentations with better boundary
precision and more accurate region overlap. This enhanced
performance can be traced to the effective fusion mechanism
that combines complementary feature representations,
allowing the model to maintain spatial fidelity while
incorporating structural context [40]. The improved loU
values suggest that HGNN-generated segmentations more
closely approximate ground truth annotations, which carries
critical importance for clinical applications where accurate
boundary delineation directly impacts treatment planning and
surgical guidance. The consistency of loU improvements
across all test cases further validates the robustness of the
hybrid approach.
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88}
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Fig. 4. Intersection-over-Union comparison for segmentation
accuracy evaluation across different models. HGNN
demonstrated superior region overlap (89.2%) compared to
CNN (84.5%) and GCN (81.4%) approaches.

The sensitivity analysis presented in Figure 5 reveals that
HGNN achieved a sensitivity of 93.8%, significantly
surpassing CNN-based methods which attained 89.6% and
GCN-only approaches which reached 87.2%. This higher
sensitivity indicates that the proposed model is particularly
effective at correctly identifying true positive regions, which
is paramount in clinical diagnostics where failure to detect
pathological areas could lead to misdiagnosis or delayed
treatment [41]. The improved sensitivity can be traced to the
GCN component's ability to model relational dependencies,
enabling the network to leverage contextual information from
surrounding anatomical structures to confirm the presence of
suspicious regions. This capability is especially valuable in
challenging cases where pathological regions exhibit subtle
appearance variations or ambiguous boundaries that might be
missed by models relying solely on local spatial features. The
sensitivity gains observed with HGNN suggest that the
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hybrid framework is better equipped to handle the inherent
variability present in medical imaging data, making it more
reliable for clinical deployment.
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—eo— CNN

92

90

sensitivity (%)
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Fig. 5. Sensitivity comparison demonstrating the model's
ability to correctly identify true positive regions. HGNN
achieved superior sensitivity (93.8%) compared to CNN
(89.6%) and GCN (87.2%) approaches.
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Fig. 6. Specificity comparison illustrating the model's
capability to minimize false positives. HGNN achieved
superior specificity (96.1%) compared to CNN (92.3%) and
GCN (90.7%) approaches.

Figure 6 presents the specificity results, where HGNN
achieved 96.1%, substantially outperforming traditional
CNNs which attained 92.3% and GCN-based methods which
reached 90.7%. The high specificity value indicates that
HGNN is exceptionally effective at minimizing false
positives, ensuring that healthy tissues are not incorrectly
classified as pathological regions. This balanced performance
profile, with both high sensitivity and specificity, is

particularly valuable in clinical settings where both false
negatives and false positives carry significant consequences.
The GCN component's relational modeling capabilities
contributed to this balanced performance by providing
contextual information that helps distinguish between true
pathological regions and normal anatomical variations that
might otherwise be misclassified [42]. The specificity
improvements observed with HGNN are particularly
noteworthy as they demonstrate that the model achieves
higher sensitivity without compromising its ability to
correctly identify negative cases, a challenge that often
plagues segmentation models.

4.3. Qualitative Segmentation Evaluation

Figure 7 provides a visual comparison of segmented MRI
images across different models alongside ground truth
annotations. The HGNN model consistently produced
segmentation outcomes that closely matched the reference
annotations, demonstrating superior structural coherence and
boundary accuracy compared to baseline approaches. Visual
inspection revealed that CNN-based models often produced
fragmented segmentations with discontinuous boundaries,
particularly in regions with low contrast or high anatomical
variability. GCN-only approaches, while capturing some
structural relationships, suffered from insufficient local
feature resolution, resulting in blurred boundaries and
incomplete region delineation [43]. In contrast, HGNN-
generated segmentations exhibited smooth, continuous
boundaries that accurately followed anatomical contours,
with excellent preservation of fine structural details.
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Fig. 7. Visual comparison of segmented MRI images across
different models. (a) Original MRI image, (b) Ground truth
annotation, (c) CNN segmentation, (d) GCN segmentation,
() HGNN segmentation. HGNN produces segmentations
most closely matching ground truth with superior boundary
precision and structural coherence.
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This qualitative improvement is particularly evident in
challenging regions such as tissue interfaces, where accurate
boundary delineation is critical for clinical applications
including surgical planning and radiation therapy targeting.
The visual results corroborate the quantitative findings,
confirming that the hybrid integration strategy effectively
combines the complementary strengths of both architectural
components.

4.4. Training Dynamics and Convergence Characteristics

Figure 8 presents the training convergence analysis,
illustrating loss reduction patterns across training epochs for
all evaluated models. The HGNN framework achieved faster
and more stable convergence compared to traditional
approaches, reaching optimal performance within
approximately 50 epochs. In contrast, CNN and GCN models
required nearly 70 epochs to achieve comparable levels of
convergence stability. The accelerated convergence observed
with HGNN can be traced to several factors, including the
synergistic interaction between CNN and GCN components
during training, which facilitates more efficient gradient flow
and feature learning. The GCN component contributes
relational context early in the training process, providing
additional supervisory signals that guide the CNN component
toward more meaningful feature representations [44].
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Fig. 8. Training convergence analysis showing loss reduction
across epochs for HGNN, CNN, and GCN models. HGNN
achieves faster and more stable convergence, reaching
optimal performance within approximately 50 epochs
compared to 70 epochs required by baseline approaches.

This cooperative learning dynamic results in more efficient
parameter optimization and reduced training time, which has
practical implications for clinical deployment scenarios

where rapid model adaptation may be required. The stability
of convergence, characterized by minimal oscillations in the
loss curve, further suggests that the hybrid architecture is less
susceptible to the optimization challenges that often plague
deep learning models in medical imaging applications.

4.5. Cross-Modality Generalization Capability

Figure 9 illustrates performance variations across different
MRI imaging modalities, including T21-weighted, T2-
weighted, and FLAIR sequences. The HGNN model
maintained consistently high Dice Similarity Coefficient
values across all modalities, achieving scores above 91% for
each sequence type. This consistency is remarkable given the
substantial differences in image contrast, tissue appearance,
and signal characteristics across MRI modalities. Baseline
models, however, exhibited significant performance
degradation, particularly in FLAIR images where CNN-
based methods showed an average Dice decrease of
approximately 6% compared to T1-weighted sequences, and
GCN-only approaches demonstrated even more pronounced
performance variations [45]. The robust cross-modality
generalization exhibited by HGNN can be traced to the
relational modeling capabilities of the GCN component,
which captures structural relationships that remain relatively
invariant across imaging protocols. This resilience to
modality variations is clinically significant, as it suggests that
HGNN could be deployed across different imaging protocols
without requiring extensive retraining or protocol-specific
adaptations, potentially reducing the barriers to clinical
adoption and facilitating integration into diverse healthcare
settings.
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Fig. 9. Performance comparison across different MRI
modalities (T1-weighted, T2-weighted, and FLAIR). HGNN
maintains consistently high DSC values across all modalities
(above 91%), while baseline models exhibit significant
performance variations, particularly in FLAIR images.
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4.6. Robustness Analysis and Clinical Implications

The experimental investigation further explored the
robustness of HGNN under challenging conditions by
introducing varying degrees of image noise and artifacts. The
hybrid model consistently outperformed baseline approaches
across all noise levels, demonstrating remarkable resilience
and reliability under clinically realistic conditions. This
robustness can be traced to the GCN component's ability to
leverage relational context to disambiguate noisy or
corrupted regions, effectively using information from
surrounding anatomical structures to infer correct
segmentation predictions. The visualization of attention maps
within the HGNN model revealed that relational modeling
via GCNs contributed significantly to refining segmentation
boundaries, particularly in complex regions where traditional
CNN models showed ambiguity. Cross-validation
experiments  further confirmed HGNN's robustness,
consistently vyielding stable performance metrics with
minimal variance across different data splits, highlighting the
model's reliability for diverse clinical datasets. A noteworthy
strength of the proposed approach lies in its interpretability;
the relational graphs generated within the framework allowed
clear visualization and understanding of model predictions,
aiding clinicians in decision-making processes by providing
insight into which anatomical relationships influenced the
segmentation  output. Real-world applicability —was
preliminarily assessed by evaluating HGNN on clinical MRI
datasets obtained from multiple institutions, with consistent
performance across diverse imaging standards indicating
strong potential for clinical adoption. These findings
collectively suggest that the proposed framework represents
a significant advancement in medical image segmentation,
offering a practical and reliable tool that could meaningfully
impact clinical diagnostics and treatment planning.

5. CONCLUSION

This research presented a novel Hybrid Graph Neural
Network framework for medical image segmentation that
effectively integrates Convolutional Neural Networks for
spatial feature extraction with Graph Convolutional
Networks for modeling relational dependencies among
anatomical structures. Through comprehensive experimental
evaluations on MRI datasets, the proposed approach
demonstrated superior segmentation performance across
multiple clinical metrics, achieving a Dice Similarity
Coefficient of 92.7%, Intersection-over-Union of 89.2%,
sensitivity of 93.8%, and specificity of 96.1%. These results
represent substantial improvements over conventional CNN-
only and GCN-only methods, confirming that the synergistic
combination of local spatial feature extraction and global
relational modeling significantly enhances segmentation
accuracy. The hybrid framework's effectiveness was
particularly evident in challenging scenarios involving
complex anatomical structures, subtle tissue boundaries, and
cross-modality  variations, where it  consistently

outperformed baseline approaches with remarkable
robustness. The training convergence analysis further
revealed that HGNN achieves faster and more stable
optimization, requiring approximately 50 epochs compared
to 70 epochs needed by conventional approaches. The
computational efficiency analysis demonstrated a balanced
profile, with inference times averaging 1.3 seconds per
image, well within clinically acceptable ranges. The
interpretability afforded by the relational graph
representations provides clinicians with transparent insights
into the reasoning behind segmentation predictions,
potentially facilitating clinical adoption. Despite the slightly
increased computational demands compared to pure CNN
approaches, the substantial performance gains justify this
trade-off. Future work will focus on refining graph
construction strategies to further reduce computational
overhead, expanding evaluations to diverse imaging
modalities including CT and ultrasound, exploring multi-task
learning  frameworks that simultaneously  perform
segmentation and diagnostic classification, and conducting
extensive clinical validation studies involving radiologists to
substantiate real-world effectiveness. The proposed
framework represents a meaningful advancement in medical
image analysis, offering a reliable and interpretable tool that
could significantly enhance clinical diagnostics, treatment
planning, and ultimately patient outcomes in routine
healthcare settings.
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