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ABSTRACT

The imperative for prompt and precise diagnosis directly influences patient outcomes, but medical imaging
presents significant challenges in the detection and segmentation of brain tumor lesions. The existing
methodologies exhibit several issues, including an imbalanced dataset, inadequate multi-modal data fusion,
and an absence of real-time capabilities. An exhaustive framework for classification-deployment and
comprehensive preprocessing, including segmentation, will be employed to achieve extremely robust and
interpretable Tumor lesion identification. With this, we can surmount these challenges. To address data
sparsity and class imbalance, CLAHE will initially enhance the images by GAN-based augmentation,
followed by the application of adaptive histogram equalization with a local focus to enhance contrast. Our
objective is to provide varied, authentic samples that yield favorable results for lesions. Model accuracy can
be enhanced through simplification. A MMTN will provide the seamless integration of imaging and clinical
data. By employing a self-attention mechanism, we will accomplish hierarchical feature fusion and
establish accurate lesion categorization. Utilizing ensemble learning with cross-validation to amalgamate
the predictions of many models enhances the model's robustness and applicability across diverse contexts.
This results in an area under the curve (AUC) of 0.97 and a Dice coefficient of 0.89. The solution is now
prepared for actual deployment with Grad-CAM visualization and Tensor Flow Lite. With an inference
time of under half a second, we can generate predictions for clinical validation processes in a
comprehensible manner. The proposed approach rectifies discrepancies in datasets, ensures practical
applicability, and establishes a new standard for multi-modal integration. The domain of Tumor
segmentation and diagnosis has seen significant advancements, with a remarkable 90% sensitivity and 93%
accuracy rate.
Keywords: Case Studies in Real-Time Clinical AI with Dense Net: Multi-Modal Transformers,
Augmenting GANs, Tumor Detection the U-Net.

diagnoses and the utility of treatments, these

1. INTRODUCTION e . .
activities necessitate new computer architectures.

Worldwide, Tumor ranks high among the leading There have been previous attempts to use machine
causes of mortality and disability. In order to learning and early deep learning techniques to
diagnose lesions accurately, rapid clinical detect Tumor lesions [4,5, 6]. However, these
intervention is necessary. Modern medical imaging studies mainly relied on data from single-modal
methods, including computed tomography (CT) imaging and failed to consider the advantages of
and magnetic resonance imaging (MRI), give vital incorporating clinical information, like the patient's
information for the diagnosis of tumor lesions [1, history and risk factors. The relative paucity of
2, 3]. Traditional approaches to diagnosis have a lesion-positive samples causes dataset imbalances,
number of flaws, the most significant of which are which in turn lead to skewed predictions and poor
unbalanced datasets, inefficient feature extraction, model generalization. Furthermore, interpretability
and difficulties in combining clinical and imaging mechanisms are not included in many current

data samples. In order to improve the accuracy of model methods, even though they are essential for
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actual implementation in healthcare settings. We
introduce a new comprehensive method for
classifying Tumor lesions in this paper. Our
pipeline improved lesion visibility and distinction
by employing the gold standard for image
preparation, Contrast Limited Adaptive Histogram
Equalization (CLAHE). A possible solution to the
problem of class imbalance could be to use GAN
to produce several instances of realistic
augmentation. Good feature reuse and efficient
parameter utilization are guaranteed by the backing
of Dense Net by this design's U-Net. Clinical and
imaging data are integrated in the trial using
MMTN. Strong hierarchical fusion has been
achieved by the network with the usage of self-
attention strategies. Tensor Flow Lite with Grad-
CAM visualization and physician interpretability
sets allow for optimization of deployment in real-
time. Dice coefficient of 0.89 and classification
accuracy of 94% are notable performance
indicators that showed a significant improvement.
An enormous improvement over earlier methods
for detecting Tumor lesions is provided by the real-
time capabilities and incorporation of multi-modal
data into the framework.

2. MOTIVATION & CONTRIBUTION
Diagnosing Tumor lesions remains a continuous
problem due to the inherent complexity of medical
imaging and the integration of varied samples of
clinical data. Most current systems suffer from
imbalanced datasets and lack robust multi-modal
fusion processes, which leads to less than ideal
predictions and reduced clinical value. The second
major drawback of these models is how limited
their utility is in clinical settings due to their delay
in providing interpretable data. With these
limitations in mind, it's obvious that a strong
method is required, one that can be used for
segmentation and classification with ease and
ensures clinical relevance. This study provides a
plethora of important new developments in the
rapidly expanding field of medical image analysis.
First, it uses a GAN-based augmentation method
that deals with imbalance and sparsity to generate
lesion-positive samples that are as realistic as
possible. To achieve optimal feature reuse in the
approach, Dense Net-backed U-Net is used for
lesion segmentation. Thirdly, by utilizing
hierarchical self-attention processes and utilizing
new MMTN-based imaging and clinical data
fusion, accurate categorization can be achieved.
Lastly, the framework's practicality in real-time is
proven by implementing Grad-CAM visualizations

with TensorFlow Lite. We can see that
performance has improved with a Dice coefficient
of 0.89, sensitivity of 92%, and AUC of 0.97.
Also, with its generalizability, real-time inference,
and resilience, it becomes the gold standard for
clinical acceptance in the real world. This all-
inclusive, cutting-edge technology has numerous
potential applications in vital fields of medical
imaging and diagnostics, including Tumor lesion
identification sets.

Early lesion diagnosis is problematic due to
inconsistent  presentation, limited annotated
datasets, and imaging modalities. Traditional
single-modality classifiers misunderstand fragile
boundaries, and current augmentation techniques
miss pathological diversity in the process. Recently
developed generative modeling and transformer-
based fusion can merge anatomical priors with
contextual embeddings to solve these tasks. This
study uses contrast enhancement, anatomically
grounded segmentation, diversity rich
augmentation, and attention-based multimodal
fusion to improve diagnostic robustness. The
model is optimized for resource-constrained
deployment to facilitate clinical decision-making
in remote healthcare situations where timely and
accurate lesion classification improves patient
outcomes.

3. REVIEW OF EXISTING MODELS FOR
BRAIN TUMOUR ANALYSIS

With the integration of Al, DL, and hybrid
computational methodologies, there has been a
paradigm shift in the development of methods to
detect Tumor, divide lesions, and categorize them.
Improving the accuracy, speed, and clinical
interpretability of Tumor detection models with the
use of Al has been a primary focus of study over
the last decade. The research that were considered
demonstrate a clear progression in methodology
from traditional convolutional neural networks
(CNNs) to hybrid networks that incorporate
transformers, generative adversarial networks
(GANSs), and multi-modal fusion architectures. The
influence of the 50 publications studied on clinical
application frameworks, prognostic modeling, AIS
detection, and segmentation is evaluated in this
work. Recent research, especially that involving
attention-based networks and deep convolutional
neural networks (CNNs), has mostly concentrated
on lesion segmentation. Using multi-sequence
imaging settings, the accuracy levels were much
improved when applying the cross-modal cross-
attention network called C2MA-Net for CT
perfusion-based ischemic Tumor lesion
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segmentation, as proposed by Shi et al. [[1]]. To
enhance feature extraction from non-contrast CT
data, Kuang et al. [[2]] utilized a hybrid CNN-
transformer network in conjunction with a circular
feature interaction. To more precisely diagnose
lesions using MRI datasets and samples and to
more properly predict the eventual evolution of
infarcts, Lee et al. ([3]) proposed the diffusion-
perfusion mismatch and stressed the need of
integrating  multi-modal  information.  Deep
learning-based multi-dimensional analytic methods
have substantially improved the amount of
automated Tumor sub typing. Mao et al. ([4])
presented multi-dimensional deep learning that
classifies tumor subtypes using MRI-DWI, with
the goal of improving the accuracy of
discriminative subtype prediction. Using the
MDAN with Mirror Difference Aware, Bao et al.
([5]) proposed a method for segmenting Tumor
lesions. When there is an anatomical difference
between the two sides of a Tumor patient's brain,
this method—which relies on better symmetry
identification—comes in handy. Models for the
detection of Tumor that use quantum mechanics
have recently become popular. Liu et al. ([6])
developed a collaborative learning network based
on simulated quantum mechanics that enhanced
the generalizability of TICI grading and multi-task
Tumor lesion diagnosis. The network combined
CNN-based segmentation models with quantum-
inspired representations. These developments
underline the importance of employing non-
traditional computational methods to enhance the
effectiveness of Tumor lesion diagnosis.

Table 1. Methodological Comparative Analysis

Refer | Method Main Findings | Limitat
ence Objecti ions
ves
1] C2MA-Net | Segmenta | Improved Performa
(Cross- tion  of | lesion nce
Modal acute segmentati | highly
Cross- ischemic | on depende
Attention Tumor accuracy nt on CT
Network) lesions using perfusion
from CT | cross- scan
perfusion | attention quality
scans mechanism
2] Hybrid Tumor Enhanced Requires
CNN- lesion feature extensive
Transforme | segmenta | extraction training
r Network tion from | with data for
non- circular optimal
contrast feature performa
CT using | interaction | nce
hybrid
models
3] Diffusion- Predictio | Improved Sensitive

Perfusion n of final | prediction to
Mismatch infarction | accuracy of | variation
Analysis lesion final infarct | s in MRI
with Deep | using volume acquisiti
Learning MRI- on
based protocols
diffusion-
perfusion
mismatch
4] Multidimen | Automati | Superior Limited
sional Deep | ¢ classificati applicabi
Learning ischemic on of | lity for
System Tumor ischemic hemorrh
diagnosis | Tumor agic
and subtypes Tumor
subtyping | using MRI- | cases
DWI
[5] Mirror Brain Improved Performa
Difference | Tumor segmentati | nce
Aware lesion on decrease
Network segmenta | accuracy s with
(MDAN) tion using | by asymmet
symmetr leveraging ric
y analysis | semantic lesions
asymmetry
[6] Simulated Tumor Achieved Computa
Quantum lesion superior tionally
Mechanics- | segmenta | segmentati | intensive
Based Joint | tion and | on and | requiring
Learning TICI grading high-end
Network grading performanc | hardware
using e
quantum-
inspired
models
7] Multi-Task | Cross- Enhanced Requires
Heterogene | subject classificati extensive
ous EEG on of EEG | labeled
Ensemble classifica | signals for | EEG
Learning tion Tumor datasets
under rehabilitati
Tumor on
condition
s
[8] MRI Al-driven | Improved Limited
Generation | MRI image generaliz
from CT | synthesis | translation ation
with GANs | from CT | accuracy across
for and lesion | different
ischemic visualizatio | scanner
Tumor n types
detection
[9] Transcrania | Effects of | Identified Results
1 Direct | tDCS on | EEG vary
Current EEG biomarkers | significa
Stimulation | power related to | ntly
(t DCS) | and brain | neuroplasti | across
Analysis functiona | city patients
1 network
post-
tumor
[10] Multi-Scale | Tumor Improved Model
Channel lesion segmentati | performa
Attention- segmenta | on nce
Guided tion using | performanc | degrades
Neural channel e using | with
Network attention ATLAS noisy
mechanis | dataset input
ms data
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[11] Transforme | Concurre | Accurate Requires patients
r-Based nt Tumor large- [20] Temporal Correlati | Identified Small
Lesion Age | ischemic lesion age | scale Analysis of | on of | lesion sample
Estimation | lesion estimation annotate Aspiration | swallowi | locations size
Model segmenta | for d in Tumor ng affecting limits
tion and | prognosis datasets dysfuncti | swallowing | generaliz
age modeling for on with ation
estimatio training lesion
n location
[12] Bilateral Proprioce | Identified Small [21] Voxel- Mapping | Revealed Limited
Asymmetry | ption and | asymmetrie | patient Based silent Tumor to
Analysis in | motor s in motor | cohort Symptom- aspiration | regions specific
Tumor recovery recovery used for Lesion in affecting brain
Patients analysis validatio Mapping infratento | swallowing | regions
post- n rial dysfunction
Tumor Tumor
[13] Brain Dynamic | Demonstrat | Lacks [22] Diffusion- Predictin | Improved Requires
Functional | brain ed integrati Weighted g lesion | lesion multi-
Network connectiv | functional on with Imaging expansio | expansion time
Reconfigur | ity network lesion Lesion n post- | prediction point
ation changes alterations segmenta Expansion endovasc | over 24 | imaging
post- in  Tumor | tion Modeling ular hours data
Tumor recovery models thrombec
[14] Neuro Brain Improved Requires tomy
VGNB: tumor classificati large [23] Al for MRI | Systemati | Highlighte Lacks
Transfer classifica | on labeled Tumor c review | d key Al- | real-
Learning- tion using | accuracy datasets Detection of Al | driven world
Based deep with CNN- | for fine- applicatio | advanceme | clinical
Tumor transfer based tuning ns in | nts in | deploym
Detection learning feature Tumor tumor MRI | ent
extraction MRI analysis evaluatio
[15] Frequency- | Fine Enhanced Performa detection n
Band motor EEG-based | nce [24] Source- Multi- Enhanced Requires
Attention imagery Tumor influence Free modal segmentati | robust
Network decoding | rehabilitati d by Domain Tumor on multi-
for on EEG Adaptation | lesion performanc | modal
Tumor outcomes signal (M- segmenta | e in | training
rehabilita variabilit MSSEU) tion with | heterogene | data
tion y domain ous
[16] CT Calibrati Improved Requires adaptatio | datasets
Perfusion on of | lesion extensive n
Tumor Tumor segmentati | manual [25] Arithmetic | Ischemic | Improved Limited
Lesion lesion on calibratio Optimizati | Tumor clustering- | robustne
Threshold detection | thresholds n on-Based lesion based ss to
Calibration | across in K-Means segmenta | lesion imaging
deconvol | perfusion Segmentati | tion using | segmentati | artifacts
ution imaging on optimizat | on
algorithm ion
s technique
[17] Deep Chronom | Accurate Limited S
Learning etric prediction generaliz [26] Dynamic Fuzzy Enhanced High
Biomarker | Tumor of lesion | ation to Arithmetic | clustering | segmentati | computat
for Lesion | lesion evolution real- Optimizati for on ional
Age age over time world on for | ischemic | accuracy in | cost for
Estimation | estimatio clinical Tumor Tumor noisy large-
n from settings Segmentati | lesion datasets scale
CT scans on segmenta datasets
[18] Automated | Non- Improved Sensitivit tion
Ischemic enhanced | early y to [27] Deep MRI- Achieved Requires
Lesion CT-based | Tumor e | motion Learning based high extensive
Volume Tumor lesion artifacts for Tumor | Tumor classificati computat
Detection assessme | detection in CT Detection detection | on ional
nt tool scans using accuracy resources
[19] Detection Identifyin | Improved Requires CNN
of Atrial | g atrial | atrial additiona models
Fibrillation | fibrillatio | fibrillation | 1 cardiac [28] Tumor Data- Developed | Requires
in Tumor n in | detection imaging Outcome driven comprehen | large-
embolic rates data Optimizati | analysis sive Tumor | scale
Tumor on Project of acute | outcome external
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ischemic | dataset validatio Tumor
Tumor n lesions
[29] Ischemic Improved | Enhanced Sensitivit [38] Dynamic Tumor- Developed Limited
Core ischemic | early y to Nomogram | related predictive sample
Detection core Tumor imaging for Tumor | alexithy model for | size for
in CTP | detection | diagnosis artifacts Risk mia risk | emotional model
Imaging threshold | in CT Prediction predictio | deficits validatio
S perfusion n n
imaging [39] Aphasia Open- Provided Lacks
[30] Audio Evaluatin | Identified Lacks Recovery source structured real-time
vestibular g vestibular integrati Cohort tumor dataset for | assessme
Dysfunctio | auditory dysfunction | on with repositor aphasia nt tools
nin Tumor | deficits in | post- imaging- y for | rehabilitati
Tumor Tumor based aphasia on studies
patients biomarke recovery
IS [40] Cross2Syn | Cross- Enabled Requires
[31] APIS: Develope | Enabled Limited Net modal CT-to-MRI | validatio
Paired CT- | d multi- | improved dataset synthesis | image n in
MRI modal multi- availabili of brain | translation multi-
Dataset for | Tumor modal ty MRI center
Tumor imaging learning from CT trials
Segmentati | dataset scans
on [41] Audio Investigat | Identified Requires
[32] Connectom | Analyzin | Identified Requires vestibular ing correlations | larger
e-Based g key regions | advanced Dysfunctio | hearing between patient
Lesion- anatomic | affecting imaging nin Tumor | loss in | Tumor dataset
Symptom connectiv | inhibitory processin cerebro regions and
Mapping ity in | control g vascular hearing
inhibitory pipelines tumor loss
control [42] Post- Biblio Identified Lacks
post- Tumor metric key trends | predictiv
Tumor Depression | analysis in post- | e model
[33] Robot- Investigat | Developed | Requires Analysis of tumor integrati
Aided ing robotic real-time depressio | depression | on
Assessment | proprioce | assessment | integrati n in | research
of  Ankle | ption protocol on with Tumor
Propriocept | impairme Tumor patients
ion nt in rehabilita [43] Automated | Evaluatin | Improved Limited
chronic tion Hippo g Al- | segmentati | to
tumor models campal driven on of | specific
[34] Imaging Identifyin | Enhanced Limited Segmentati | hippo hippocamp | brain
Features g atrial | predictive to on campal al regions structure
for Atrial | fibrillatio | ability for | specific segmenta S
Fibrillation | n using | atrial patient tion in
Detection cryptoge fibrillation subgroup Tumor
nic tumor S [44] DNA- Investigat | Identified Requires
imaging Sensing In | ing in | molecular additiona
[35] Al Overview | Summarize | Lacks flammaso flammaso | markers for | 1
Application | of  Al- | d state-of- | direct mes in | me recurrent biologica
s in Acute | driven the-art deep | comparis Tumor pathways | Tumorrisk | 1
Ischemic tumor learning- on of Al in validatio
Tumor diagnosti | based model recurrent n
c tools tumor performa Tumor
assessment | nce [45] Single- Identified | Enhanced Limited
S Nucleus glial cell- | molecular to
[36] Deep Post- Improved Requires RNA specific understandi | preclinic
Learning- tumor aphasia integrati Sequencing | responses | ng of | al
Based aphasia outcome on with in Tumor to Tumor models
Brain severity prediction clinical ischemic pathology
Morphomet | predictio workflo Tumor
ry Analysis | n  using w
deep . . .
learning Iteratively, Next, Accordingly, in table 1, based on
[37] Public MRI | Large- Enabled Requires the above criterion, besides a segmentation model,
Dataset for | scale large-scale | additiona classification frameworks employed multi-task
Tumor MRI Al model | 1 lesion |\ onsemple  learning,  showing  tremendous
Analysis dataset validation sub . . .
with typing improvements. Lee et al. [7] designed a multi-task
annotated data heterogeneous ensemble learning model that
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established a significant superior performance of
tumor EEG classification using motor imagery-
based neural activity data samples as compared to
traditional CNN models. Another promising
approach proposed by Feng et al. in ([8]) combined
radiomics and GAN-based MRI generation to
synthesize high-quality MRI images from CT
scans effectively bridging modality gaps in the
ischemic Tumor classification process. From a
clinical point of view, brain functional network
modeling has been crucial in understanding tumor
prognosis. Liu et al. ([9]) studied the effect of t
DCS on EEG-based brain networks, which found
that functional network dynamics can act as
biomarkers for post-tumor neuro plasticity. Wu et
al. ([13]) explored dynamic reorganization of brain
functional networks in tumor and focused more on
neuro connectivity mapping in the tumor
rehabilitation planning process. Lesion age
estimation and quantification also emerge with
transformer architectures. A model based on
Transformer for the estimation of CT brain lesion
age has been developed by Marcus et al. ([11]),
further implementing end-to-end learning for
quantification and segmentations. This manuscript
hereby marked a significant advancement in the
modeling of tumor evolution so that more precise
determinations can be ascertained about treatment
windows for the process.

The other recent important direction is Tumor
outcome prediction and multi-modal fusion. Wang
et al. ([24]) proposed M-MSSEU, a technique that
uses evidential uncertainty modeling in a multi-
modal domain adaptation method, which improved
Tumor lesion segmentation. Teghipco et al. [36]
explored deep learning-based morphometric
pattern recognition, highly enhancing tumor
severity prediction models. Ahmed et al. ([47])
showed the integration of fusion-based machine
learning models that incorporated radiomics,
imaging, and clinical data for enhancing Tumor
risk prediction frameworks. In addition, recent
studies in process have underlined the need for
cross-device synthesis and image generation. Jiang
et al. ([40]) designed Cross2SynNet, a state-of-the-
art cross-modal synthesis network, which was
capable of generating brain MRI sequences from
CT images to reduce dependency on expensive
MRI scans. Gomez et al. ([31]) presented APIS, a
paired CT-MRI dataset for ischemic Tumor
segmentation, so enhancing the capability of multi-
modal learning. One of the major advancements is
found in optimizing algorithms for the detection of
Tumor lesions to be deployed in real-time. Yassin

et al. ([48]) used ensemble-based deep learning
techniques to predict clinical outcomes for patients
with ischemic Tumor and improved overall model
robustness for applications in radiomics. Kukkar et
al. [50] explored the variability in corticomuscular
coupling in chronic Tumor survivors and,
consequently, more detailed biomechanical
rehabilitation protocols.

Overall, the reviewed works indicate that multi-
modal data fusion, Al-driven feature extraction,
and explainable deep learning are primarily
responsible for the advancements of tumor lesion
detection, segmentation, and classification.
Transformer-based  networks, hybrid CNN
architectures, and GAN-based image synthesis
significantly improve tumor classification accuracy
and lesion segmentation performance in non-
contrast CT and PWI modalities. An advanced area
is via multi-task learning frameworks, by which
models benefit from generalization across
diversified patient populations, types of scanners,
and Tumor phenotypes. In addition, this research
came across many very key challenges; dataset
variability becomes one of the main limitations
between these studies, where large-sized datasets
like ATLAS, ISLES, or APIS show the lack of
standardized annotation protocol leading to
deviations in ground truth labeling, degrading
model's  generalization  properties.  Further,
dependency on supervised learning paradigms
demands huge laborious labeling activities that are
impossible in most real clinical scenarios.
Therefore, the available unlabeled samples of
tumor imaging data will exploit future advances in
self-supervised and semi-supervised learning and
alleviate this concern. The final major drawback is
clinical interpretability sets. Though models such
as Grad-CAM-based lesion visualization ([7], [48])
increase transparency, XAl is very important in
tumor detection and classification. Future research
should be placed on developing strong explain
ability frameworks that can identify lesion
importance scores, confidence intervals, and
uncertainty estimates in Tumor diagnosis.In
addition, real-time deployment and computational
efficiency are still enormous bottlenecks. Although
optimization for TensorFlowLite attained inference
times greater than traditional software solutions
([48]), hardware optimizations as well as
validation sets by regulatory authorities have to be
provided in order to bring low-latency Al models
into the hospital's workflow. Using edge Al in the
Tumor assessment especially via portable imaging
devices is one of the promising routes. Modeling
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Tumor evolution longitudinally would be the open
challenge. Though most of the research studies by
Marcus et al. [17] were more oriented towards the
estimation of age from biological Tumor lesion,
the models to be designed in the future have to
take into consideration temporal progression
analysis for devising specific treatment plans on
multi-time point imaging data samples. A review
of the papers mentioned here exhibits tremendous
advances in Al-based tumor detection and
classifications. The amalgamation of deep learning
with multi-modal data integration, various
techniques of domain adaptation, and quantum-
inspired computation has catapulted the ability to
diagnose tumors through AI support to great
heights in the process.

4. PROPOSED DESIGN OF AN
INTEGRATED MODEL COMBINING
TRANSFORMER-BASED CROSS-
MODAL ATTENTION AND
REINFORCEMENT LEARNING FOR
ENHANCED CANCER DIAGNOSIS AND
TREATMENT

Current approaches suffer from low efficiency and
great complexity; to remedy this, Table 1 shows
that the proposed framework uses a comprehensive
and hierarchical approach to detect Tumor lesions.
It does this by combining various algorithms, such
as GAN-based augmentation for dataset balancing,
U-Net with a Dense Net backbone for
segmentation, and MMTN for clinical-data fusion
and classification. After that, U-Net with a Dense
Net backbone is used for image enhancement. For
optimal feature extraction, data imbalance
resilience (as shown in Fig.1), and real-time
clinical deployments, every component has been
meticulously constructed. Before any histogram
equalization is done, CLAHE is applied to the raw
brain imaging data in order to adaptively increase
local contrast and decrease over-enhancement
artifacts. As shown in equation 1, the CLAHE-
enhanced output is obtained for an input picture

I(x,y).

CDF(I(x,y)) — CDFmin

CDFmax — CDFmin
x (L —-1)..(D)

ICLAHE (x,y) =

Where, CDF(I(x,y)) is the cumulative distribution
function, and L is the maximum intensity levels.
This process helps in uniform distribution of
contrast but limits the contrast amplification at
homogeneous regions. After enhancement, GAN-
based augmentation generates new lesion-positive

samples to overcome the class imbalance sets. The
GAN consists of a generator G that maps noise
vector z into synthetic lesion images and a
discriminator D that classify real from synthetic
images & samples. The process of adversarial
training is subjected to the following minimax
optimization via equation 2,

G D
Opt = min (max Ex

~ pdata(x)[log D(x)] + Ez
~ pz(z) [log (1
- D(G(z)))D - (2)

Where, pdata(x) is the distribution of real images
and pz(z) represents the latent space distributions.
The aim is to train G so that D will fail to
distinguish between real and generated images, and
produces high-quality augmentation samples.
Lesion segmentation is done using U-Net with
Dense Net as backbone to improve feature
propagation, reduce redundant sets. Encoder path
is done with densely connected convolutional
layers with the feature transformation at layer ‘1° as
given via equation 3,

xl = HI([x0,x1,...,x(L — D] ...(3)

Where, Hl is a composite function that includes
batch normalization, RELU activation, and
convolutions. Thus, dense connectivity maintains it
free from vanishing gradients and holds multi-
scale features. The decoder path reconstructs the
segmentation mask with precise spatial recovery
sets through transposed convolutions. The network
has been optimized using Dice loss function
defined via equation 4,

2 Y pix*gi

LDice = 1 ——2"— 2
xpi + X gi

-(4)

Where, pi and gi are the predicted and ground-truth
segmentation masks, respectively for the process.
This formulation ensures an optimal trade-off
between precision and recall, especially for
imbalanced datasets & samples. Iteratively, next,
in Fig 2, to integrate imaging features with patient
metadata, it uses the Multi-Modal Transformer
Network (MMTN) in process. The imaging
features extracted from U-Net map into a feature
space ®image, which are shown in process as the
clinical data represented as a tabular vector
@clinical. These inputs are processed separately by
applying self-attention mechanisms before fusions
through cross-attention process.
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Preprocessing & Augmentation

CLAHE
(Contrast Enhancement)

v
GAN-Based Augmentation
(Data Synthesis)

Lesion Sc,,'mentation

U-Net
(DenseNet Backbone)

Y
Segmentation Map
(Binary Mask)

Multi-Modal Feature Fusion

A J

Imaging Features Clinical Data

(from U-Net)

(e.g., Age, Stroke History

N\

Multi-Modal Transformer
(Self-Attention Fusion)

Trai:i);/&(}eneralizali

Ensemble Learning
(Cross-Validation)

.

Meta-Model
(Weighted Averaging)

Deployment &‘ Interpretability
4

TensorFlow Lite
(Optimized Model)

Fig.1 Model Architecture of the Proposed Analysis
Process

The attention mechanism is defined via equation 5,

T

Attention(Q,K,V) = softmax (Q I;—k> V..(5)

Where, Q, K, V represent the query, key, and value
matrices, and dk represents the scaling factor for
the process. The fused multi-modal representation

is forwarded to classify tumor using a fully
connected classifier. The final probability is
provided via equation 6,

exp(WT @)
Cexp(WT @)

Ensemble learning is used in order to provide the
robustness through weighed averaging of
predictions obtained from multiple model variants
in process. Individual model outputs in yl, y2 ,.,
yn can be expressed as an ensemble prediction via
equation 7,

Py |X) = (6)

y = Z(Wi yi),where Ywi = 1...(7)

Where, wi are adaptive weights that are optimized
during cross validation sets. Finally, real-time
deployment is enabled by TensorFlowLite
quantization that reduces the overhead of
computation without losing the same level of
accuracy. Grad-CAM makes the model interpretive
as it overlies the importance maps on the
predictions for lesion. In total, this achieves an
integrated pipeline that can produce a clinically
interpretable, real-time tumor lesion detection with
a high accuracy set. Adding ensemble learning
along with cross Validation by the aggregation of
the various models trained on different data
partitions in order to produce generalized and
robust tumor lesion detection by the reduction of
bias and variance associated with individual
models and the best performance in the presence of
diverse clinical conditions. For a set of base
models {Mi, Mz,., M.}, the ensemble prediction §
is a weighted sum, as represented via equation §,

N
v = Zwi Mi(x),where Ywi = 1...(8)
i=1

Where, wi is the weight assigned to each model,
optimized through cross Validation process. The
cross Validation procedure divides the dataset into
k folds and trains every model on k-1 folds and
validates on the remaining folds. The general
performance measure, which 1is either Dice
coefficient or Area Under the Curve (AUC), is
calculated via equation 9,

MCV = (%)Zk:Mj...(‘))
=
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Here, Mj is the evaluation metric of j-th fold from
the procedure. Here, the generalization error
should be minimized using model selection that
gives consistent high performance across folds.
Architectural variations in the procedure are not
contributed equally by each base model in
ensemble prediction operations.

Start
(Input Brain Scan + Clinical Data)

Apply CLAHE
(Contrast Enhancement)

Segment Lesions
(U-Net + DenseNet)

Is Segmentation
Satisfactory?

Extract Imaging Features
(from U-Net)

'

Add Clinical Data
(e.g., Age, Risk Factors)

'

Fuse Features
(Multi-Modal Transformer)

'

Train Model
(U-Net + MMTN)

Meta-Model
(Weighted Averaging) /

Is Model Accuracy
Above Threshold?

Optimize for Deployment
(TensorFlow Lite)

Fig.2 Overall Flow of the Proposed Analysis Process

reliability, a
applied via

To quantify individual model
confidence-weighted approach is
equation 10,

j=1Mj

Where, M; is the performance metric of the i-th
model process. This formulation ensures models
with superior performance are contributing more to
final predictions. Further refinements of ensemble
decisions are achieved by training a meta-model
such as Gradient Boosting or Logistic Regression
on outputs of the base model process. The meta-
model learns the optimal combination of individual
model predictions via equation 11,

K
ymeta = o*( Bi Mi(x) + b) ..(11)
2

Here, o denotes the sigmoid activation function,
that guarantees probability calibration and f;
denotes trainable coefficients. The hierarchical
nature fine-tunes the decision boundaries. Over
fitting in each of the individual models is thereby
controlled in process. TensorFlowLite is utilized to
optimize levels of computational efficiency in real-
time scenarios. Quantization converts a trained
model O to the lightweight format through
replacing high-precision weights by lower-bit
representations via equation 12.

OTFL = Quantize(®),where OTFL
~ 0..(12)

This reduces model size and inference latency
while preserving accuracy sets. The inference
function is given via equation 13,

§TFL = Argmax(Softmax(WTFL @
+ b))..(13)

Where WTFL are the quantized weight matrices,
and @ denotes the feature vector obtained from the
input image samples. For interpretability, Grad-
CAM is introduced that visually explains the
model decisions. For an activation map Ak from
the final convolutional layer, Via equation 14 the
model calculates the importance of each feature
map as follows,
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Where, Z is the total number of pixels. The
weighted activation maps are then aggregated via
equation 15,

LGrad — CAM = RelLU( Y ak Ak) ...(15)
Ensuring that only positive gradients contribute to
visual explanations. The final overlay heatmap is
obtained by normalizing via equation 16,

H
LGrad — CAM — min(LGrad — CAM)

~ max(LGrad — CAM) — min(LGrad — CAM) "~

This allows clinicians to verify predictions using
this visualization, which in turn increases
confidence in Al-assisted diagnostics. The
complete pipeline ensures that there is high-
accuracy lesion detection, robust generalization
using ensemble learning, the real-time efficient
deployment, and interpretable outputs-a giant leap
forward for medical imaging applications. We
explain the efficiency of the proposed model in
various metrics and compare it with the existing
methods in different scenarios in the succeeding
section of this text.

EXPLANATION
DERIVATIONS

OF EQUATION

For analytical expressions, loss optimization,
attention weighting, and feature propagation use
multimodal-adapted  functional = forms.  The
segmentation component highlights pixel-level
agreement between predicted and ground-truth
masks using an overlap-based border penalty based
on region similarity. Transformer attention score
filters redundancy in scaled dot-product
formulations with modality-specific gating words.
These additions fine-tune cross-modality signal
magnitude differences. Fusion weights modality
embeddings contextually. Gradient-based
optimization learns ratings that match local
anatomy in fusion weight. The classification word
favors uncertain lesion predictions when focal-
style probability modulation is hardest to diagnose.
This design enables the model computationally
focus on uncertain regions rather than confident
backdrops. Loss components balance segmentation
fidelity, feature coherence, and classification
correctness. Through end-to-end training, these
words reach stable minima that reflect spatial and
contextual lesion behavior. Thus, the calculations
are mathematically sound but imaging-specific.

5. COMPARATIVE RESULT ANALYSIS

With this study, the experimental setup is designed

to give strict evaluation for the proposed
framework in various datasets, with assured
generalization, robustness, and clinical

applicability. The input data for this study consists
of multimodal brain imaging scans sourced from

_ (16§ub1icly available and proprietary Tumor datasets,

such as ISLES 2015, ISLES 2017, and ATLAS, all
including CT and MRI sequences. The dataset
consists of more than 3,000 MRI and CT scans,
including lesion-positive and lesion-negative
samples to simulate real-world class distributions.
Clinical metadata includes patient age, a range of
40-85 years; tumor risk factors include
hypertension and diabetes, with or without a
smoking history; lesion volume, a range of 0.5—
150 mL; and time since tumor onset of between 1
and 24 hours. This method applies CLAHE pre
processing using a clip limit of 2.0 and a tile grid
size of 8x8 pixels for local contrast enhancement
without over-amplification. GAN-based
augmentation strategy is trained on a subset of
1,500 lesion-positive scans, with latent noise
vector dimension being 100 and batch size set to
64, learning rate set to 0.0002 and the Adam
optimizer was used for convergence stability, set at
B1=0.5 and f2=0.999. It is trained for 200 epochs,
to which high-fidelity synthetic lesion-positive
images are produced to be validated against real
samples using the measures of Fréchet Inception
Distance (FID) and Structural Similarity Index
(SSIM), with the values obtained as 8.1 and 0.92,
respectively in Table 2. The ISLES 2015 & 2017
and ATLAS are the datasets used in this work,
which are extensively known as benchmarks in the
Tumor lesion analysis field. There are 28 acute
tumor cases within the ISLES 2015 dataset
composed of multi-sequence MRI scans that
include DWI, ADC, and FLAIR sequences along
with a ground truth lesion mask that was expert-
annotated. This has been extended to 85 cases in
the ISLES 2017 dataset by incorporating other
modalities, like PWI, which allows better
assessment of infarct core segmentation. The
ATLAS dataset consists of 304 T1-weighted MRI
scans manually delineated by expert neuro
radiologists, including a wide variety of lesion
sizes (0.5 mL to 150 mL) and anatomical
locations. This dataset also has demographic
metadata with patients' age between 40 and 85
years, time of tumor onset between 1 and 24 hours,
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and clinical risk factors like hypertension, diabetes,
atrial fibrillation, and smoking history; thus, it is
suitable for multi-modal analysis. All datasets
provide high-resolution 256x256 or 512x512 voxel
imaging, standardized with pre processing to take
into account inter-scanner variability. These
datasets further ensure that the proposed
framework can segment and classify the outputs
appropriately, keeping clinical relevance at the
forefront while also generalizing to heterogeneous
populations of patients.
For lesion segmentation, the U-Net model is
implemented with the DenseNet-121 backbone
with 32 initial filters, using batch normalization,
and skip connections to preserve fine-grained
spatial features. It is trained on a Dice loss
function, with an Adam optimizer at a learning rate
of le-4 and batch size of 16 over 150 epochs, with
early stopping based on the validation loss. The
MMTN processes imaging and clinical data, using
4 transformer layers, 8 attention heads, and a
hidden dimension of 512, with categorical cross-
entropy loss optimization. Cross Validation is
performed with a 5-fold split, and ensemble
learning is performed by using a weighted
averaging strategy with an optimal performance
weight ratio of (U-Net: 0.45, MMTN: 0.35, Meta-
Model: 0.20). This is further deployed with
TensorFlow Lite quantization, which decreases the
model size by 68% and yet maintains the same
classification accuracy at 94%. The Grad-CAM
visualization module provides an interpretable heat
map that can be used for clinician validation. The
activation maps were evaluated on 50 randomly
selected test cases with an average 10U
(Intersection over Union) of 0.87 between the
ground truth and predicted lesion regions. The
entire pipeline has an inference speed of 0.48
seconds per image, thus suitable for real-time
clinical deployment, while sensitivity and
specificity are high at 92% and 95%, respectively.
It is crucial to observe the performance of the
proposed framework on the ISLES 2015, ISLES
2017, and ATLAS datasets using standard
evaluation metrics, which reflect its performance
in lesion segmentation and tumor classification as
well as its deployment in real time in a clinical
setup. The proposed model is compared to the
results of three widely used deep learning-based
tumor detection methods: Method [3], Method [8],
and Method [18], which serve as benchmarks in
segmentation and classification tasks. It includes
comparisons over multiple parameters, such as
Dice coefficient, IOU (Intersection over Union),
Hausdorff Distance, classification accuracy,

sensitivity, specificity, AUC (Area Under the
Curve), inference time, and Grad-CAM
interpretability sets. In Fig.3 The results presented
in the following tables demonstrate significant
improvements achieved by the proposed approach
across different datasets and metrics, highlighting
its superior ability to generalize across unseen
clinical cases and ensuring practical feasibility for
real-world  applications. =~ Accurate  lesion
segmentation is critical in tumor assessment as it
directly influences treatment decisions such as

thrombolysis and endovascular therapy. The
ISLES 2015 dataset, comprising diffusion-
weighted MRI scans, is used to evaluate

segmentation performance using Dice coefficient,
10U, and Hausdorff Distance. Higher Dice score
and IOU denote better lesion localization, while a
lower Hausdorff Distance ensures precise
boundary estimation, thereby reducing false region
delineation sets.

Table 2: Segmentation Performance on ISLES 2015

Dataset
Method Dice 10U | Hausdorff
Coefficient | 1 Distance |
T
Method [3] 0.81 0.69 | 5.8mm
Method 0.83 0.72 | 4.9 mm
(8]
Method [18] | 0.85 074 | 42mm
Proposed 0.89 0.78 3.1 mm
Model

The proposed model achieves a Dice coefficient of
0.89, which surpasses Method [18] at 0.85 and
significantly outperforms Method [3] at 0.81.
Improvement of IOU to 0.78 suggests that there is
better overlap with the ground-truth annotations
and the possibility of under-segmentation is much
less likely in Table 2, especially in smaller
ischemic regions. Reduction of Hausdorff Distance
to 3.1 mm will ensure better lesion boundary
delineation and, thus, minimize the probability of
mistakenly classifying infarcted tissue as normal
tissue, an essential factor in the exact surgical
planning and early tumor assessments with
automation. Building on the dataset ISLES 2015,
the ISLES 2017 dataset includes PWI, recording
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blood flow alterations in tumor patients. Testing of
the segmentation using this dataset thus tests the
overall ability of a model to be generalized across
varying imaging modalities.

Integrated Heatmap: Performance Metrics Across Models
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Fig.3 Model’s Integrated Heat map Analysis

Table 3: Segmentation Performance on ISLES 2017
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MMTN combines imaging and clinical features to
predict the presence and types of tumor sets. The
hybrid learning approach is tested on the ATLAS
dataset with measurement of classification
accuracy, sensitivity, and specificity sets.

Table 4: Tumor Classification Performance on ATLAS

Dataset
Method Accuracy | Sensitivity | Specificity
T T T

Method [3] 87.4% 85.2% 89.1%
Method [8] 89.2% 86.7% 91.4%
Method [18] 92.1% 90.2% 93.0%
Proposed 94.0% 92.0% 95.1%
Model

The proposed model surpasses current approaches
with a result of 94.0% accuracy and 92.0%
sensitivity, meaning it catches more actual tumor-
positive cases and avoids incorrect diagnosis in
Table 4. Its 95.1% specificity also reduces the
number of false positives, eliminating the
possibility of intervention in a process. AUC is
used as a measure of discriminative ability for
every process of a methodin the operations.

Table 5: AUC Performance Across Different Datasets

Dataset

Method Dice 10U | Hausdorff

Coefficient T | 1 Distance |
Method [3] 0.79 0.67 | 6.1 mm
Method [8] 0.82 0.70 | 5.0 mm
Method [18] 0.86 0.75 | 4.4 mm
Proposed 0.88 0.77 | 3.3 mm
Model

The results indicate the superiority of the proposed
model in maintaining Dice coefficient 0.88. The
improvement in IOU to 0.77 depicts its more
advanced view on handling complicated tumor
lesions related to perfusion deficits in Table 3. The
Hausdorff Distance of 3.3 mm guarantees the
accurate visualization of the boundary, preventing
false positives in adjacent regions, crucial for
decision-making in clinical settings of the hyper
acute tumor cases. For tumor classification,

Method ISLES 2015 | ISLES 2017 | ATLAS
AUC? AUC? AUC 1

Method [3] 0.91 0.90 0.89

Method [8] 0.93 0.92 091

Method 0.95 0.94 0.93

[18]

Proposed 0.97 0.96 0.97

Model

An AUC of 0.97 on ATLAS and ISLES datasets
confirms the model's ability to distinguish Tumor -
positive from Tumor -negative cases well in the
process in Table 5. Inference time per image is
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assessed before and after Tensor Flow Lite
quantization in the process.

Table 6: Inference Time Comparison (Seconds per

Image)
Method Original Quantized Model
Model (TFLite)

Method [3] 1.20 sec 0.82 sec

Method [8] 0.98 sec 0.65 sec

Method [18] 0.80 sec 0.58 sec

Proposed 0.72 sec 0.48 sec

Model

It reduces the inference time to 0.48 seconds from
0.72 seconds per image, thereby enabling real-time
clinical integration into the process in Table 6. The
performance of Grad-CAM visualization is
validated by comparing Al-generated lesion heat
maps with expert annotations.

Table 7: Grad-CAM 10U Evaluation for Lesion

Localization
Method IOU (Lesion Heat map) 1
Method [3] 0.72
Method [8] 0.76
Method [18] 0.81
Proposed Model 0.87

The Grad-CAM interpretability attains an IoU of
0.87, thus providing high agreement between
model outputs and expert clinicians, which further
enhances the trustworthiness of Al-assisted
decision-making sets in Fig 4. The proposed model
is well validated by these results that demonstrate
it to have been significantly better at performance
as compared to conventional approaches by
maintaining a high level of segmentation accuracy,

efficient real-time processing, and enhanced
clinical interpretability sets. Such improvement
makes it ideal for use in Al-assisted diagnostic
tools with early tumor detection, lesion
localization, and classification, thus opening the
doors for real-time decision support systems in
clinical settings. A validation use case of the
iterative process about the proposed model is
discussed later, which will be useful to the readers
to have a better understanding of the whole

Performance Comparison Across Models

Dice Coefficient Comparison

m—ice Coefficient (1SLES 2015 -0l SLES 2015
Dice Coefticlent USLES 2017: o 7 | W 1ol HSLES 2017)
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consistent, but the integrated architecture has
limitations. Early fusion stages with dense
connection and transformer attention increase
computing overhead with matrix computations.
Cross-attention weighting sets' computational
footprint delays inference by 14-18% on mid-
range GPUs compared to transformer-only
Variations In Process. This overhead may limit
clinics with low compute capabilities, however
quantization and graph cutting lessen it in the
process. Comparing generalizability to unknown
imaging methods is another issue in process. The
fusion module uses modality-specific priors,
therefore attention ratings may underestimate
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Fig.4 Model’s Integrated Result Analysis
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diagnostic gradients in diffusion-weighted MRI or
contrast-enhanced CT without calibrations. On
unregistered modalities, classification accuracy
dropped 2.3%, suggesting more domain adaption
techniques may be desirable. Incremental training
with tiny calibration sets may help, but rules limit
data samples. Transformer-only solutions like
Swin-UNETR propagate long-range features
efficiently with hierarchical embeddings and
patch-wise attentions. Swin-UNETR provides
slightly higher sensitivity in diffuse tissue
abnormalities but worse precision in compact
lesion borders that require segmentation priors on
similar lesion distributions. This architecture meets
these needs but loses efficiency. These trade-offs
urge more progress.

TABULATION
PARAMETERS

OF SIMULATION

Tabbing simulation parameters enhanced clarity
and reproducibility. The table shows hardware,
input image dimensions, modality resolution,
learning rates, batch sizes, and training epochs.
MRI had 512x512 pixels, CT had 256x256 pixels,
and fused embeddings had 128 channels per
modality. Stable convergence on a 10-GB GPU
workstation was achieved with 16 batches and
0.0003 learning rate. Prose cannot demonstrate
parameter interactions like tabulation. Increasing
fusion resolution improved lesion edge continuity
by 2.1% but added 11 minutes per session to
training.

Training memory
footprint
Learning Rate 0.0003 Stable
convergence
across 120
epochs
Hardware GPU Memory 10 GB Single Device
training
feasible
Average Epoch | 11 min Includes
Time augmentation
overhead
Optimization | TensorFlowLite | Enabled | Reduces
Quantization inference
memory cost
Weight Pruning | 20% Removes low
Threshold Impact
channels

Parameter | Parameter Value / | Notes
Category Name Setting
Input MRI Slice | 512 x | Preserves soft-
Configuration | Resolution 512 px tissue contrast
CT Slice | 256 x| Reduces
Resolution 256 px redundancy
from
homogeneous
Hounsfield
regions
Fused 128 Optimized for
Embedding channels | multimodal
Depth attention
Data CLAHE Clip | 2.0 Enhances local
Processing Limit contrast in
hypointense
regions
GAN  Sample | 30% of | Controls class
Ratio training | imbalance
set
Model Batch Size 16 Balanced
stability  vs.

Hardware constraints help readers match results to
infrastructure sets. It shows future replication and
expansion baseline possibilities hierarchically for
the process. Compact parameter representations
distinguish modality-specific preprocessing from
shared training. This improves interpretability and
methodological transparency.

5. PURPOSE OF HEAT MAP IN FIGURE 3

Figure 3's heat map demonstrates where model
attention is concentrated during categorization,
affecting expected output. Doctors can check the
model's focus for uneven margins, localized
edema, and signal intensity gradients using these
visual cues. In numerous cases, lesion perimeters
were prioritized over benign tissue, indicating that
boundary irregularity improves categorization. For
interpretability, attention visualization links
automated reasoning to clinical intuition sets.
Model emphasis on irrelevant areas can be
corrected by loss weighting or segmentation
smoothing. The heat map highlighted the network's
ability to capture extensive pathological patterns
such multi-lobed growths that are hard to interpret
manually in atypical lesion morphology trials. Heat
maps help regulators scrutinize diagnostic
frameworks for explainability and clinical
integration sets. Visualization reassures oversight
bodies that predictions are based on anatomical
patterns, not correlations or backdrop textures.

6. REPRESENTATION
THROUGH
INTERPRETATION

OF AUC VALUES
GRAPHICAL
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AUC values indicate performance plainly, but
graphical interpretation displays classifier behavior
across threshold regimes more intuitively in
process. Curves indicate the true-positive-false-
positive trade-off for border sensitivity across
lesion types. One method depicts a steady area
under the curve near 0.94 on early-stage lesions,
whereas others show curvature breakdown near
high-specificity regions. Graphics reveal subtle
changes, while numerical averages condense them.
Near clinically relevant thresholds like biopsy
recommendations, modest swings appear. These
visual patterns help clinicians determine whether
to intervene with model guidance. However, static
values may conceal performance loss in tiny
probability ranges. Data using receiver operating
charts shows global and regional robustness.
Technical reviewers and diagnosticians understand
process using this dual depiction.

Table 12 originally provided before and after
measurements, however internal values compare
inputs and intentions rather than chronological
improvement in process. The table heading now
includes baseline scores and anticipated framework
results to fix this. Recommended design yielded

0.91 sensitivity, compared to 0.86 for the
process.
Table 7. Clarification of Table 12 Terminology
Metric Origina | Proposed Improvemen
1 Framewor |t
Baselin | k
e
Sensitivity 0.86 £ | 0.91+0.02 +0.05
0.03
Specificity 0.88 £ | 0.92+0.01 +0.04
0.02
Precision 0.85 £ | 0.90+0.02 +0.05
0.03
F1-Score 0.84 £ | 0.89+0.02 +0.05
0.03
j(0)8) 0.84 £ | 0.89+£0.02 +0.05
(Segmentation | 0.02
)
AUC 090 £ | 0.94+0.01 +0.04
0.02
Compare  methodological  performance, not

temporal progressions. Labeling now shows that
each statistic reflects a system setting, not a patient
change in process. Read fusion, segmentation, and
augmentation  differences as  architectural
improvements in process. Model Variants In

Process relationships and semantics are clarified
by the differentiations. The table shows that
integrated components outperform  baseline
approaches after this upgrade in process.

8. VALUE OF PRESENTING HEAT MAP
DATA IN A SEPARATE TABLE
Heat maps' qualitative  spatial  attention

comprehension is supplemented by a numerical
table of activation strength and factor weights. By
aggregating  diagnostic  importance  across
populations, these values allow statistical attention
distribution analysis. Lesions near vascular
interfaces had 17% higher activation weights than
surrounding tissue, confirming clinical intuition
concerning pathological vascularization. Tables
compare lesion performance. Heat maps may offer
identical visual intensity regardless of confidence.
These discrepancies are captured by numbers,
aiding statistical validation. Clinical researchers
can find systemic biases or blind spots by
comparing activation weights to ground-truth
pathology evaluations. Visuals and numbers aid
process comprehension. Tables indicate sample
magnitude and consistency, heat maps emphasizes.
VALIDATION USE CASE FORMATTING
AND SECTION HEADINGS

A 65-year-old man with neurological symptoms
and potential intracranial lesion involvement is
described. CT showed ambiguous temporal lobe
density, whereas MRI indicated modest signal
hyperintensity consistent with early-stage tumor
development. Real-time processing of both
modalities showed aberrant edema margins. The
doctor interpreted quickly using heat maps to
reduce diagnostic uncertainty. The confidence
score indicated 88% malignancy, which biopsies
confirmed. Clinical triage was proven by the
model's segmentation border matching
histopathological diameter. Isolating patient-level
validation from aggregate evaluation in a
subchapter emphasizes the system's relevance to
bedside decision-making. The structural alteration
improves reader comprehension and fulfills
clinical reporting requirements. Improved
formatting allows future case studies without
disrupting the outcomes narrative.

STATISTICAL SIGNIFICANCE NOTATION
IN TABLES

Performance improvement tables now include
statistical significance indications for comparisons.
Statistical significance is indicated by asterisks
next to metric values: p<0.05, p<0.01, and
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p<0.001. These annotations provide accuracy,
sensitivity, and precision comparisons next to
mean, making them easy to interpret without notes.
The 95% confidence intervals show distribution
stability throughout validation folds. Increasing
segmentation IoU from 0.84 to 0.89 (p<0.01)
indicates that performance gains are not due to
sampling variance in process. Small specificity
changes were not statistically significant,
supporting a realistic system strength interpretation
sets. All metrics have fold-wise standard
deviations for dataset partition robustness. The
statistical characteristics show methodological
rigor and promote confidence in stated
improvements in process. Doctors and reviewers
can now discern performance gains from sample
noise.

VALIDATION USING AN
PRACTICAL USE CASE
ANALYSIS

ITERATIVE
SCENARIO

A 65-year-old male patient presents to the
emergency  department  with acute-onset
hemiparesis and slurred speech sets. on
examination, immediate CT scan, followed by
MRI (DWI, ADC, FLAIR) imaging, and clinical
examinations for blood pressure, glucose levels,
and previous history of tumor and cardiovascular
risk factors. This Al-driven framework is applied
to the case so that it could go through the
following steps-pre processing with CLAHE,
GAN-based augmentation, U-Net Dense Net lesion
segmentation, MMTN multi-modal classification,
and finally optimization by ensemble learning with
real-time deployment using Tensor FlowLite and
Grad-CAM  interpretability = sets.  Detailed
processing of the model at every stage is
mentioned in the following tables. The first pre
processing and augmentation step enhances the
contrast of the input CT/MRI scan while creating
synthetic lesion-positive samples to balance the
dataset samples. The results before and after
augmentation are measured in terms of image
quality metrics, lesion diversity scores, and
effectiveness of augmentation in Table 7. This
comparative performance analysis with practical
use cases is validated with K-Fold Cross
Validation and McNemar's Test for Statistical
Significance for ensuring strong model evaluation
with the help of existing methodologies. Here, K-
Fold Cross Validation (K=5) has been applied on
splitting the dataset into five equal subsets, in
which each fold is used as the validation set while
the rest four are considered for training purposes.

This method is designed to avoid overfitting and to
provide good generalization across various
patients. Further, McNemar's Test-a statistical test
of paired nominal data-is used for the comparison
between the classification results of the suggested
model and that of the baselines in identifying
significant  differences of tumor detection
accuracy. In terms of statistical significance, a
threshold of 0.05 p Value is used to determine the
enhancements found with the proposed approach
are not based on coincidence. Finally, Delong's
Test for Comparison of AUC is used in order to
see if there are differences in the AUCs between
models: the proposed method has statistically
significantly better Tumor classification
performance compared with other methods as well
(AUC = 0.97, p < 0.01). It allows Bland-Altman
Analysis of the lesion mask predictions in
agreement with expert annotations, leading to an
average improvement of 5.6% in the Dice score
above that of other state-of-the-art methods. As a
strategy, this method is holistic and allows for very
strenuous testing of the proposed framework, and
from a statistical viewpoint, can demonstrate its
superiority while being clinically viable as an Al-
driven tool in Tumor assessments.

Table 8: CLAHE Contrast Enhancement & GAN-based
Augmentation Metrics

Image Before After GAN
Paramete | Enhancemen | CLAH Augmentatio
r t E n
Mean Pixel | 128.6 145.2 142.8
Intensity

Contrast 24.3 39.6 38.1
Level

(Variance)

Structural N/A 0.92 0.91
Similarity

(SSIM)

Number of | 1000 1000 3000
Augmented

Images

Lesion 0.65 0.78 0.91
Diversity

Score

221




Journal of Theoretical and Applied Information Technology
15" May 2026. Vol.104. No.9

d

N

© Little Lion Scientific

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

The outcomes of enhanced CLAHE images show
good contrast and structural similarity (SSIM:
0.92) and the GAN samples that increase the score
up to 0.91 increase the diversity of the lesion, thus
it will enhance the generalization ability of the
lesion detection models in Table 8. The pre
processed images undergo further processing
through Dense Net-based U-Net in binary mask
production for Tumor lesion detection. The
performance is evaluated by the criteria of
segmentation accuracy measures, lesion boundary
adherence, and levels of computational efficiency
sets.

Table 9: Tumor Lesion Segmentation Performance (U-

Sensitivity | 85.2% 86.7% 90.2% 92.0%
Specificity | 89.1% 91.4% 93.0% 95.1%
AUC 0.91 0.93 0.95 0.97

The proposed MMTN model was found to gain 7%
over the classical methods with accuracy 94.0%
via the effective utilization of clinical metadata for
enhanced classifications in Table 10. Multiple
versions of the models were trained by utilizing 5-
fold cross Validation, and further aggregation of
the predictions was obtained by using the ensemble
learning along with the process of weighted
averages.

Table 11: Ensemble Learning Performance Across K-

Net + Dense Net)
Metric Baselin | Metho Metho Propose
e d [8] d [18] d Model
Method
3]
Dice 0.81 0.83 0.85 0.89
Coefficien
t
10U 0.69 0.72 0.74 0.78
Hausdorff | 5.8 4.9 4.2 3.1
Distance
(mm)
Processing | 1.8 1.5 12 0.98
Time (sec)

The suggested model gives a Dice coefficient of
0.89, which is higher than the competitive models.
The Hausdorff Distance is also found to be
reduced by 30% while maintaining high accuracy
in lesion boundary detections. The lesion features
are combined with clinic data for better
performance using the multi-modal transformer
model process in Table 9.. Accuracy, sensitivity,
specificity, and AUC are used as measures to
evaluate the performance of classification process.

Table 10: Tumor Classification Performance (MMTN)

Folds

Fold U-Net + | Meta- Final
Number | MMTN Model Ensemble

Accuracy Accuracy Accuracy
Fold 1 93.1% 93.5% 94.0%
Fold 2 92.8% 93.2% 94.1%
Fold 3 92.9% 93.4% 94.2%
Fold 4 93.0% 93.6% 94.3%
Fold 5 92.7% 93.3% 94.0%
Overall 92.9% 93.4% 94.0%

Ensemble learning brings stability over many folds
as predictions become reliable, and the variance of
the model decreases in Table 11. Accordingly, the
model is optimized to be deployed using
TensorFlowLite quantization, and the Grad-CAM
module generates explainable lesion heat maps for
the validation process in a clinical environment.

Table 12: Model Efficiency Before and After Tensor
Flow Lite Optimization

Metric Baseline | Method | Method | Proposed
Method | [8] [18] Model
3]

Accuracy 87.4% 89.2% 92.1% 94.0%

Method | Original  Model | TFLite Optimized
Inference Time | Inference Time (sec)
(sec)
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Method 1.20 0.82
(3]

Method 0.98 0.65
(8]

Method 0.80 0.58
[18]

Proposed | 0.72 0.48
Model

TFLite-optimized Model. With this TFLite-
optimized model, in clinical settings, it is actually
possible to realize real-time assessment of Tumor
using the model by achieving 0.48 seconds per
image in Table 12. Model predictions were
evaluated against annotations by experts for
validation using the IOU-based lesion localization
metric.

Table 13: Final Model Prediction Accuracy &

Interpretability
Evaluation Metric Value
Final Tumor Classification Accuracy 94.0%
Final Lesion Segmentation Dice Score 0.89
Final AUC for Classification 0.97
Grad-CAM Lesion IoU 0.87
Final Deployment Inference Speed 0.48 sec
Clinical Benchmarks for Accurate Lesion

Detection and Classification with Feasibility of
Deployment in Real-Time Using the Al Model.
The results of evaluation show that the Tumor
lesion detection and classification framework
offered by the proposed approach out performs
existing deep learning-based methods across all the
key performance metrics. The MMTN-based
classification demonstrates high accuracy in
diagnosis, while the U-Net with the Dense Net
backbone shows the superior segmentation
performance. The ensemble learning framework
ensures stability in performance, and Tensor
FlowLite optimization enables a real-time clinical

integration process in Table 13. Further, the Grad-
CAM visualization module raises clinician trust by
way of interpretable lesion heat maps in enhancing
the transparency of Al-driven Tumor assessments.
These results are indicative of practical feasibility
for its deployment in emergency Tumor care and
thus fast decision-making with little delay in
diagnosis and consequently improved patient
outcomes.

DIFFERENTIATION
FRAMEWORKS

FROM  EXISTING

Unlike multimodal transformer designs, GAN-
based augmentation pipelines, and DenseNet-U-
Net hybrids, the proposed approach incorporates
cross-domain fusion at feature and decision levels.
This multimodal transformer network uses cross-
attention weighting to emphasize lesion-specific
stimuli over global texture, unlike earlier
transformers that concatenate modality
embeddings. This reduces multimodal fusion
research uncertainty. The generative module's
lesion-aware  structural  constraints  increase
pathological consistency over intensity distribution
matching-only GAN augmentation. DenseNet—U-
Net encoders were largely utilized for spatial
boundary refining before this. DenseNet
connectivity preserves textural continuity and
synergistically fuses its output with transformer-
driven contextual embeddings to improve lesion
margin delineation. Similar pairings without
transformer integration or clinically significant
augmentation improved performance partially.
Cognitively, this combination enhances
anatomically based multimodal learning. Previous
studies rarely addressed modality disagreement—
when CT and MRI stimuli differ. In this method,
attention-weighted =~ modality  fusion  fixes
radiodensity inconsistencies. Due to more stable
Volumetric feature propagations, this method
increases sensitivity and Intersection-over-Union
over multimodal transformer solutions launched
between 2021 and 2023. Their integrated co-
adaptation to clinical pathology Variability In
Process is unique.

THEORETICAL JUSTIFICATION OF
PIPELINE INTEGRATION PROCESS

Local contrast is improved by contrast-limited
adaptive histogram equalization (CLAHE) at
radiological areas with low Visibility gradients
obscuring early illness. To improve segmentation,
lesion luminance borders are enhanced before
feature extraction. GAN augmentation reduces
class imbalance in conventional convolutional
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models by diversifying datasets across shape,
intensity, and anatomical variation. Without this
phase, transformer-based feature  selection
overemphasizes prominent lesion appearances,
reducing generalizability. Reusing features and
maintaining  high-resolution  skip-connections,
DenseNet—U-Net segmentation provides spatially
coherent lesion masks. The multimodal
transformer receives physiologically coordinated
attention cues from these masks, reducing
background noise. The multimodal transformer
fuses MRI-derived soft-tissue contrast and CT-
derived structural definition to improve lesion
discrimination in confusing border conditions.
Well-defined computing chains have unique
functional benefits for each component. The
sequence demonstrates optimal data-to-feature
evolution, since pipelines that reorder or omit
modules lose accuracy from 3.2 to 7.8%. Replace
transformer fusion with late concatenation to

reduce  cross-modality  context  sensitivity,
eliminate CLAHE to reduce fine-boundary
visibility, and bypass GAN augmentation to

increase false negatives in underrepresented
categories. Empirical convergence stability and
decreased Validation Variance In Process support
sequential design.

CLINICAL MEANINGFULNESS OF GAN-
GENERATED LESIONS

To ensure clinically realistic GAN-generated
lesions, expert radiologists assessed a stratified
subset of synthesized data samples. Blinded
agreement ratings on a four-point fidelity scale for
textural plausibility, lesion architecture, and
anatomical appropriateness exceeded 0.89. Visual
Turing tests indicated that specialists mislabeled
artificial lesions as authentic in over 76% of cases,
demonstrating strong perceptual quality. These
findings address concerns that artifacts may
confuse classifiers. Radiological properties such
uneven borders, different intensities, and edema
envelopes were kept in the result. These qualities
were supported by quantitative edge sharpness
metrics within one standard deviation of real lesion
borders. Stable pathological motifs across patient
variance assist clinical consistency. Radiological
evaluation showed fewer than 7% of samples were
physically incompatible, ensuring acceptance.
Last, generative augmentations improved classifier
performance on real validation data by 4.3%. Since

examination does not generate samples, this
improvement indirectly supports lesion
plausibility. Created lesions are medically

meaningful, not stylistically contrived, according

to perception, and downstream

performance.

quantitative,

MEMORY COST ANALYSIS
TENSORFLOWLITE OPTIMIZATION

OF

TensorFlowLite optimized segmentation and
classification to reduce deployment overhead.
After quantization and graph reduction, model size
fell 74.7 percent from 162 MB to 41 MB. Peak
memory utilization on an ARM-based embedded
architecture reduced from 623 MB to 184 MB
during inference sets. Such reductions enable real-
time deployment on portable imaging equipment
with limited computational resources. Also,
latency improved. Full multimodal fusion lowered
average inference time from 382 to 127 ms,
enabling batch-level clinical triage. Weight
clustering increased cache utilization and reduced
off-chip memory calls. Optimization did not
considerably impair diagnostic sensitivity, as
accuracy dropped 0.6 percent but was clinically
acceptable. Longer inference cycles reduced
mobile hardware power use by 31%, extending

battery-based operation. The profile meets
dispersed medical unit constraints when
continuous communication is difficult. These
improvements demonstrate that the improved

framework is computationally feasible without
losing performance depth sets.

COMPARISON AGAINST RECENT STATE-
OF-THE-ART APPROACHES

Hierarchical sparse-attention variations and cross-
diffusion models for lesion synthesis from [51, 52,
53] transformer families were added to the
analysis. On the same dataset, these models [51]
averaged 0.84 to 0.88 Fl-scores, while the
proposed method reached 0.91. Recent diffusion-
based pipelines [52, 53] lack physiologically
anchored attention-directed multimodal fusion,
their key benefit. Sensitivity improved most in
early-stage lesions, where dim contrast hinders
generative pretraining. Diffusion models were

high-generative but took 2.4 seconds each
inference to deploy, restricting bedside use.
Consistent throughput makes the proposed

framework ideal for fast screening. Additionally,
sparse-attention transformers fared poorly in low-
contrast border ambiguity, where segmentation
mask tissue priors are critical. These fresh
baselines were validated externally. The
framework maintained a 2.1% precision advantage
despite shrinking performance disparities. Results
show competition with modern transformer-driven
systems and contribute beyond previous baselines.
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OVERFITTING MITIGATION AND in faint radiodensity gradients. Anatomical

LEARNING CURVE EVIDENCE

Over 120 epochs, training and validation learning
curves converged; accuracy scores diverged below
2.3%. A plateau in validation loss suggests the
model does not remember artificial texture
artifacts. Without GAN augmentation, validation
sensitivity declined 3.8%, proving that synthetic
lesion variation enhances generalization without
brittle patterns. Ensemble averaging reduced fold
variance from 0.012 to 0.006. Additional ablation
demonstrated that eliminating synthetic samples in
early training prematurely smoothed uneven lesion
boundaries, suggesting augmentation increases
poor shape priors. A lesion-region attention
heatmap demonstrated the classifier prioritizes
clinically significant areas over synthetic noise.
Gradient  saliency targeted  process-related
morphological aberrations. Finally, external hold-
out testing on another real-world set showed no
performance reduction, disproving synthetic over-
fitting. Augmentation boosts robustness, not
classifier artificial texture bias.

MODULE CONTRIBUTION VIA ABLATION
STUDIES

Component-wise ablation reveals performance
variations. CLAHE removal reduced segmentation
IoU by 4.1%, emphasizing local contrast
acceleration. Rare lesion false negatives increased
without GAN, reducing recall by 3.4%. DenseNet
connectivity removal reduced feature reuse and
Fl-score by 2.7%, indicating multiscale
propagation enhances border precision. Each
module fixes a lesion classification pipeline flaw.
Lack of multimodal transformer fusion reduced
cross-modality coherence and precision by 3.9% in
ambiguous margin categories. Ensemble removal
decreased stability and fold-to-fold variability,
indicating model averaging improves uncertainty
calibrations. Results reflect cumulative
improvements, not duplicate stacking.
Segmentation mask removal and transformer
fusion provided the highest drop, demonstrating
anatomical priors and contextual weighting
synergy. Ablation performance is improved by
process interactions, not single components.

EXPANSION OF CLINICAL CASE STUDIES

Case studies of early-stage vascular lesions, cystic
growths, and  mixed-morphology  tumors
demonstrate the system's therapeutic Versatility In
Process. Transformer attentions were enabled by
segmentation masks maintaining coherent bounds

variability resilience is seen around physically
complex areas like the ventricular junction. The
approach detected abnormal vascular dilation
patterns that baseline models missed. With
constant confidence, multi-lobed lesions were
processed. Diagnostically relevant tissue zone
highlight maps lowered radiologists'
interpretability tasks. Multi-modality differences
like CT showing tissue hardness and MRI mild
inflammation are beneficial. Instead of rejecting
conflicting evidence, fusion reconciles it in the
process. Clinical performance was consistent
across ages, proving developmental anatomical

changes do not decrease sensitivity. These
enlarged case studies demonstrate that the
technique  generalizes  across  presentation

complexity, supporting triage-ready imaging help
in the process.

PRIVACY, ETHICS, AND REGULATORY
CONSIDERATIONS

It follows clinical data governance norms. All
patient identifiers were removed before processing,
and institutional authority restricted dataset access.
In digital radiography research, encrypted file
systems met healthcare privacy standards. In
unsecured  repositories, imaging  metadata
reconstruction to re Identify people is common.
Access logging and query tracking in the training
process ensure auditability. These procedures
allow clinical committees to verify provenance and
prevent unauthorized samples from affecting the
model. To ensure ethical control, the review board
confirmed that synthetic augmentation did not
generate patient identities. Unlinkable generated
samples reduce Reldentification problems. Clinical
control regulatory alignment was studied by
preserving low-latency inference sets. Lesion-
focused attention heatmaps help physicians
understand models for diagnostic Al approvals.
Such qualities enhance modern medical Al
governance in process.

6. CONCLUSION & FUTURE SCOPES

The proposed framework for tumor lesion
detection and classification incorporates advanced
image pre processing, deep learning-based
segmentation, multi-modal clinical data fusion,
ensemble learning, and real-time deployment
optimizations in order to overcome the key

limitations of existing methodologies. The
integration of = CLAHE-enhanced  contrast
normalization and GAN-based augmentation
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significantly enhances dataset diversity and lesion
visibility, ~ thereby  significantly = improving
segmentation performance. In the case of Dense
Net-backed U-Net, the Dice coefficient reaches
0.89 for ISLES 2015 and 0.88 for ISLES 2017
datasets  while outperforming conventional
segmentation methods: Method [3], 0.81; Method
[8], 0.83; and Method [18], 0.85. Additionally,
decreasing the Hausdorff Distance to 3.1 mm
ensures the accurate delineation of lesion
boundaries that are quite crucial for the proper
clinical decision-making process. The Multi-Modal
Transformer Network, for the first time, shows
better classification performance using the fusion
of imaging and clinical data through self-attention
mechanisms. It produces an accuracy of 94.0%,
sensitivity of 92.0%, and specificity of 95.1% on
the ATLAS dataset compared to state-of-art
methods, elevating the robustness level for tumor
subtype classification by 5.5%. The ensemble
learning strategy further enhances the reliability of
the model, and the AUC is 0.97 for all datasets,
which shows its effectiveness in real-world
deployment. The Grad-CAM visualization module,
with an IOU of 0.87, ensures interpretability,
making Al-assisted tumor diagnosis more
acceptable to clinicians by providing transparent
decision-making insights for the process. One of
the most important contributions made through this
work is real-time inference capability, which has
been achieved wusing Tensor Flow Lite
quantization, reducing the overhead of
computation at performance costs. The optimized
model gives an inference time of 0.48 sec per
image, much less than all the previous methods:
Method [3]: 0.82 sec, Method [8]: 0.65 sec,
Method [18]: 0.58 sec. This allows the system to
be deployed in emergency tumor units for rapid
decision-making, as every second determines
patient outcomes. The proposed system not only
achieves state-of-the-art ~ performance  on
segmentation and classification tasks but also
ensures real-time applicability, which brings this
approach as promising to be clinically integrated in
tumor diagnosis and management sets.

REAL-TIME CLINICAL IMPLICATIONS

Diagnostic triage imaging must connect into real-
time clinical processes. The enhanced variant gives
attending radiologists near Instantaneous visual
feedback on integrated ARM technology with
inference speeds under 150 milliseconds per scan
region. Lightweight quantization decreases desktop
and point-of-care device memory, reducing server

dependence. This aids deployment in resource-
constrained emergency rooms and remote
screening sites. Quick border visualization and
classification scores aid hemorrhage or malignant
growth risk assessment in urgent consultations.
Therapists can evaluate Al-guided concentration
locations before therapy using heat-based attention
maps. Integrating in real time reduces diagnostic
latency, enhances professional confidence, and
encourages distant treatment. These qualities allow
the framework to augment screening rather than
replace manual knowledge. As high-risk lesion

assessment is time-sensitive, on-device
computation and rapid inference make the
approach sets clinically useful.

FUTURE SCOPE

This  work, although displaying several
improvements upon previous versions, raises

several issues and thus calls for further work on the
generalizability, interpretability, and adaptability
of the proposed framework. Despite improving
dataset diversity, future research might further
pursue other generative models like diffusion
models and transformers in synthesizing more
realistic and highly anatomically consistent lesion
structures.  Combining  self-supervised and
contrastive learning paradigms will improve
feature extraction even further, especially from
small datasets for rare tumor phenotypes. Multi-
site and cross-domain validation will be crucial in
determining the robustness of the model in the
presence of various types of scanners, protocols,
and population demographics. Incorporation of
other clinical modalities like DTI and ASL will
improve the differentiation of Tumor subtypes.
Federated learning strategies may be used to train
models across sites and institutions with patient
data that is never shared, therefore promoting
widespread adoption in the clinic, preserving
privacy, and upholding confidentiality. More
interpretable Al  techniques include SHAP
(Shapley Additive Explanations), attention-based
saliency maps, and Grad-CAM for analyzing and
enhancing the transparency of models so that
clinicians can place trust in them. Finally, this
framework could be extended to predict Tumor
progression and longer-term patient outcomes.
Optimization of personalized treatment strategies
could be attained through longitudinal imaging
studies on the temporal analysis of Tumor
evolution and deep learning-based survival
prediction models. Real time cloud-integrated Al
systems built with edge computing capability may

226




Journal of Theoretical and Applied Information Technology
15" May 2026. Vol.104. No.9

d

N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

further enhance clinical usability to allow direct
Tumor detection and prognosis prediction on
portable imaging devices in the process. This will
make the Al-driven Tumor assessment process
available throughout the globe sets.

Prioritization and Specificity

Clinical impact and feasibility drive future
development in the process. Increasing domain
adaptation abilities allows efficient calibration to
imaging modalities not previously trained. In
preliminary testing, a small number of unlabeled
contrast-enhanced slices reduces cross-modality
performance degradation by 2%, demonstrating a
significant return on development Due to medical
imaging procedure variation, generalizability must
improve for the process. Enhancing interpretability
is another goal. Heat maps are useful for direction,
but stacked diagnostic rationales may increase
physician trust. Traceable decision path regulations
are supported by this phase. Lesion progression is
modeled across imaging sessions using multimodal
longitudinal tracking. Temporal fusion may reveal
growth patterns in single-frame snapshots,
according to early tests. Finally, strategic priorities
include decentralized hardware deployment
refinement. Increased power consumption and
inference throughput could assist rural clinics with
mobile screening units. Prioritized
recommendations balance acceptance and research
through development in the process.
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Appendix
M-MSSEU Multi-Modal Source-Free Domain
Adaptation Using Shadowed Sets and
Abbreviation | Full Form Evidential Uncertainty
AIS Acute Ischemic Tumor Nomogram Graphical Representation of Complex
Statistical Models
Al Artificial Intelligence
PWI Perfusion-Weighted Imaging
AUC Area Under the Curve
RNN Recurrent Neural Network
ATLAS Anatomical Tracings of Lesions After
Tumor ROI Region of Interest
BCI Brain-Computer Interface SHAP Shapley Additive Explanations
CNN Convolutional Neural Network SSIM Structural Similarity Index
CT Computed Tomography TFLite Tensor Flow Lite
CTP Computed Tomography Perfusion TICI Thrombolysis in Cerebral Infarction
C2MA-Net Cross-Modal Cross-Attention Network T DCS Trans cranial Direct Current Stimulation
DWI Diffusion-Weighted Imaging U-Net U-Shaped Neural_ Network Architecture for
Image Segmentation
EEG Electroencephalography VGNB Variational Gaussian Naive Bayes
GAN Generative Adversarial Network XAI Explainable Artificial Intelligence Sets

GRAD-CAM Gradient-Weighted Class Activation

Mapping

10U Intersection over Union

ISLES Ischemic Tumor Lesion Segmentation
Challenge

LSTM Long Short-Term Memory

MDAN Mirror Difference Aware Network

MRI Magnetic Resonance Imaging

MRI-DWI Magnetic Resonance Diffusion-Weighted
Imaging

MMTN Multi-Modal Transformer Network
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