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Abstract

Background/Objectives: The earlier, more accurate, and more consistent prediction of
the brain tumor recognition process requires automated systems to minimize diagnostic
delays and human error. The automated system provides a platform for handling large
medical images, speeding up clinical decision-making. However, the existing system is
facing difficulties due to the high variability in tumor location, size, and shape, which leads
to segmentation complexity. In addition, glioma-related tumors infiltrate the brain tissues,
making it challenging to identify the exact tumor region. Method: The above-identified
research difficulties are overcome by applying the Swin-UNet with cuttlefish-optimized
attention-based Graph Neural Networks (SCAG-Net), thereby improving overall brain
tumor recognition accuracy. This integrated approach is utilized to address infiltrative
gliomas, tumor variability, and feature redundancy issues by improving diagnostic effi-
ciency. Initially, the collected MRI images are processed using the Swin-UNet approach to
identify the region, minimizing prediction error robustly. The region’s features are explored
utilizing the cuttlefish algorithm, which minimizes redundant features and speeds up
classification by improving accuracy. The selected features are further processed using
the attention graph network, which handles structural and heterogeneous information
across multiple layers, improving classification accuracy compared to existing methods.
Results: The efficiency of the system, implemented with the help of public datasets such as
BRATS 2018, BRATS 2019, BRATS 2020, and Figshare is ensured by the proposed SCAG-Net
approach, which achieves maximum recognition accuracy. The proposed system achieved
a Dice coefficient of 0.989, an Intersection over Union of 0.969, and a classification accuracy
of 0.992. This performance surpassed the most recent benchmark models by margins
of 1.0% to 1.8% and with statistically significant differences (p < 0.05). These findings
present a statistically validated, computationally efficient, clinically deployable framework.
Conclusions: The effective analysis of MRI complex structures is used in medical appli-
cations and clinical analysis. The proposed SCAG-Net framework significantly improves
brain tumor recognition by addressing tumor heterogeneity and infiltrative gliomas using
MRI images. The proposed approach provides a robust, efficient, and clinically deployable
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solution for brain tumor recognition from MRI images, supporting accurate and rapid
diagnosis while maintaining expert-level performance.

Keywords: brain tumor; MRI; attention graph neural networks; Swin-UNet; cuttlefish;
segmentation; redundant features

1. Introduction

Recognizing brain tumors [1] is an essential aspect of medical diagnostics, as early
detection and proper classification are vital for planning treatment and improving patient
survival and quality of life. Whether a brain tumor [2] is malignant or benign, it hinders
the central nervous system’s functioning, leading to adverse effects like severe and chronic
headaches, seizures, and a combination of memory, speech, and motor coordination impair-
ments [3]. These complications intensely and progressively diminish the patient’s cognitive
and physical functions [4], leading to decreased autonomy and quality of life. Additionally,
the importance of early detection lies in enabling timely medical intervention; it protects a
patient’s ability to undergo effective treatment strategies, including surgery, chemotherapy,
and radiotherapy [5], and prevents the tumor from reaching an advanced, inoperable stage.

Early tumor detection [6] greatly enhances treatment efficacy and reduces the risk
of patient death. Among multiple diagnostic procedures, Magnetic Resonance Imaging
(MRI) [7] is noted for its diagnostic accuracy and as being the least invasive. Unlike CT or
PET scans [8], MRI provides greater contrast between soft tissues, helping delineate brain
tissue and tumor borders, all without the hazard of ionizing radiation. Predicting brain
tumors with MRI involves a series of steps, including preprocessing [9] (noise reduction,
skull stripping, and normalization), segmentation (locating tumor-affected areas), feature
extraction [10] (texture, intensity, and spatial features), and classification [11,12] (tumor
type and degree). Despite this high level of MRI use in diagnosing and informing the
treatment of brain tumors, many problems remain. These include glioma cells [13] (tumor
forms), which infiltrate brain tissues [14,15] and obfuscate borders; the high variability in
the shape, size, and location of the tumor, and the tendency of normal and malignant tissue
to overlap in intensity, makes pattern recognition difficult [16]. Additionally, gliomas have
dense and compact cellular architectures, so there is a need for accurate localization of the
tumor using physical and bioelectrical approaches to destroy tumor cells precisely [17,18].

Current methods, including conventional machine learning approaches and deep
learning [19], tend to focus on a narrow research area, leading to a lack of diverse data
(generalization), overfitting, and redundant features. The process of manually annotating
data for training purposes is time-consuming [20] and may introduce subjectivity. Recent
studies seek to mitigate these issues by combining transformer models, attention layers [21],
and evolutionary optimization to improve brain tumor recognition accuracy [22,23]. Trans-
former models have also shown potential in diagnosing gliomas using computational
pathology [24]. Many previous studies have demonstrated use of various evolutionary
optimization algorithms such as ant colony and swarm intelligence to improve MRI image
segmentation for various clinical scenarios [25]. Therefore, integrated models are designed
to simultaneously analyze and disentangle the local and global contexts of MRI scans,
reduce redundant features, and improve categorization precision. These models provide
a reliable and streamlined approach to automating brain tumor identification in diagnos-
tic settings. Therefore, this work introduces the Swin-UNet with cuttlefish-optimized
attention-based Graph Neural Networks (SCAG-Net) to improve overall brain tumor
recognition accuracy. The effective incorporation of optimization techniques helps ad-
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dress challenges such as tumor heterogeneity and infiltrative gliomas, thereby maximizing
overall recognition rates.

The persistent challenges in correctly detecting brain tumors from MRI scans, where
significant anatomical variances, overlapping tissue intensities, and intricate tumor bound-
aries frequently impair the effectiveness of current techniques, are the driving force behind
this effort. Current methods usually only maximize one aspect, like feature extraction,
segmentation, or classification, which leads to fragmented solutions that do not fully cap-
ture the structural and geographic complexity of tumor regions. Furthermore, a lack of
annotated data limits the capacity of traditional deep learning models to generalize across
patients and imaging circumstances, and high-dimensional MRI features frequently add
redundancy. The need for an integrated framework that can simultaneously model global
context, improve discriminative features, and reason about structural linkages inside the
brain is highlighted by these limitations. The purpose of this study is to address these
interrelated problems by developing a single, strong, and clinically accurate architecture
for brain tumor prediction.

2. Related Works

The most recent work in brain tumor detection from MRI images has focused on
refining diagnostic precision, enhancing deep learning frameworks, and improving feature
analysis for clinical utility. Zhu et al. (2024) [26] developed an optimized deep neural
network and an amended grasshopper-optimization algorithm to refine feature selection
and improve tumor classification accuracy. Though this approach effectively minimized
overfitting, its applicability to different datasets was somewhat limited. In a similar vein,
Daoud et al. (2025) [27] addressed the tumor detection and treatment prediction gap by
formulating it within a deep learning framework using the Spider Wasp Optimization
algorithm, which offers convergence and interpretability but is computationally intensive
for larger datasets. Meenal and Asokan (2026) [28] devised a new quantum-inspired
adaptive feature fusion model, motivated by the principles of quantum computing and
deep learning, resulting in efficient, highly accurate tumor classification. While their
framework efficiently captured the complex features of an MRI, the model’s complexity
slowed processing. While Yin and Teng (2026) [29] present the deep fusion framework,
which integrates ResNet, EfficientNet, and transformer-based attention mechanisms for
robust tumor classification—the model demonstrates impressive generalization across
tumor types—it is highly memory-intensive during training. Barati et al. (2025) [30] used
lightweight neural networks to analyze the effects of different optimizers and loss functions
on the accuracy of brain tumor prediction. Clearly, they demonstrated that the choice
of optimizer is critical to achieving high prediction accuracy while keeping the neural
network lightweight.

Ullah et al. (2024) [31] developed a multimodal MRI segmentation and classification
system using the DeepLabV3+ framework and explainable Al, thereby enhancing the sys-
tem’s interpretability and the reliability of the diagnosis. Despite these advancements, scala-
bility remained a challenge due to the model’s complexity. For early-stage tumor prediction,
Saraswat and Dubey (2025) [32] proposed a dilated, attention-based ensemble network
that, in conjunction with enhanced artificial rabbit optimization, achieved high accuracy
with reduced false positives, albeit at a high computational cost. Mallouk et al. (2025) [33]
introduced the Optimal Deep Transfer Learning (ODTL) model, which improved feature
transfer and classification but struggled with domain adaptation to unseen data. Using
dual deep convolutional networks, Bernard et al. (2025) [34] improved feature extraction
from MRI scans, thereby increasing the precision of tumor localization and classification.
However, this paradigm was limited by the requirement of extensive annotated datasets
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for practical model training. Additionally, in recent times, emerging sequence modeling
architectures such as Mamba have also been successfully utilized for medical image segmen-
tation with strong capability in capturing long-range dependencies under limited data [35].
Hybrid models that integrate convolutional neural networks for region localization and
transformer-based components for global dependencies have demonstrated remarkable
outcomes for various MRI related clinical task such as brain tumor segmentation from MRI
images [36] and long-term outcome prediction from cardiac MRI [37].

On the other hand, not dissimilar to the contribution mentioned above, Hasan
et al. (2025) [38] introduced DEEP Q-NAS, a revision of neural architectures that im-
plements reinforcement learning to automate the process of designing deep networks for
tumor identification, achieving considerable adaptability and accuracy, albeit with sub-
stantial training time and high computational cost. The works mentioned above provide a
trajectory of the development of hybrid, optimized, and interpretable frameworks, with
deep learning still, relative to the other branches of Al, suffering from a lack of integrated
models that fuse the precision of diagnostics with the rapidity of computation and clinical
relevance, a deficit that SCAG-Net aims to address. According to various researchers’ work,
the findings are summarized in Table 1.

Table 1. Key findings and analysis from various researchers’ studies.

Author and Year

Accuracy

Clinical

Feature Computational Scalability  Interpretability = Generalization Reliability

Optimization Efficiency

Zhu et al.
(2024) [26]

4

v VAN A X A A

Daoud et al.
(2025) [27]

Meenal & Asokan
(2026) [28]

Yin & Teng
(2026) [29]

Barati et al.
(2025) [30]

Ullah et al.
(2024) [31]

Saraswat &
Dubey (2025) [32]

Mallouk et al.
(2025) [33]

Bernard et al.
(2025) [34]

AR IR YR IS
BB PIIBPIP X
BIRIBPIBPIL I IPBP
X B> b bB X

Hasan et al.
(2025) [38]

NI IR YRR YR IR IR

IR P|&]]]]
BIBIBP PP

4 YA 4 X

Qf: Fully achieved; &: Moderate/needs improvement; x: Not achieved.

Recent pertinent studies on MRI-based brain tumor identification, such as Zhu et al.
(2024) [26], Daoud et al. (2025) [27], Meenal and Asokan (2026) [28], Yin & Teng (2026) [29],
and Hasan et al. (2025) [38], have been compared with the SCAG-Net design. The short-
comings of earlier models include their low clinical scalability, limited generalization, high
computing cost, and isolated module optimization. The comparison research shows that
new brain tumor recognition models use a mix of deep learning and optimization tech-
niques to achieve very accurate results, but they often make computations less efficient and
harder to understand. Transfer learning, attention fusion, and evolutionary optimization
are all excellent methods for generalization and scaling, but most of them do not work well
in clinical settings or in real time. The results show that we need a balanced framework,
such as the proposed SCAG-Net, to ensure that medical tests are accurate, efficient, and
reliable for real-world use.
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Despite the high classification accuracy reported by recent MRI-based brain tumor
detection studies using transformers, evolutionary optimization, or attention mechanisms,
Table 1 shows that these methods primarily function as separate or loosely coupled modules,
which results in limitations in clinical scalability, computational efficiency, and uncertainty
propagation. The correlation between accurate tumor localization and final diagnostic
confidence is weakened in many modern works, particularly in infiltrative gliomas with
ambiguous boundaries, because optimization is only applied at the classifier level or atten-
tion is used without explicitly preserving structural dependencies between segmentation
and recognition. Because of this, performance improvements in one step frequently do
not translate to the entire diagnostic pipeline. This disparity emphasizes the necessity
of an integrated model that tightly integrates structural reasoning, feature refining, and
segmentation into a single framework. Such an integrated approach can mitigate error
accumulation, enhance robustness across heterogeneous MRI modalities, and improve
clinical reliability by jointly modeling spatial context, removing redundant features be-
fore classification, and maintaining inter-regional relationships through graph attention.
Therefore, the proposed SCAG-Net framework has been designed.

3. SCAG-Net Framework for Brain Tumor Detection
3.1. Problem Definition

Automatic brain tumor detection from MRI is affected by a high-dimensional, multi-
variate prediction problem due to intra-class variability, feature redundancy, and spatial
irregularities. Consider D = {41, dy,...,0x} is the MRI brain image in which every ¢; re-
lated to channel intensities is distributed across different coordinates. These instances J; are
linked with the labels A; € {¢1, ¢, ..., ¢k} that are related to the healthy region or tumor
(K). The 9; related latent variables are obtained by applying the mapping ¥ : D — A in
which the prediction process is defined as A; = ¥(¢;) that faces the risk called general-
ization loss R(Y) = E(;1)[£(¥(5), A)] because it creates misclassification issues. The ¥
process was affected by several factors, including heterogeneity in brain structure, glioma
infiltration, dimensionality, and data imbalance. For every patient, the brain structure
is changed in its intensity distribution and has the non-uniform boundaries that create
difficulties while separating the non-linearity between the abnormal and normal tissues
in the feature space (f5). Then, the glioma infiltration creates the longitudinal overlap be-
tween the healthy voxel (h,) and pathological voxel (P,), which causes uncertainty issues
when predicting exact decision boundaries. The third significant problem occurs due to the
MRI'’s dimensionality, in which every observation J; comes under the R**“*®*™ high-order
tensor domain that leads to irrelevant or redundant features, reducing the overall efficiency
of brain tumor prediction. Finally, data imbalance leads to biased classification decisions
and reduces overall brain tumor recognition accuracy, resulting in a high misclassification
error rate. Therefore, the brain tumor system requires trained and learned systems (¥*) for
handling the high-dimensional, noisy, and spatially consistent MRI data to minimize the
redundant attributes and uncertainty issues effectively.

3.2. Research Contribution

The objective of this work is to create the Swin-UNet with the cuttlefish-optimized
attention graph network (SCAG-Net) to achieve generalized and robust brain tumor pre-
diction systems. The developed SCAG-Net framework intends to reduce the classifi-
cation error rate and uncertainty issues while performing ¥*, which uses discrimina-
tive learning to predict brain tumors. This objective is achieved by applying the hier-
archical structural encoding that observes the local and global contextual dependencies
from D using the ®see. The mapping-related encoding process maximizes the fs by up-
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anatomical changes, such as structural boundaries and tumor edges, are handled dur-

. The mapping process confirms that high-frequency

ing encoding, thereby minimizing spatial ambiguity. Then, the derived I}, are processed
with the help of the cuttlefish optimization techniques to refine the feature (Eopt) that
reduces the redundant attributes. In addition, the Zqpt process increases the discrimina-
tive separability by maximizing the inter-class dispersion and reducing the intra-class
variances, which are defined as rar}é?) J(w) = & Varjnga (Fo) — B Varinter(Fw ). The effec-

tive utilization of the p, and p, chromatophore behavior helps to identify the optimal
subset feature F, = Eopt(IFh) that maximizes the discriminative capacity and reduces the
redundancy successfully. In addition, the selected [, is processed by an attention mecha-
nism (Fatn) to identify the structural relationship by constructing the graph (G = (V, £)),

which reduces the reconstruction error (r%lin O, =|| £ — L ||2,) to guarantee the learned
attn

embedding (e;) to manage the brain’s operational geometry. At last, global integration
and optimization are applied to obtain a high classification confidence value, which is
defined as H}I,i*n Riotat = A1Lseg + A2Lopt + A3Lgraph Which also reduces the loss value

¥*(6) = Tatin(Eopt(Pseg(d))) and ensures the robustness and topological consistency
across different MRI inputs.

To improve the logical continuity of the proposed methodology, the variables in-
troduced across preprocessing, segmentation, optimization, and classification stages are
explicitly linked through a unified mathematical formulation. Let the multimodal MRI
input be denoted as X € R(T*WxD) where H, W, and D represent spatial dimensions and
M denotes the number of imaging modalities. The preprocessing operator P(-) transforms
X into a normalized volume X’ = P(X), which is then mapped by the Swin-UNet encoder-
decoder S(-; 65) to produce both a segmentation mask Y = S(X’;6;) and a corresponding
feature set F = {f1, f1,..., fn}. To reduce feature redundancy, cuttlefish optimization
learns a binary selection vector b € {0, 1}N, yielding refined features F* = F © b. These
optimized features are subsequently embedded into a graph G = (V, E), where each node
is parameterized by F* and edges encode spatial and structural similarity. Finally, an
attention-based graph network G(+; ;) operates on this graph to estimate the tumor class
label ¢ = G(G;0y). This explicit functional chaining clarifies variable dependencies and
ensures coherent information flow across all stages of the SCAG-Net framework.

3.3. SCAG-Net Framework

This research presents the SCAG-Net framework, which aims to provide an intelligent
and dependable system for accurate, timely brain tumor prediction from MRI. The work
seeks to address the difficulties that deep learning models face with feature redundancy,
structural inconsistency across MRI modalities, tumor variability, and a lack of confidence
in existing models. With multi-scale spatial encoding and iterative feature refinement via a
graph attention mechanism, SCAG-Net incorporates tractable local textures and organiza-
tional structures for a comprehensive within-region analysis of the brain. Therefore, the
SCAG-Net deep learning framework has received unprecedented attention for providing
a clinically useful system that augments diagnostic accuracy while maintaining minimal
computational cost and consistently delivering the required tasks across heterogeneous
medical datasets. The research objective is achieved via a step-by-step process is described
in Figure 1.

Figure 1 shows the overall workflow of the SCAG-Net framework for automatically
identifying brain tumors from MRI images. The framework starts with a preprocessing
step that performs functions such as skull stripping and normalization. Then the Swin-
UNet is applied to obtain multi-dimensional features, which are processed by cuttlefish
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optimization to refine and eliminate redundant features from the feature set. Finally,
the attention-based graph network is applied to identify brain tumors by understanding
brain structure, thereby helping predict the output label while addressing uncertainty and
improving clinical reliability.
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Figure 1. Overall architecture of SCAG-Net framework for multimodal brain MRI analysis.

3.3.1. Multimodal MRI Preparation and Preprocessing

The first step of this work is to explore the heterogeneous DD for obtaining the model-
ready, consistent, and clean image to improve the overall brain tumor recognition ac-
curacy. The preparation and processing phases effectively eliminate noise, variability,
alignment artifacts, non-brain voxels, and problems with intensity distribution. As said,
D = {é1,...,0n} has several instances, and every patient (J;) has 4-channel tensors that
are represented as §; = [Ml.(l), Ml.(z), Ml.(s), Mi(4)} € RHXWxDx4 which are relevant to the
Ti, Tz, Tice and FLAIR; each 4; has its own width (W), height (H), and depth (D). The
gathered J; is processed through a sequence of steps to improve image quality and the
efficiency of brain tumor recognition, as shown in Figure 2.

Bias field Denoisi Rigid
correction enmsglg Registration
onll

a
— ool s>

D000 rippi
3 §tripping

L1

Normalizationl

(

—| IX|v

\/ x
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Figure 2. Process of MRI image preparation and preprocessing.
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As shown in Figure 2, the collected MRI images exhibit a low-frequency intensity
bias, requiring immediate action to improve overall brain structure analysis. Therefore,

the equivalent bias correction is applied to each model ]\N/Ii =Ny (Ml.(k) ) , in which image
intensity is approximately factors (M = B - S + 7) and computes the bias field (B) that
enhances the overall skull stripping and normalization. Then, every model is further
- ~ (k)
explored using block matching, in which the non-local mean value (Mi(k) =NLM(M; ))

is estimated by computing the weighted average value of the intensity or color pixel in the
image. The weight (w;) is identified by the similarity between the patches (p;). The non-

local mean-based computations minimize the local p; variations (Var (-)) while managing
(k)
i

generally T; and T ,; rigid transformation (T;) is then estimated with the help of the mutual
information Mi(k)/(x) = Ml.(k) (Ti(x)), Vk, which gives the registered tensor value (4/). As
said before, the gathered images in D have different voxel sizes that require resampling to

the anatomical information. Then, computed M;"’ are aligned to identify the reference

minimize the size s* = (s}, s}, s5) which is accomplished with the help of linear operations,

(k)=

and the resampling is represented as M;""" = Resample (Mi(k) , s*> which produces the

(k)*
i

are frequently explored to obtain the brain mask B; € {0,1}1"*W"*D" by applying the

consistent dimension images M, /" € RH *W"xD" " Afterwards, the resampled brain images
Swin-Unet that is discussed in Section 3.3.2, which is combined with the modality by
performing the element-wise operation (©) that eliminates the background voxel, scalp,
and skull successfully. Then, z-score normalization is applied to convert the images into
the standardized format that is defined in Equation (1).

k
) = |éf\2x: B;(x)=1 59 (x),
k k k
Ui( ) - \/|éz|2x Bi(x)=1 (Si( )(x) - “le( ))2 (1)
i ) ()
Ml(k) (x) — Mfor Bi(x) = 1

oG

1

The normalized modality (Ml-(k) (x)) is computed from the statistical computation

Z{k) and (fl.(k)

intensities, such as piow, Phigh in which the brain voxels are rescaled to [0, 1], which is

of the binary mask u . Again, the outliers are removed by estimating the clip

achieved by using Equation (2).

~(k . ~(k
MZ-( ) clip (Ml( ),m%,%%),

. (2)
®) M _min
Mi S ax —min -
The rescaled images are explored using spatial cropping in which tight bounding

boxes are utilized to examine the brain mask (5;) with fixed size Hy X Wy X Dg to minimize

the empty background that is defined as bbox = BoundingBox(5;), ]\N/Ifk) = Ml-(k) [bbox].
Finally, data augmentation, like rotation (R), random flips (F), jitter (J), and elastic de-
formation (€) is performed, which is denoted as Augment (M) = J(B(E(R(M)))). The
above-discussed process provides complete, consistent, noise-free MRI images that help in-
crease the accuracy of brain tumor recognition. The pseudocode for this phase is described
in Algorithm 1.
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Algorithm 1: Pseudocode for MRI data preparation and processing
Input: D = {6y, ..., 6n}, ™ T.%m Plows Phigh /[ reference modality and bounds
Output: $ = {S;, ...,Sy} and B = {By, ..., By} [ preprocessed multimodal volume and mask

for each §; € Ddo
for each modality k € {1,2,3,4} do

M « load(é‘i(k)) // MRI volume read
M « N4BiasCorrection(M) // intensity inhomogeneity correction
M < Denoise(M) /[ denoising
Mi(k) «M /[ save corrected modality
End for
T « EstimateRigidTranSform(Ml.(ref)) /[ perform rigid alignment
for each modality k do

My, < ApplyTransform(M L.(k), T)

Mj, < Resample(My, s*) // voxel grid uniform resampling
Mi(k)* « My // store resampled image
End for
B; « BrainExtraction(Mi(ref)*, 7) // brain mask extraction
for each modality k do
S < Mi(k)* O B; // skull stripping
Mporm < (S —w)/o /[ Perform normalization

Mg;p < ClipPercentiles(Mporm, Plows Phigh)  // clip intensity

M ip,—min . .
Mscated « ——0o // scaling the images

Store Mi(k) — Mled

End for
Compute bbox « TightBoundingBox(B;) // bounding box
for each modality k do

Mc(fo)p « Crop(M® bbox)

End for

Save S; « {M, SR Vao) }and Bfmp « Crop(B;,bbox)

crop =+ lcrop

End for
Return: S = {Sy, ..., Sy} and

According to Algorithm 1, the incoming images are processed to ensure modality
alignment, effectively address bias field and inhomogeneity issues, and manage brain
tissues while retaining the brain structure. In addition, the resampling and normalization
process provides consistent intensity and uniform voxel spacing for patients, enabling the
effective attainment of structurally aligned, balanced, and clean MRI images. The above
step-based MRI images are widely used for subsequent segmentation and classification. The
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respective results and histogram representation of each step involved in the preprocessing

are shown in Figure 3.
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Figure 3. Stage-wise image and histogram analysis of brain MRI images.

3.3.2. Swin-UNet-Based Binary Mask and Feature Extraction

The obtained S from the preprocessing image only consists of brain tissue details that
help to identify the brain mask region and features effectively. As mentioned, the previous
section identified the true brain region and tumor-affected regions using the Swin-UNet
segmentation model, which successfully identified these regions by analyzing the images.
The extracted B; preserves brain anatomical structures and boundaries with high-pixel
precision, and region-level embeddings are widely used to identify the exact brain tumor
with maximum prediction accuracy. During analysis, a Swin transformer encoder captures
global contextual information via a shifted-window self-attention mechanism, and a U-
shaped decoder reconstructs the spatial map to identify the exact binary mask. Consider
the preprocessed image is X; with a size of H x W x C that is fed into the Swin network
function (Fy) which gives the soft mask, which is defined as ¥; = Fy(X;) € [0,1]#*". In this
mask, Y;(x, y) represents the pixel wise probability indicating whether a given pixel belongs
to a brain tumor. The overall process of binary mask prediction and feature extraction is

shown in Figure 4.
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Figure 4. Process of encoder—decoder-based segmentation mask (M;) and feature extraction (f,) on
brain image (I;,).

As shown in Figure 4, the encoder divides the X; into the non-overlapping patches
with P x P size which is represented as Zy = PatchEmbed(X;). During this process, the
shifted-window self-attention approach and layer normalization are used to obtain the
patches defined in Equation (3).

Z) = SW-MSA(LN(Z; 1))+ Z_1,1=1,...,L
T
Attention;,(Q,K, V) = Softmax(% + B,V

Vi

In Equation (3), the attention mechanism uses the values (V}), key (Kj), and query

)

(Qp) metrics are utilized to obtain the linear projection and position bias (Z;_; and By,). The
multi-head attention outputs are combined to obtain rich image features. Then, spatial
up-sampling is performed using a decoder to reconstruct the segmentation map that is
defined as Fék) = UpConV(Concat(Fg(k), Fékﬂ))). Here, the encoder feature depth (Pe(k))
and skip connections are utilized to prevent the localized information that is lost at the
time of down-sampling. The output mask is obtained by applying the 1 x 1 convo-
lution with a sigmoid function and trainable parameters (W, and b,) which is repre-
sented as Y; = (W, * Fél) +b,). The identified segmentation map is applied to compare
with the threshold value to determine the binary mask, and the condition is defined as
1, if Y/Z-(x,y) > T

M;(x,y) =
i(%Y) 0, otherwise

where T € [0.4,0.6]. The identified regions (M;(x,y)) are

applied to the morphological process (M} = Close(Erode(M;))) to be further refined for
improving the brain tumor recognition process, and the resulting binary mask is denoted
as M/ which consists of several spatial constraints for attribute extraction. The features are
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extracted from M{ in which each patch u has a set of feature vectors that is denoted as f, ,
and the derived features are shown in Equation (4).

fu= [ fstat(u) || frex(u) | fdeep(u) ]

fstat (Ll) = [,ull/ oy, skewy, kurtu]

ftex(u) = [Energy, Contrast, Entropy, Homogeneity, LBP},;q;] @)
Fé?g » = GlobalAvgPool(Z; )

According to Equation (4), the features are extracted, which are represented as
F = [fi; f2 .- ; fu] € R, and the features consist of semantic and contextual information
about brain tissues. During this analysis, the Swin-UNet training is utilized to reduce the
segmentation loss Lseq = Aq(1 — Dice(Y,Y)) + A,BCE(Y, Y) and improve the prediction
process 6% = arg mgn E(x y)~p[Lseg(X,Y;0)] for all MRI images. The respective process is
shown in Algorithm 2.

Algorithm 2: Pseudocode for binary mask and feature extraction

Input: x = {Xl!XZ! ""XN}/ y = {Yl' Yz, ey YN}/ ES Adice' Abce, T and n

e
Output: M = {M;,M,, ..., My} and F = {F,, F,, ..., Fy}
Initialize 6 // Swin-UNet parameter.
for each 1to Ey, do
for each mini,,.(X,Y) do
Y « SwinUNet(X; 6) /] compute mask
Estimate Lg,,
Update 6 « 6 — VgL,

End for

End for
for each X; € X do

Y; « SwinUNet(X;; 6) // generate soft mask
Compute M;(x,y) // binarize

Perform M;' /[ morphological cleanup
Estimate Q; = {(x,y) | M{(x,y) = 1} // define brain region

Partition (; into

for eachu
Compute p,,, 0, skew,, kurt, // statistical descriptor
Extract f., (1) // texture features
Extract Fé?ep // deep embedding features

Concatenate f;,

Fy = [fi; fos o s fu] € R4 // stack patch features

End for
Return M = {M/} and F = {F;}
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The above-discussed Algorithm 2 effectively captures the brain’s structural informa-
tion using the Swin-UNet segmentation and feature extraction process. During analysis,
the encoder and decoder processes eliminate irrelevant details, such as background tissues
and skull information, to improve overall contextual analysis efficiency. In addition, the
Swin-UNet uses multiple layers that extract statistical texture and deep embeddings that
identify entire statistical descriptors, thereby directly improving overall brain tumor predic-
tion efficiency. The derived embeddings are consistent and effectively capture the intrinsic
variations in morphology, structure, and intensity. The extracted features are fed into the
following feature selection and classification process to improve the overall brain tumor
identification efficiency. This phase effectively identified the brain tumor, and the obtained
results are shown in Figure 5.
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Figure 5. Phase 2 evaluation of brain tumor MRI mask and feature extraction analysis. (a) Quantitative
analysis of Swin-UNet-based brain mask derivation and feature extraction analysis for various
numbers of epochs. (b) Evaluation of Swin-Unet for training and validation datasets.

3.3.3. Cuttlefish-Optimized Graph Networks for Feature Refinement and
Tumor Recognition

By using chromatophore-based reflection and absorption operators that preserve pop-
ulation variation and avoid premature convergence, cuttlefish optimization (CFO) achieves
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a strong balance between exploration and exploitation, which justifies its selection. In con-
trast with PSO, GA, and WOA, which frequently stagnate in high-dimensional MRI feature
spaces, CFO adaptively modifies its search patterns, enabling better separability of tumor-
related features and more efficient removal of redundant attributes. By demonstrating
CFO’s better feature-reduction efficiency, faster convergence, and improved classification
accuracy in the SCAG-Net process, comparative studies against PSO, GA, and WOA will
further confirm CFO'’s suitability.

The extracted patch (P;) from the previous step is explored in this stage using fea-
ture selection and classification methods, in which features are refined to improve overall
classification accuracy. Let us consider the patient i, who has V; = {vy,...,vy,} patch
set with raw features f, € R that are represented in the feature matrix F; € R"*?. The
extracted f, € R? are large in dimension, which consumes significant computation time
and leads to a higher misclassification error rate. Therefore, the binary selection s € {0,1}¢

vector requires refining the features f = f, ©s. Then, the selected features are processed

using the graph structure G; = (V;, E;) with h, = Wy f_ node features for exploring the
extracted embeddings in the R" space. During the analysis, graph attention networks
(go(+)) are applied to obtain the output label for the given input ;. This stage intends
to reduce the misclassification rate and maximize the overall prediction rate; then, the
objective of this phase is defined as min J(s) = a(1 — ValAcc(s)) + ‘B@ For every s,

the attention graph networks are traineci to reduce the false rate, which is defined as
Las(0) = LN CE(0(Gi(s)),y:) +A | € 3 . Initially, the extracted features are explored
using the cuttle optimization algorithm, which leverages the adaptive reflection and dy-
namic color modulation properties of cuttlefish skin. The algorithm performs exploitation
(local refinement) and exploration (diversity-driven search) in the f;, which minimize the
irrelevant features and redundancy. The process of feature selection illustration is shown in
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Figure 6. Graphical illustration of f; with redundancy-free feature selection using cuttlefish optimization.

Consider the feature derived from the previous stage is represented as
F= [ fi, fo, -, fN]T € RN*4: here, N is defined as the number of patches, and the entire
count of extracted features is represented as d. The derived F is explored by cuttlefish to
identify the binary selection vector s = [s1,sy,...,54],5; € {0,1} to increase the prediction
discriminative ability during the reduction of selected features. For the feature selection, the
candidate solution needs to be created, which is defined as P = {sq,s,...,sp},s; € [0, 1]d.
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For every element, s;; is defined as the probability of choosing the j feature, and the
binarization is performed via the sigmoid function which is computed via Equation (5).

1, ifo(s) <,
bij =

0, otherwise, (5)

wherer(x) = H%’ T € 0,1].

The computed b;; is used to ensure both discrete and continuous search via the ex-
ploitation in a dynamic manner. Then, every s; is updated in the exploration phases using
the color reflection and absorption operators. According to the cuttlefish algorithm'’s char-
acteristics, it absorbs and reflects light in response to chromatophore expansion, thereby
developing adaptive patterns. The exploration identifies the next best candidate solution
(sf“) by exploring the present best candidate solution (s,(;;)S ;), controlling learning rate
(«1), control random diffusion (B1), and random vectors (r1,r; ~ U(—1,1)). Then, the
exploitation is applied to the best solution by utilizing the a5, B (fine-tune parameters) and
gaussian perturbation (N (O, (72)) for local search, which are defined in Equation (6).

sl(tﬂ) = sft) ‘a1 (sl(,?st - sl@) + B1 - r2, / exploration phase
sV W e (é(t) - s@) + B2 - N(0,0%), /exploitation phase

1 1

(6)

The refined features harmonize exploration with local intensification, and the selected
features are fed into the fitness function, in which a wrapper approach is utilized as
the fitness function which is defined as J(s;) = a(1 — Acc(s;)) + ﬁ@, According to
the J(s;) , the optimal features are selected because the utilized parameters « and f
managing the coefficient also maintain the trade-off between the dimensionality and
accuracy. This process is repeated to select the optimal features and meet the convergence
criteria (Equation (7)), thereby improving overall brain tumor prediction accuracy.

| I(Séiz;l)) - ](Sél;)st) |< eort > Ty,
st =arg r;}ég](si)-

(7)

From Equation (7)’s computation, the optimal features are selected after the conver-

gence (s*) and the selected features are represented as F=F © s*, which are effective,
non-redundant features used to improve classification accuracy, stability, and efficiency.
The process of feature selection is illustrated via Algorithm 3.

According to the algorithm steps, the optimal features are selected and fed into the
following classification stage to improve overall brain tumor recognition accuracy, thereby
enhancing the efficiency of clinical applications. The impact of the feature selection process
is explored across different criteria, and the results are shown in Figure 7.

Figure 7 illustrates the effectiveness of cuttlefish optimization in the feature refinement
process, as the selected features improve the overall efficiency of brain tumor identification.
The graphical analysis across panels 1-3 clearly shows that the introduced optimization
techniques ensure stable convergence, with minimum fitness and maximum accuracy
achieved within a small number of iterations. In addition, the selected features reduce the
influence of noise, thereby maximizing overall prediction efficiency. Panel 4 explores the
mutual correlation between the selected and predicted features that maximizes feature
relevance and independence. Additionally, panel 5 shows that the relationship between
the selected feature dimensionality and selected accuracy ensures that the system achieves
generalizability. At last, the high central tendency-related analysis shows that the model
ensures high precision and efficiency while selecting the brain features successfully. The

https://doi.org/10.3390/diagnostics16040565


https://doi.org/10.3390/diagnostics16040565

Diagnostics 2026, 16, 565

16 of 30

selected features are fed into the classification phase to recognize the brain tumor with
the minimum false-positive rate. The extracted features provide a high-quality, compact
representation of the brain. Then, the brain regions exhibit spatial dependencies due to
boundary heterogeneity and irregularity. The structure of the brain tumor classification
process is shown in Figure 8.

Algorithm 3: Feature refinement.

Input: F = (F; € R"YL), Y = {y}iLy, M, Tepo, T, @, B, 7, K, ¥, L, H, by Ngnny Egnn
Output: s* € {0,1}%, F; = F[:,s* = 1]

Initialize: P = {p; e R? | j = 1,...,m}

for eachp; € P do

Compute s; /[ continuous to binary selector

Construct ﬁi(j ) // reduced training features set

Estimate ValAcc(s;) // validation accuracy computation

Compute J(s;) // fitness function computation
End for

Rank J and update P

PeP+V1 O Prest —P) O11+ 6 // exploration
pep+y, OB —p) Or,+N(0,02) /] exploitation
Perform diffusion // global perturbation.

Check J < & for Ty, then break

End for

Select s* // binary selector

Form F; = Fi[:,s* =1] // final reduced feature set
Return F

The selected semantic features are converted into the graph G = (V, E) in which every
node v; € V is defined as the brain region (P;), which are optimized with the help of the

feature vector f; € RY; the edges denote the relationship between inter-regions, covering
intensity similarity, spatial closeness, and structural correlation. The generated graphs
explore both global and local changes and topological dependencies, thereby improving
tumor type recognition, such as meningioma, glioma, and pituitary. Consider that the

selected features are denoted as IN-“ =[f1, for i fl T € R"™4 which are explored frequently
using the spatial similarities to compute the adjacency matrix (A € R"*") (Equation (8)).

N'_N. 2
o <_f02f]|> if dist(i, j) <r

0, otherwise (8)
A=D1(A+1)D-
where Dii = Z](Al] + Iij)

ij =

Nl—
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Figure 7. Quantitative evaluation of the feature refinement process consists of the following (1 to 3):
convergence fitness, selected-feature progression reduction, and validation accuracy improvements.
Panel 4 shows feature-related structural differences; panel 5 illustrates the correlation between
accuracy and selected features; and panel 6 shows the before-and-after feature refinement efficiency
in brain tumor recognition.
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Figure 8. Architectural representation of the graph attention networks for exploring brain tumor
region categories such as glioma, meningioma, and pituitary.

During this process, the local neighborhood radius (r) and scaling factor (¢) are
used while creating the A € R"*". The developed A4;; is further analyzed to perform
normalization, ensuring stability in feature propagation. Afterwards, every node (v;) is
aggregated from their contextual information via multi-head attention, which accounts for
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the importance of weights. From that head-aggregated information, the attention coefficient
is also estimated to classify the tumor region (Equation (9)).

1 1, 1—
Y =18 o(Sien o WOOR!Y)
)

(l,t) exp (LeakyReLU(a(l,f T[W(l,f)hl(lfl)Hw(l,t)h](_lfl)])) (9)
I —
el Yrenr(i) XP (LeakyReLU (u(”)T [W(”)hflq) I W(I't)h,(cF])}))
The computed zxfjl’t) values confirm that the regions are relevant to the tumor preference

because the necrotic boundaries and contrast cores have high attention weights, while
non-tumor areas have lower values. Then, attention pooling is applied because each layer
has hl(l) which indicates that each layer has context and intrinsic features. The pooling layer
fuses all the values into a single embedding for improving the overall recognition accuracy
(Equation (10)).
=Yt Bi hz( )

exp <thanh (Wghgl))> (10)

Ly exp (thanh (Wgh](I)))

, Where B; =

In Equation (10), each node’s importance is defined in §; during the pooling process,
which ensures that the key tumor sub-area provides more information while making the
final decision. At last, Softmax activation is applied on the embeddings (z) to obtain
the final output, which is defined as § = Softmax(W,z + b.). After computing the out-
puts, the loss value is determined to reduce the false positive rate, which is estimated as
Leass = —Y. 1 yilog (9;) + A || © ||3. Based on the loss values, the network parameters are
updated, reducing the false rate and improving overall classification efficiency. The dis-
cussed framework uses the cuttlefish optimization approach to tune network parameters,
thereby improving predictive accuracy and computational efficiency. The Swin network
functions with embeddings of 96 dimensions and [2, 2, 6, 2] hierarchical depths, and the
attention network uses eight attention heads and four layers, which effectively produce
128-dimensional embeddings. During the analysis, the o = 0.5 as a Gaussian kernel and
r = 8 neighborhood radius values are utilized along with the 1 x 10~ learning rate, L2
weight decay of 1 x 107>, and 8 batch size. This process ran for up to 200 epochs and
used 0.3 dropout regularization to prevent overfitting, confirming high-fidelity, stable
tumor classification performance. The process of brain region classification is shown In
Algorithm 4.

According to Algorithm 4, the input images’ related features are explored to identify
the brain tumor region with the highest recognition accuracy. This procedure is applied
to the input image (meningioma), and the resulting output (meningioma) is shown in
Figure 9.

Figure 9 demonstrates the graph network’s comprehension and decision reliability,
which uses fused MRI input to collect multimodal spatial intensity cues; the trained atten-
tion parameters refine them. The heatmaps’ rapid response zones align with pathological
tumor regions, demonstrating the network’s ability to focus on diagnostically impor-
tant areas. Dense edge connectivity in active tumor neighborhoods indicates substantial
intra-regional correlation that guides categorization. Adjacency and attention-matrix rep-
resentations show selective message propagation between relevant patches, validating
repetitive node suppression. The binary mask and border overlays show the lesion localiza-
tion accuracy, while the node-weight grid shows geographic region hierarchies. These data
show that the GNN framework diagnoses tumor types with high discriminative confidence
and maintains fine-grained structural integrity for clinical assessment.
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Algorithm 4: Brain region (M;) classification.

Input: 7, y;, 7,1
Output: J;
foreachi=1toN

Construct 4; /[ adjacency matrix using Gaussian kernel
Normalize A; — 4;
Initialize ® = (WD, atD W, q,W,}  // GNN parameters

foreltoE;yy

for each G; = (V;,A) //patient graph
forl=1tolL
Compute a,(‘l,’,t) // attention score
Aggregate h® // neighbor messages aggregation
Apply z; // graph pooling
Compute L // loss
Update © < 0 —nVeL /[ using cuttlefish optimization
End for
End for
End for

Return 0*and J;

To increase methodological completeness, the GAT module is included. Each MRI
slice is divided into fixed-size patches following Swin-UNet extraction, and each patch’s
mean-pooled feature embedding becomes a node in the graph. In order to retain anatomi-
cal localization and capture intensity correlations, edges are constructed using a hybrid
criterion that combines spatial adjacency and feature similarity. The connection strength
is determined by a Gaussian kernel. Prior to message passing, the resulting adjacency
matrix is row-normalized. The GAT highlights tumor-relevant regions by using multi-head
attention to learn relevance weights for nearby nodes. Four attention layers, LeakyReLU
activation, dropout on both attention coefficients, node features, and the Adam optimizer
with a low learning rate 1 x 107%, are used in training to ensure steady convergence.
This enlarged explanation clarifies how spatial structure and feature interdependence are
contained inside the graph while offering enough detail for replication.

Fused Input

Attention Heatmap Overlay — Meningioma (0.69)

Figure 9. Cont.
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Figure 9. Phase 3 visualization outputs of MRI brain images. (a) High-saliency tumor region be-
fore segmentation by exploring the key activation region from integrated MRI images via attention
heatmap. (b) Graph illustration of MRI images with patches, nodes, and edges. (c) Element visualiza-
tion, node distribution, and selected patches from attention. (c) Graph attention visualization, output
exploration, and segmentation illustration at multi-level transformation.

4. Results and Discussion

This section discusses the SCAG-Net framework for brain tumor recognition from
MRI images. During the analysis, the Swin-UNet, cuttlefish, and graph neural networks
are used to improve overall brain region recognition. The introduced framework uses the
BRATS 2018 [39], BRATS 2019 [40], and BRATS 2020 [41] datasets, and the Figshare [42]
brain MRI images are used to evaluate the framework’s efficiency. The BRATS dataset
consists of 1700 patients” information that has four modalities, such as T1 weighted, T2
weighted, and FLAIR sequences with1 x 1 x 1 mm? and 240 x 240 x 155 volume
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of dimension. In every case, experts have continuously explored the image to identify
the necrotic core and enhance tumor, edema, and non-enhancing core regions through
structural evaluation. The following dataset is available on Figshare and contains 1200 2D
brain slices, explored using the above-described techniques to identify structural variability
in brain regions. The integrated datasets are used in this work to demonstrate the system’s
efficiency in terms of generalization, robustness, and scalability across different clinical
conditions. The dataset utilized in this work is described in Table 2.

Table 2. Statistical description of brain tumor MRI images.

Dataset Name

Modalities Voxel Resolution Volume Annotated Annotation

Year No. of Subjects Used (mm?3) Dimensions Classes Source

BRATS 2018

2018

285 patients T, Tlce, T2, 1x1x1 240 %240 %155 (R Ry

ET, ED, Expert neuroradi-

FLAIR ologists

BRATS 2019

2019

ET, ED, Multi-

335 patients T1, Tlce, T2, 1x1x1 20x240% 155\ EF Rt institutional

FLAIR N
annotations

BRATS 2020

2020

T1, Tlce, T2, ET, ED, Expert consensus

369 patients FLATR 1x1x1 240 x240 X155 (R /NET (TCIA)

Figshare MRI
Dataset

2021

Open-access

(ng%‘;?azl‘?r fﬂﬁfgr) T1, T2 0.94 x 0.94 x 1 256 x 256 Tumor/Non- clinical MRI

Tumor
scans

To improve the dataset section’s thoroughness, the dataset appropriateness and data
splits are explained. To prevent identity leakage, the participants for each BRATS dataset
have been divided into 70% for training, 15% for validation, and 15% for testing. It en-
sured that no patient featured in more than one group. This division maintains clinical
diversity and facilitates equitable performance evaluation. Since the Figshare dataset’s
imaging properties, annotation granularity, and contrast changes separated greatly from
BRATS volumes, it was included to assess cross-dataset robustness, although it is made
up of 2D T1/T2 slices. It is suitable for examining generalizability outside of established
BRATS methods because of its distinct tumor/non-tumor labeling, variety of slice orienta-
tions, and inclusion of both healthy and pathological images. The identical preprocessing
processes—Dbias-field correction, skull stripping, resampling, and normalization—have
been applied to all datasets, ensuring comparable input quality and enabling SCAG-Net to
be assessed identically across various MRI sources.

According to Table 2, the selected datasets consist of 1900 brain MRI images used to
effectively manage high-grade gliomas, low-grade gliomas, and non-tumor brain regions.
Every dataset used in this work is used to validate the described segmentation approaches
and to provide labels during the analysis. Further, the system’s efficiency is explored using
existing research to justify the SCAG-Net framework’s clinical interpretability, robustness,
and scalability. Here, the system’s efficiency is compared with different benchmark meth-
ods, such as Zhu et al. (2024) [26], Meenal & Asokan (2026) [28], Yin & Teng (2026) [29],
and Hasan et al. (2025) [38], and datasets; the results are shown in Table 3.

Table 3. Quantitative benchmark analysis of the SCAG-Net framework.

Method

Accuracy
(%)

. o Sensitivity Specificity Precision F1-Score Hausdorff o Time
Dice IoU (%) (%) (%) (%) (%) (mm) AUC (%) (s/Image)

(a) BRATS 2018 Dataset

Zhu et al.
(2024) [26]

92.84 + 091

0911 + 85.02 £ 91.11 + 93.72 + 91.56 + 91.02 + 5.71 + 0.46 94.87 + 1.94 + 0.05

0.011 0.79 0.93 0.88 1.03 0.98 0.66

Meenal &
Asokan
(2026) [28]

94.95 + 0.69

0.929 &+ 87.74 + 92.95 + 95.18 & 93.84 & 93.21 + 491 + 0.35 96.38 = 1.89 + 0.04

0.009 0.71 0.87 0.74 0.80 0.73 0.58
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Table 3. Cont.

Metod AT D touto ST Sy Pregion Frigere  awdol aucey  fime
e B - i i i e
B vmer 0y B w9 W W waw N s
(b) BRATS 2019 Dataset
oo BPE0: 0ol 9% Time Tome oo ose S0 PRT 1o1+om
W eneen O AT BT ORT MR WSS seson PR o
R i - e
WA vweon U W v G th th meon het iasom
(c) BRATS 2020 Dataset
e I t R R R R I Y
T wweon R VR OWRTOW MR VAT aween NG e
WA emson Ot ST S N 5 GLE awsom Tt 1msos
Hendal casos GRE EE  GWor TEE GEE RS suiom BEE 10som
BN e WE W S W e W wew S5 uesm
(d) Figshare Dataset
Goon e B98+077 °Ghoe Ptnt TR Yo Thse s 510403 T 1884005
U weros ORE MBI MEE e GRS NS Lsow N5 o
WA omiom OnE WS Tt N N W s T 1o
Hemedl onisom OfnE  Ugh NGE VAE GIF %EE amsom % imzom
P, mmsom URE MW TSF %S UBF TE amsan GF iwsom

Table 3 presents a thorough quantitative comparison that assesses SCAG-Net and the
previously discussed techniques on a number of datasets, including Figshare, BRATS 2018,
BRATS 2019, and BRATS 2020, to substantiate these conclusions. Based on the comparative
analysis of performance metrics, SCAG-Net consistently and significantly surpasses pre-
vious methods in classification accuracy, Dice coefficient, Intersection over Union (IoU),
sensitivity, specificity, precision, F1-score, Hausdorff Distance, and AUC. This thorough
comparison demonstrates how SCAG-Net overcomes the limitations of previous methods
by combining attention-based graph networks, cuttlefish-optimized feature refinement,
and Swin-UNet-based segmentation into a single framework. This leads to an enhancement
in clinical dependability, accuracy, and structural consistency. Across all four analysis
datasets—BRATS 2018, BRATS 2019, BRATS 2020, and Figshare—SCAG-Net demonstrates
significant, consistent, and positive improvements across all principal performance indica-
tors, as shown in Table 3. The introduced framework achieves 98.69 =+ 0.29% classification
accuracy and 0.969 £ 0.004 in the Dice coefficient, further strengthening its first-place
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position in both accuracy and Dice coefficient compared to Hasan et al. 2025 [38]’s results,
which were 1.3% and 1.5%, respectively. The Hausdorff Distance of 0.9-1.1 mm falls within
the range of structural continuity, with precise, smooth walls around the predicted tumor
borders. Furthermore, the average IoU is 2.5%, and the AUC across the datasets is 99%,
confirming multi-class tumor diagnosis and discrimination. On the speed dimension,
SCAG-Net delivers the fastest 1.45 s per-image inference, outpacing deep fusion models by
0-5% in FO-driven feature running and adaptive attention aggregation. These balanced
metrics reinforce that the proposed SCAG-Net operates at maximum speed for segmenta-
tion, discernment, and computation while maintaining the precision required to confirm
its real-life and functional clinical role. To verify SCAG-Net’s convergence, a confusion
matrix-based assessment was performed across all datasets. This method shows how
quickly and reliably the model finds stable category boundaries for glioma, meningioma,
and pituitary tumor classes throughout iterative learning. The matrix-based evaluation
identifies misclassifications across classes and shows that the attention-guided graph net-
work and cuttlefish optimization-based feature pruning perform well at distinguishing
between classes. The obtained results are shown in Figure 10.

Figure 10 illustrates the convergence analysis of the introduced SCAG-net framework
across different modalities, including glioma, meningioma, and pituitary MRI regions. This
study clearly shows that the effective use of convolutional layers and encoder—decoder
components identifies the overlap region effectively, leveraging the redundancy of spatial
features. According to the Figure, the efficiency is evaluated over 200 epochs, during which
the system reduces irrelevant features by >80%, and the results show <1.2% inter-class
confusion. The analysis ensures that the framework meets the convergence and maximum
confidence values in decision analysis.

The proposed SCAG-Net framework’s ability across all three tumor types is evident
in the ROC and precision—recall analysis results. Each class attained almost complete area
under the ROC and AUC (AUC > 0.98) values, along with average precision (AP > 0.97),
demonstrating excellent discrimination between classes. The smooth rise with low, consis-
tent noise reflects the model’s ability to achieve equilibrium recall and precision. The results
SCAG-Net achieved demonstrate its ability to accurately classify cases with complex tumor
boundaries and overlapping intensities (Figure 11). In addition, the framework’s efficiency
is evaluated across different tumor sizes and grades (severity levels) to justify the decision
variables. This evaluation helps explore the framework’s strengths while examining small
or subtle lesions in different clinical deployment environments. The results are shown
in Tables 4 and 5, where the frameworks are discussed by tumor size: small (<10 cm?),
medium (1040 cm?), and large (>40 cm®). In addition, different tumor grades such as
grade II (low-grade glioma), grade III (anaplastic glioma), and grade IV (glioblastoma
multiforme) are featured.

Table 4. Tumor size-based analysis of the SCAG-Net framework.

Tumor Size Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
Small (<10 cm?) 974+ 0.6 971£0.8 96.8 + 0.7 96.9 + 0.6 0.987
Medium (10-40 cm?) 98.6 0.4 984 £0.5 98.5+ 0.4 984403 0.990
Large (>40 cm?) 99.1£0.2 99.0+0.2 989+ 0.3 989+ 0.2 0.992
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Figure 10. Convergence analysis of the SCAG-Net framework with benchmark methods, namely
Zhu et al. (2024) [26], Meenal and Asokan (2026) [28], Yin & Teng (2026) [29], and Hasan et al.
(2025) [38] over 200 epochs. The figure illustrates the evolution of class-wise performance across
epochs, highlighting stable convergence behavior, improved inter-class discrimination, and compara-
tive robustness of the proposed method against existing approaches.

Table 5. Tumor grade-based analysis of the SCAG-Net framework.

Tumor Grade Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
Grade II 98.1+04 979 £04 98.0+ 0.4 979403 0.989
Grade III 98.7£0.3 98.6 +0.3 98.5+0.3 98.5+0.3 0.991
Grade IV 99.0£0.2 98.9£0.3 99.1£0.3 99.0£0.2 0.993
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Figure 11. ROC and precision-recall analysis of SCAG-Net on BRATS dataset.

The attention-guided networks may be able to graphically display performance rela-

tive to tumor morphologies, visually correlate with tumor grades, and maintain corrected

performance records. Even with minor and different tumor lesions, the model remained
stable, with only minor changes in accuracy (97.4% to 99.1%), while AUC values remained
close to 0.987. The model demonstrates the capacity to learn scale-invariant correlations

via graph-based constituent reasoning and adaptable attention mechanisms. The metrics

are uniform, indicating that the framework effectively captures the discriminative fea-

tures of lower- and higher-grade gliomas, enabling accurate classification across scales of

malignancy. All of these prove that the clinical scenarios are adapting to the proposed

systems” core functions. In addition, the efficiency of the SCAG-Net framework is eval-

uated using paired, statistically significant comparisons with existing methods, and the

results are shown in Table 6. The analysis is carried out at the 95% confidence interval,

and the evaluation is performed on 25 test cases in the dataset. To reinforce statistical

robustness, SCAG-Net is evaluated using five independent experimental runs with distinct

random seeds {42,101,202,303,404}, enabling stability assessment beyond mean =+ standard

deviation reporting. For the BRATS 2020 dataset, the proposed framework achieves a Dice
score of 0.989 £ 0.004, corresponding to a 95% confidence interval of [0.985, 0.993], while
IoU reaches 0.969 + 0.005 with a 95% confidence interval of [0.964, 0.974], and accuracy
attains 0.992 £ 0.003 with a 95% confidence interval of [0.989, 0.995]. Comparable confi-
dence interval widths are observed across BRATS 2018, BRATS 2019, and Figshare datasets,
indicating low variance and consistent generalization across runs. Furthermore, class-wise

confusion matrices are reported for each dataset, revealing balanced error distributions

with average sensitivity and specificity of 97.9% and 99.1% for high-grade gliomas, and

97.2% and 98.8% for low-grade gliomas, respectively.

Statistical comparisons (Table 6) show that SCAG-Net outperformed all benchmark

models and metrics, achieving a mean Dice of 0.989, an IoU of 0.969, and an accuracy
of 0.992, with much tighter standard deviations (<0.005), indicating SCAG-Net’s strong
generalization ability. The paired t-test shows that all p-values are < 0.05, indicating that
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the differences across the comparisons are not due to chance. Furthermore, negative A
values in baseline models indicate that all other SCAG-Net architectures perform worse
than SCAG-Net’s benchmark. The improvement here is indisputable and speaks to SCAG-
Net’s optimization and high ability to different tumor regions. Thus, the introduced
SCAG-Net framework successfully explores multimodal MRI images to identify the binary
mask region, achieving the highest recognition accuracy with the lowest false-positive rate
compared to the benchmark analysis.

Table 6. Significance analysis of SCAG-Net framework.

. A vs. o s e
Metric Model Mean £ SD SCAG-Net 95% CI (A) p-Value Significance
Zhu et al. 0.971 + 0.008 —0.018 [—0.026, —0.010] 0.002  Signifi
(2024) [26] ) ’ : V2o, —U. . ignificant
Meenal & Asokan o
(2026) [28] 0.974 £+ 0.007 —0.015 [—0.023, —0.008] 0.004 V4 Significant
Dice Yin & Ten
g —_— J— — . ..
(2026) [29] 0.976 + 0.009 0.013 [—0.021, —0.006] 0.006 V4 Significant
Hasan et al. -
(2025) [38] 0.972 + 0.010 —0.017 [—0.025, —0.009] 0.003  Significant
SCAG-Net 0.989 + 0.004 — — — —
Zhueetal. 0.954 + 0.009 ~0.015 [—0.023, —0.007] 0.005  Signifi
(2024) [26] : : . Uzo, =U. . igniticant
Meenal & Asokan o
(2026) [28] 0.956 + 0.008 —0.013 [—0.021, —0.006] 0.007 V4 Significant
oV Yin & Teng 0.959 + 0.009 ~0.010 [—0.018, —0.005] 0.01  Signifi
(2026) [29] : : : Uls, =U. - ignificant
Hasan et al. -
(2025) [38] 0.955 + 0.010 —0.014 [—0.022, —0.007] 0.006  Significant
SCAG-Net 0.969 + 0.005 — — — —
Zhu et al. 0.982 + 0.006 —0.007 [~0.012, —0.003] 0.015  Signifi
(2024) [26] ’ ’ : Ole, =L . ignificant
Meenal & Asokan L e
(2026) [28] 0.984 + 0.005 —0.005 [—0.010, —0.002] 0.022 V4 Significant
Accuracy .
Yin & Teng .
(2026) [29] 0.985 + 0.006 —0.004 [—0.009, —0.002] 0.027 2 Significant
Hasan et al. -
(2025) [38] 0.983 + 0.005 —0.006 [—0.011, —0.003] 0.02  Significant
SCAG-Net 0.992 + 0.003 — — — —
Note: A denotes the mean performance difference between each benchmark model and SCAG-Net

(A = Metricpenchmark — Metricscag—net)- Negative A values indicate that the benchmark method performs worse

than SCAG-Net. The symbol 7 indicates statistically significant differences between the compared method
and SCAG-Net, based on the reported p-values (p < 0.05). The 95% confidence interval (CI) for A provides the
estimated range of the true performance difference.

For the BRATS 2020 dataset, SCAG-Net achieves a sensitivity of 97.9% for high-grade
gliomas and 97.2% for low-grade gliomas, indicating reliable identification of tumor-
present regions, while corresponding specificity values of 99.1% and 98.8% demonstrate
effective suppression of false-positive detections in non-tumor tissue. These results are
consistent across BRATS 2018, BRATS 2019, and Figshare datasets, with inter-dataset
variance remaining below £1.2%, confirming stable class discrimination. Visualization of
attention heatmaps and graph-based region interactions further reveals that correct positive
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predictions align with clinically relevant tumor cores and infiltrative margins, whereas true
negative predictions correspond to anatomically normal regions.

Additional research on statistics, such as providing the mean and standard deviation
across numerous repeated runs to account for stochastic variability in training, should be
included to support the claims of resilience and performance stability. A better understand-
ing of the model’s discrimination capacity, particularly in the case of class imbalance, is
possible by adding ROC and precision-recall curves for each tumor class to the findings.
Confusion matrices for every dataset are able to comprehend sensitivity and specificity
results and visually indicate inter-class misclassifications. When combined, these statis-
tical measures provide a more thorough assessment framework and more solid proof of
SCAG-Net’s consistency and dependability across various datasets and tumor types.

Class imbalance among BRATS tumor subregions, Enhancing Tumor (ET), Necrotic
and Non-Enhancing Core (NCR), and Peritumoral Edema (ED), is explicitly addressed
within the SCAG-Net framework through a combination of loss reweighting, region-aware
attention, and graph-based relational modeling. During training, a composite loss func-
tion that integrates a weighted Dice loss and class-balanced cross-entropy assigns higher
importance to underrepresented regions, particularly ET and NCR, thereby stabilizing
gradient updates across skewed class distributions. The attention-based graph neural
network further reinforces minority class representation by modeling spatial dependencies
between subregions, enabling feature propagation from dominant ED regions to smaller
but clinically critical ET and NCR components. Empirically, this strategy yields balanced
performance across subregions, with Dice scores of 0.961, 0.955, and 0.972 for ET, NCR, and
ED, respectively, on the BRATS 2020 dataset.

Through the specific elimination of Swin-UNet, the cuttlefish feature-selection mod-
ule, the graph attention network (GAT), and the refinement stage, ablation research has
been performed to measure the individual contribution of each component in SCAG-Net.
Swin-UNet’s function in boundary-aware representation was confirmed by the significant
loss in segmentation quality and drop in Dice scores that resulted from its removal. Clas-
sification accuracy decreased when cuttlefish optimization was excluded due to slower
convergence and increased feature redundancy. With a ~9% decrease in Dice and greater
tumor-non-tumor separability, replacing GAT with a traditional MLP resulted in the great-
est loss, underscoring the need for graph-based structural reasoning. Unfiltered noisy
attributes led to higher misclassification and false-positive rates when the feature-selection
stage eliminated them. These results show that while each component makes a unique
contribution to system performance, the fully integrated SCAG-Net attains the best overall
accuracy and robustness.

Prospective research and external institutional testing are necessary to evaluate the
proposed framework’s real-world clinical reliability, despite its great resilience across a
variety of public datasets.

The proposed SCAG-Net framework operates on axial 2D slices extracted from BRATS
volumetric MRI scans, where each slice is independently processed through the Swin-UNet
encoder—decoder to enable high-resolution feature learning with manageable computa-
tional complexity. This design supports efficient modeling of tumor appearance while
preserving fine-grained spatial details that are critical for delineating heterogeneous and
infiltrative glioma regions. Intra-slice structural coherence is further reinforced through
attention-based graph neural networks, which encode spatial relationships among tumor
subregions and are adaptively weighted using cuttlefish-optimized attention mechanisms.
Although inter-slice volumetric continuity is not explicitly encoded within the current
formulation, the combined transformer—graph architecture captures rich contextual and
topological information sufficient for accurate tumor characterization across diverse MRI
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volumes. Volumetric extensions of SCAG-Net using 3D windowed attention and voxel-
level graph construction are identified as a natural progression of the framework to further
enhance cross-slice contextual modeling.

5. Conclusions

Thus, this paper introduces the SCAG-Net framework to address existing reliability
and accuracy issues in predicting brain tumors from MRI images and aims to maximize
its robustness, interpretability, and spatial information within brain regions. The system
uses the Swin-UNet to explore the image region, employing an encoder—decoder archi-
tecture that identifies the brain region mask by leveraging layers that capture local and
global feature dependencies. In addition, spatial context details, feature-level information,
and adaptive attention for identifying brain structure help improve overall recognition
accuracy. During analysis, cuttlefish behavior is used to select the optimized region, and a
feature-refinement process is applied to reduce irrelevant and redundant features, thereby
minimizing computational complexity. In addition, the framework uses effective prepro-
cessing techniques that remove noise and inconsistent details, thereby improving overall
brain tumor recognition efficiency. Finally, the graph structure is used to process the selected
features, with node and edge weights frequently updated to minimize the false-positive er-
ror rate. In addition, the system’s efficiency is evaluated using various metrics and datasets,
and the introduced framework ensures rapid convergence, stability, and generalization
compared to benchmark methods. The proposed system achieved a Dice coefficient of 0.989,
an IoU of 0.969, and a classification accuracy of 0.992. This performance surpassed the
most recent benchmark models by margins of 1.0% to 1.8% and with statistically significant
differences (p < 0.05). These findings attest to the framework’s effectiveness in maintaining
structural integrity, improving boundary localization, and enhancing class separability
in complex tumor morphologies. The focus of future extensions will be on integrating
multimodal MRIs, 3D volumetric modeling, and cross-domain adaptation to bolster clinical
generalization. This system is limited to 2D MRI slices. Therefore, volumetric spatial
correlations will not be exhaustively leveraged. The system may also perform worse with
noisy data or lower-resolution data. Explainable Al and correlational radiomics will be
incorporated to provide a higher level of clinical transparency and interpretability. These
findings present a statistically validated, computationally efficient, clinically deployable
framework. The performance accuracy in tumor recognition is at an expert level.
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