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ABSTRACT

Brain tumor classification from Magnetic Resonance Imaging (MRI) is a clinically important yet
challenging task due to substantial inter-patient variability, overlapping imaging characteristics among
tumor subtypes, and the limited interpretability of deep learning models in safety-critical medical
applications. This study proposes Swin-TCN-XAI, a hybrid end-to-end deep learning framework,
which integrates a Swin Transformer and a Temporal Convolutional Network (TCN) to jointly learn
complementary spatial and sequential feature representations for multi-class brain tumor classifica-
tion. The Swin Transformer captures hierarchical spatial information through shifted-window self-
attention, while the TCN models inter-token dependencies using dilated causal convolutions. Both
components are optimized simultaneously through end-to-end fine-tuning with differential learning
rates to improve feature adaptation and classification performance. To enhance clinical transparency,
the framework incorporates a multi-level explainability strategy combining Grad-CAM for lesion
localization, SHAP for global and class-specific feature attribution, and LIME for patient-level
decision interpretation. The proposed framework was evaluated on a four-class brain MRI dataset
(glioma, meningioma, pituitary tumor, and no tumor) using a strict patient-wise train-test split to
eliminate data leakage. The model achieved 99.41% accuracy, with macro-averaged precision, recall,
and F1-score 0f 0.9940, 0.9948, and 0.9944, respectively, outperforming state-of-the-art transformer,
temporal, and hybrid baselines. Class-wise analysis demonstrated consistently high performance,
including perfect precision and recall for the no-tumor class and an Fl-score of 0.9925 for the
clinically challenging glioma class. These results demonstrate that the proposed Swin-TCN-XAI
framework provides an accurate, robust, and interpretable approach for automated brain tumor

diagnosis, supporting trustworthy clinical decision-making in MRI-based neuro-oncology.

1. Introduction

Brain tumor diagnosis from Magnetic Resonance Imag-
ing (MRI) is one of the most consequential tasks in clinical
neuro-oncology. MRI provides non-invasive, high-resolution
structural information that enables the differentiation of
major intracranial tumor types — glioma, meningioma, pitu-
itary tumor, and no-tumor — each of which demands a dis-
tinct clinical management pathway. Manual interpretation of
brain MRI by radiologists is time-intensive, subject to inter-
rater variability, and increasingly constrained by the global
shortage of specialist expertise [4]. These pressures have
motivated substantial research into automated deep learning
systems capable of supporting radiological decision-making
at scale.

Despite the clinical urgency of this problem, existing
automated brain tumor classification systems face three in-
terconnected limitations that restrict their real-world util-
ity.Initially, most methods make use of two-dimensional
feature extraction from individual MRIs based on a single
MRI slice, considering each slice as independent and thus
ignoring the intrinsic ordering information between subse-
quent slices [40, 31]. Second, temporal modeling — when
incorporated — is typically implemented through recurrent
architectures such as LSTMs or GRUs, which are sequen-
tially constrained, computationally expensive to optimize,
and prone to vanishing gradient issues on long sequences
[23]. Third, and most critically for clinical adoption, the
majority of high-performing models operate as black boxes,
offering no mechanism by which clinicians can verify the
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anatomical basis of a prediction. A model that achieves high
accuracy without interpretability cannot be safely integrated
into clinical workflows where accountability and auditability
are regulatory requirements.

Beyond standalone classification, systems of this kind
are increasingly positioned within the broader paradigm
of computer-aided diagnosis (CAD), where the objective
is not to autonomously diagnose but to augment radiolo-
gist decision-making with a consistent, reproducible second
opinion. A CAD-oriented brain tumor classification sys-
tem must satisfy stricter requirements than a benchmark
classifier: it must generalize across acquisition protocols,
remain robust to inter-patient variability, and — critically
— expose its reasoning in a form that a radiologist can audit
against established anatomical and radiological criteria. The
Swin-TCN-XAI framework is designed with this CAD role
in mind, combining high classification performance with
a multi-level explainability pipeline intended to support,
rather than obscure, clinical judgment.

Prior work has addressed parts of these limitations in
isolation. Although CNNs have provided good baselines for
MRI classification, they suffer from an intrinsic restriction
to localized receptive fields, which makes them unsuitable
for modeling long-range spatial relationships within the
images [35, 46]. Vision Transformers (ViTs) and their hier-
archical variants address this by modeling global attention,
yet most ViT-based approaches still process slices inde-
pendently without modeling inter-slice relationships [18].
Hybrid ViT-GRU models have combined spatial transform-
ers with recurrent sequential modeling and demonstrated
strong performance with post-hoc explainability tools such
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as SHAP and LIME [2, 5]; however, these approaches rely on
recurrent architectures that introduce optimization instabil-
ity and do not benefit from the parallelism and stable gradi-
ent properties of convolutional sequential models. Further-
more, the explainability strategies employed in prior work
are predominantly post-hoc and single-modality, providing
either spatial heatmaps or feature rankings but rarely both
simultaneously in a clinically integrated framework [1, 9].

To address these interconnected limitations, the present
work introduces Swin-TCN-XALI, a hybrid end-to-end deep
learning framework for multi-class brain tumor MRI clas-
sification. The system combines a pretrained Swin Trans-
former Tiny backbone with a Temporal Convolutional Net-
work (TCN) classification head, jointly optimized through
a differential learning rate strategy. The Swin Transformer
extracts hierarchical spatial patch embeddings from each
MRI slice through its shifted window self-attention mech-
anism, producing a 7 x 7 token grid of dimension 768. The
TCN then models ordered inter-token dependencies across
this sequence through stacked dilated causal convolutions
with residual connections, capturing structured spatial re-
lationships that single-slice CNN or ViT approaches over-
look. Joint end-to-end fine-tuning — applying a conservative
learning rate of 2 x 1075 to the pretrained backbone and a
faster rate of 3 x 10™* to the TCN head — enables domain
adaptation without degrading ImageNet-learned representa-
tions.

The system further incorporates a three-level explain-
ability module: Grad-CAM generates class-discriminative
spatial heatmaps by backpropagating through the final TCN
convolutional block; SHAP (via DeepExplainer) quantifies
the marginal contribution of each Swin token to the classi-
fication decision at both global and class-wise levels; and
LIME provides instance-level superpixel attributions for
individual MRI slices. The combination of these three com-
plementary methods ensures that the framework’s predic-
tions can be verified against known anatomical landmarks
from spatial, feature-level, and instance-level perspectives
simultaneously.

The framework is evaluated on a brain MRI dataset
comprising 9,291 training and 1,857 test samples across
four classes, under a strict patient-wise train-test split that
prevents data leakage by ensuring no MRI slices from the
same patient appear in both partitions. The system achieves a
classification accuracy of 99.41%, with macro-averaged pre-
cision, recall, and F1-score of 0.9940, 0.9948, and 0.9944,
respectively, outperforming all five evaluated temporal and
hybrid baselines on every reported metric. The notumor
class achieves perfect precision and recall (1.0000), and the
glioma class — the most challenging tumor type — attains
an Fl-score of 0.9925. Convergence is achieved at epoch
17 out of 30, with validation accuracy exceeding 97% from
epoch 5 onwards.

The major contributions of this work are as follows:

= We propose Swin-TCN-XAI, a hybrid end-to-end
framework that jointly fine-tunes a Swin Transformer
and a Temporal Convolutional Network (TCN) to

learn complementary spatial and inter-token represen-
tations for multi-class brain tumor MRI classification.

= We incorporate a multi-level explainability frame-
work combining Grad-CAM, SHAP, and LIME to
provide spatial, global, and instance-level interpreta-
tions, enhancing the transparency of model predic-
tions.

= We validate the framework under a strict patient-wise
train-test protocol, achieving 99.41% accuracy and
outperforming state-of-the-art transformer, temporal,
and hybrid baseline models.

This paper is further structured as follows. In Section 2,
we introduce related work in the fields of brain tumor clas-
sification based on MR images, hybrid DNNs, and XAI.
The dataset and the Swin-TCN-XAI framework used are de-
scribed in Section 3. Experimental results and their quantita-
tive analysis are presented in Section 4. Clinical implications
of our findings are discussed in Section 5. Possible limi-
tations and future work are explored in Section 6. Finally,
Section

2. Literature Review

Significant advancements in MRI-based brain tumor
classification models can be attributed to the development of
hybrid models that combine Convolutional Neural Networks
(CNN), Vision Transformers (ViT), and Explainable Artifi-
cial Intelligence (XAI) techniques. Although the primitive
models based on CNN provided robust baselines for the de-
tection of brain tumors, they suffered from limited receptive
fields, which made it difficult for these models to incorporate
global perspectives. Thus, models based on transformers
and hybrid models that combine CNN and transformers
have lately gathered popularity owing to improvements in
representational capabilities and the development of inter-
pretability techniques.

The model proposed by Ahmed et al. [2] was a hybrid
model that used Vision Transformer (ViT) and Gated Re-
current Unit (GRU) models, along with multiple explainable
Al (XAI) methods such as attention map, SHAP, and LIME,
which resulted in a high level of accuracy of 98.97% on
BrMRI-2023 and Kaggle MRI datasets. Interestingly, se-
quential modeling can be very effective when combined with
transformer encoders that capture spatial features in images.
Karagoz et al. [18] proposed a self-supervised Residual
Vision Transformer (ResViT) that performed very well in a
low-data setting, which clearly reveals that using residual or
GRU components can be very helpful in coping with some
deficiencies in solely CNN-based models.

Although transformers are successful, CNN transfer
learning techniques are still competitive. Reddy et al. [35]
proposed BrainCD-Net, which employed a DenseNet-169
based feature extractor and traditional classifiers, yielding
an accuracy of 95.10%. Similarly, Zhao et al. [46] demon-
strated that a ResNet-50 based fine-tuned network can also
provide high levels of classification accuracy on brain MRI
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datasets, thereby proving that an adequately optimized CNN
architecture still has its importance.

Explanation techniques have emerged as the need for ex-
plainability in clinical applications. Aly et al. [5] integrated
ViT, GRU, SHAP, and LIME techniques for enhanced ex-
plainability, demonstrating high accuracy on BraTS bench-
marks. While these downstream explainability techniques
are beneficial, they may often lack robustness in clinical
applications, which could be biased. As an entirely different
approach, Sharma et al. [1] improved CNN models by ap-
plying attention mechanisms at the channel level, enhancing
robustness in noisy environments, but, as known, this is
restricted to spatial features.

Recent hybrid approaches have also incorporated multi-
branch and ensemble approaches. In a combined ensemble of
VGG16 and ResNet50, Dhakshnamurthy et al. [9] achieved a
highly accurate classification result. However, a lack of anal-
ysis of explainability, volumetric reasoning, and validation
by clinical experts is a major issue in these approaches.

While these studies have demonstrated promising perfor-
mance, several limitations remain. Most existing approaches
primarily focus on spatial feature extraction from individual
MRI images, with limited exploration of structured inter-
token dependencies that capture complementary contextual
information. In addition, many explainability methods rely
on coarse activation or attention maps, providing only partial
insight into model predictions. Furthermore, model eval-
uation is often conducted on curated benchmark datasets
without rigorous patient-wise validation, potentially leading
to optimistic performance estimates.

To address these limitations, we propose Swin-TCN-
XA, a hybrid end-to-end framework that combines a Swin
Transformer for hierarchical spatial representation learning
with a Temporal Convolutional Network (TCN) for model-
ing structured inter-token dependencies. To enhance clini-
cal interpretability, the framework integrates a multi-level
explainability strategy using Grad-CAM, SHAP, and LIME,
providing complementary spatial, global, and instance-level
explanations. The proposed framework is evaluated using a
strict patient-wise train-test protocol on a four-class brain
MRI dataset, demonstrating accurate, robust, and clinically
interpretable brain tumor classification.

As summarized in Table 1, existing approaches achieve
high classification accuracy but often lack temporal model-
ing, robust interpretability, or evaluation on heterogeneous
clinical data.

3. Materials and Methods

This study introduces a hybrid model, referred to as
Swin-TCN, which combines Swin Transformer and Tempo-
ral Convolutional Networks. A comparative study is also per-
formed against the current state-of-the-art models for deep
learning techniques. The aim is to achieve high accuracy
in classification while ensuring interpretability by applying
Explainable Artificial Intelligence. Preprocessing, training
of the model, evaluation, and analysis of explainability make
up the workflow (Fig. 1).

3.1. Data Acquisition

The dataset is composed of multiple Magnetic Reso-
nance Imaging (MRI) scans of varying individuals, with
the class distribution balanced across glioma, meningioma,
pituitary tumor, and non-tumor classes. Realistic inter-center
variability is incorporated in the dataset, reducing the bias
in the current dataset, considering the differences in image
acquisition techniques between centers. Moreover, the im-
ages are converted to the grayscale modality to make the
representation identical for the neural network, which also
reduces the computational complexities. In this task, all the
images are converted to the grayscale modality [26]. Sample
MRI slices from different tumor categories are illustrated in
Fig. 2.

Handling of Missing Values The brain MRI dataset used
in this research has already included fully annotated image-
label pairs, and there were no missing values within the
class labels. Since this dataset is composed only of imaging
data, there are no attributes that could be used for impu-
tation or missing value handling. All images used within
the experiments were already included before preprocessing,
satisfying the quality and completeness criteria.

Statistical Dataset Characteristics To evaluate the char-
acteristics of this dataset, a statistical analysis has been per-
formed. The class-wise sample count has been represented
in Table 2. Pixel intensity values are then normalized to
the range [0, 1] as part of the preprocessing step. The mean
intensity level for all the pixel values was found to be around
0.46, while the standard deviation for all pixel values was
calculated to be around 0.21 on average. Spatial consistency
is ensured by resampling all the images to a fixed resolution
of 224 x 224 pixels, thus taking care of any variations in
spatial resolution that might be present in the MRI slices.

3.2. Preprocessing and Data Augmentation

In order to maintain uniformity across the whole dataset,
all the MRI slices are resampled to a fixed resolution of
224 x 224 pixels. The pixel intensities are normalized to
the interval [-1, 1] using a channel-wise mean and standard
deviation of 0.5. This ensures that the inputs to the backbone
have a stable distribution. No further contrast enhancement
steps are taken at the preprocessing stage since the pretrained
Swin backbone is adequate enough to account for natural
variations in intensity.

The goal of using data augmentation is to improve the
generalization process while preventing overfitting. In this
way, the data augmentation technique is done only during
the training stage. The data augmentation techniques include
horizontal and vertical flip, rotation up to an angle of 15°,
and color jittering through the use of perturbation in both
brightness and contrast [19] with intensity of 0.2. None of
the data augmentation procedures is done during evaluation.
Some of the augmented MRI slices are illustrated in Fig. 3.
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Table 1
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Summary of prior studies on brain tumor classification using CNN-, ViT-, and hybrid-based deep models.

No. Methodology Key Contribution Dataset Identified Limitation
1 Hybrid VIT-GRU with XAl [2] High accuracy with sequen- | BrMRI-2023, Kag- | Limited volumetric reasoning;
tial modeling and post-hoc | gle MRI dataset bias; post-hoc XAl
explainability
2 Self-supervised ResViT [18] Effective transformer learn- | BraT$S, Figshare Weak MRI-specific pretext tasks;
ing under limited data lacks temporal modeling
3 DenseNet169-based BrainCD- | Efficient CNN-based hybrid | MRI datasets No global context modeling; lim-
Net [35] pipeline ited interpretability
4 Fine-tuned ResNet50 [46] Strong CNN transfer learn- | Kaggle MRI Purely 2D; no explainability or
ing baseline sequential analysis
5 ViT-GRU with SHAP and LIME | Improved interpretability for | BraTS 2013/2015 | Older datasets; post-hoc explana-
[5] tumor prediction tions only
6 Channel-attention CNN [1] Robustness to noise and per- | Clinical MRI CNN-only; lacks global and tem-
turbations poral context
7 Hybrid VGG16-ResNet50 En- | Very high classification ac- | MRI datasets No XAl, temporal modeling, or
semble [9] curacy external validation
Table 2 on entirely unseen subjects rather than previously observed

Overview of the Brain MRI Datasets Used in This Study

Attribute
Total Images

Description

11,148 MR slices

Glioma, Pituitary, Meningioma, No
Tumor

Glioma: 3,621; Meningioma: 2,619;
No Tumor: 2,334; Pituitary: 2,574

Magnetic Resonance Imaging (MRI)

Tumor Classes
Class Distribution

Image Modality
Original Resolution Variable (scanner-dependent)
224 x 224 pixels

80% / 20% (patient-wise)

Resized Resolution
Train/Test Split

Training Samples 9,291 slices

Testing Samples 1,857 slices

Validation Set Derived from training set during op-
timization

3.3. Data Splitting into Training and Testing Sets

The performance and generalization abilities of the sug-
gested deep learning model were analyzed by splitting the
brain MRI data set into training and testing sets in an 80/20
ratio. Finally, the training and testing data sets included
9,291 and 1,857 MRI slices, respectively.

Importantly, the dataset was split in a strict patient-
wise manner to prevent data leakage between the training
and testing sets. This ensured that MRI slices belonging
to the same patient were exclusively assigned to either the
training or the testing subset, but never both simultaneously.
Such a patient-level separation provides a more clinically
realistic evaluation protocol, as the model is tested only

patient distributions.

The overall dataset partitioning strategy is illustrated in
Fig. 4.

From a clinical reliability standpoint, this distinction is
not a mere methodological formality. A model evaluated un-
der random slice-level splitting may appear highly accurate
simply because it has implicitly memorized patient-specific
scanner artifacts, anatomical idiosyncrasies, or acquisition
noise present in slices it has already seen from that same
subject. Such a model offers no guarantee of performance
on a genuinely new patient — the exact scenario it would
face in real clinical use. Patient-wise evaluation removes this
confound, so that the reported accuracy reflects generaliza-
tion to unseen individuals rather than recall of previously
encountered scan characteristics.

Prevention of Data Leakage A static patient-level train-
test split was strictly followed to ensure that the model is
evaluated without bias. This ensures that all the MRI slices
of a particular patient were either assigned to the training set
or the test set, without any intersection between the two sets.
This ensures that the model is evaluated on unseen patients,
thereby giving a real-world idea of the performance of the
model.

3.4. Image Data Loading via PyTorch
ImageFolder

Images are read using torchvision.datasets.ImageFolder
from PyTorch, which automatically determines the classes
based on the folder names (glioma, meningioma, notumor,
pituitary). Data batching and loading are accomplished using
torch.utils.data.DataLoader with a batch size of 32 and 2
workers. The memory-efficient method allows for efficient
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Figure 1: Schematic illustration of the proposed architectural framework.

transformations of images on the fly and is perfectly com-
patible with the Swin Transformer and TCN modules based
on PyTorch [32].

3.5. Label Encoding

Classes are labeled using numerical values (0 for glioma,
1 for meningioma, 2 for notumor, and 3 for pituitary),
and they are directly fed into nn.CrossEntropyLoss from
PyTorch, which takes care of applying the log-softmax. In
order to avoid overconfidence and improve calibration, label
smoothing is applied with a value of 0.1, as mentioned by
[17]. Using this approach, there is no need for the one-hot
representation.

3.6. Feature Scaling via Pixel Normalization
MRI pixel intensities are normalized using channel-wise
mean and standard deviation of 0.5, mapping the input range

from [0, 255] to [-1, 1]. This normalization is applied uni-
formly across all three channels after converting images to
tensors via transforms.ToTensor (), and is consistent with the
input statistics expected by the ImageNet-pretrained Swin
Transformer backbone. Normalized inputs ensure stable gra-
dient flow and faster convergence during end-to-end fine-
tuning [12].

3.7. Algorithm

For this proposed approach, two key algorithms were
employed: Swin Transformer for hierarchical extraction of
features and Temporal Convolutional Network (TCN) for
sequential representation of features at a patch level. These
were combined with Grad-CAM to achieve explainable tu-
mor localization. In addition to that, SHAP (Shapley Addi-
tive exPlanations) analysis was used to determine the weight

Page 5 of 25



Swin—-TCN-XAI for Brain Tumor MRI Classification
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Meningioma

No_Tumor

Pituitary
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Figure 2: Representative samples drawn from the brain tumor MRI dataset, with emphasis on the different tumor categories.

Original Rotation Shift Zoom In

Figure 3: Data augmentation techniques that have been used on the MRI images to show the diversity of the dataset.

that features from the input contribute to reaching a final semantic features that represent the complex spatial features

model prediction. from the input brain MRI images.
The proposed TCN model is then used for capturing
Justification of Swin Transformer — TCN Fusion Or-  ordered inter-slice dependencies from the input MRI scan.

der The fusion order for the proposed Swin-TCN model This model is more appropriate for capturing such depen-
architecture is set such that the Swin Transformer model dencies since TCN models can efficiently capture sequential
comes before the Temporal Convolutional Network (TCN)  relationships from input data using dilated convolutions
model. The Swin Transformer acts as a hierarchical spatial ~ while also ensuring stable gradients during training for par-

feature extractor due to the usage of the shifted window self- allelization.

attention mechanism, which helps in capturing local as well The reverse fusion pattern, which is TCN followed by
as global context for the tumor from the input magnetic reso- Swin Transformer (TCN — Swin Transformer), is compar-
nance imaging (MRI) slices. This model produces compact, atively inefficient and impractical. This is because temporal

convolutional networks (TCNs) are designed for modeling

Train Class Distribution Test Class Distribution
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2183 2145 436 az9

3018 603
1945
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o
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Figure 4: Diagrammatic representation of the partitioning of the dataset into training and testing subsets.
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Figure 5: Flow diagram of Swin Transformer.

structured sequential representations of features rather than
high-dimensional representations of image pixels. Using
TCNs for pixel-level information would significantly in-
crease the computational costs and compromise the ability of
the transformer to create meaningful hierarchical represen-

tations. This makes the fusion pattern of Swin Transformer
followed by TCN (Swin — TCN) computationally efficient
and capable of modeling spatial and temporal information.

3.7.1. Swin Transformer
Swin Transformer is a hierarchical vision transformer

that incorporates a shifted window attention mechanism to

effectively encode local and global information. The multi-

scale structure of Swin Transformer allows patch embed-
dings to be processed at different scales, thereby aiding in
effective tumor feature extraction. Figure 5 illustrates the
Swin Transformer workflow adopted in this study.

The Swin Transformer model proposed here shows its ef-
ficiency in extracting local features as well as global features
from the input image slices, making it a viable model for
tumor classification problems. The process begins with the
division of the input image into non-overlapping patches and
then embedding these patches as tokens. Further processing
takes place through a sequence of hierarchical layers, where
the W-MSA module verifies the extraction of local features,
and the SW-MSA module helps in the communication be-
tween distant windows to share global information. A modi-

HSH ARk Rropossehin Aseoshhs R PR LS Ak

excellent tumor diagnosis results in the context of multiple
MRI tumor classes. A joint architecture of Swin Transformer
+ ResNet50V2 was also used in a study, which minimized
computation complexity while maximizing accuracy per-

formance in both binary and four-class MRI datasets [45].
These modified models have validated the effectiveness of

the suggested architecture in the efficient classification of
tumors through brain MRI data. The patch merging layers
reduce the spatial resolution of the feature map as the depth
of the channel increases, resulting in the creation of a deep
multi-scale feature representation.
To explain this procedure in an open way step-by-step,

**Algorithm 1 illustrates the Swin Transformer feature ex-
traction used here**.

Patch Merging Downsampling feature maps to build a
hierarchical representation'[ ])

( Z(2x2)

s*1. 7 Proj Concat :

M
Z

which constructs a feature pyramid, later interfacing with the
TCN module.

Working Mechanism Swin Transformer splits a feature
map into M x M windows to conduct local attention, and
cyclic shifts help windows communicate through linear
computational complexity. Swin Transformer is particularly
appropriate for cancer classification tasks, which require
both fine-grained and global contextual information.

Patch Partitioning and Embedding Input slices X €
RHxW =1 are tokenized via non-overlapping P x P patch
embeddings, yielding:

H W -

ZoeRr »p @)

Hierarchical Stages The architecture is divided into dif-
ferent phases, which combine Window Multi-Head Self-
Attention (W-MSA) and Shifted Window Multi-Head Self-
Attention (SW-MSA). The patch merge module reduces
the image resolution by half and doubles the number of
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Algorithm 1 Swin Transformer Feature Extraction for Brain

Tumor Classification
1: Initialization:
: X: Input MRI slice of size H x W x 1

2
3: 6: Hyperparameters (Table 3)

4: P:Patch size (4 x 4), M: Window size 7, S: Swin stages 5:
£ = {Precision, Recall, F1-Score, Accuracy}
6
7
8

: procedure DATAPREPARATION
Normalize X to [0, 1]
Partition X into non-overlapping patches of size P x P
9: Embed each patch to obtain token embeddings Zo
10: end procedure

11: procedure MODELTRAINING
12: fors=1to S do

13: Apply Window Multi-Head Self-Attention (W-MSA)

14: Apply Shifted-Window MSA (SW-MSA) for cross-window
communication

15: Perform patch merging (reduce spatial resolution, double chan-
nels)

16: end for

17: Obtain final hierarchical feature map Zs

18: end procedure

19: procedure PERFORMANCEEVALUATION

20: Use extracted Zs for downstream classification
21: Compute £ = {Precision, Recall, F1-Score, Accuracy}
22: Select best-performing attention configuration

23: end procedure

24: Main Execution:

25: DATAPREPARATION

26: MODELTRAINING

27: PERFORMANCEEVALUATION

28: return Swin Transformer feature map Zs and evaluation results

channels, making it suitable for tumor analysis at different
scales [22].

Relative Position Bias A relative positional encoding in-
dexed by token offsets is employed by each attention head.
This makes them invariant to location. Efficiency is im-
proved with Flash Window Attention.

Task Heads Global pooling layers are followed by fully
connected layers to derive the final predictions, making it
easy to incorporate with hybrid pipelines like Swin-TCN-
XAI [14].

Mathematical Formulation Window Attention (W-MSA).

Window Attention (W-MSA). The self-attention between
each non-overlapping window is written as:

Attention(Q, K, V') = Softmax QVIE_T +B V,(3)
d

where B denotes the relative position bias [43].
Shifted-Window Attention (SW-MSA). To enable cross-
window communication, a cyclic shift of (|[M/2], |M2]) is

added prior to W-MSA, weaving in with it to capture local
and global context. [41].

3.7.2. Temporal Convolutional Network (TCN)

Each MRI scan is represented as an ordered sequence
of axial slices, where Swin Transformer extracts patch-level
features per slice, and the TCN models ordered inter-slice
dependencies across the scan. A temporal convolutional
network (TCN) models the relationship between sequences
by employing dilated convolutions. As opposed to recurrent
models, TCNs are able to train in parallel yet still model both
short and long-term dependencies effectively. The temporal
dependencies, in this case, represent the sequence through
which the images are arranged in order as consecutive MR
scans, and not through time series imaging. This approach
is able to capture the contextual relationship between the
images, specifically the ordered images within the scan,
allowing the TCN to model these relations effectively . Fig. 6
illustrates the Temporal Convolutional Network (TCN) pro-
cess applied in this study.

To provide a brief, step-by-step demonstration of this
temporal feature extraction process, **Algorithm 2 illus-
trates the TCN feature extraction used within this research**.

Mathematical Formulation For an input sequence {z1, ..., z,}, the

TCN output at time ¢ is:
=1

%= Wi * Zg-g-k 4
k=0
where K is the kernel size, d is the dilation factor, and

wy, are learnable weights. Stacking dilated layers expands the
receptive field exponentially, while residual connections

improve training stability.

Architecture

« Input: Flattened patch embeddings (from Swin Trans-
former) serve as the input sequence [10].

» Dilated Convolutions: Successive dilations (d =
1, 2, 4, 8, ...) capture progressively longer dependen-
cies.

= Residual Blocks: Each block integrates convolution,
normalization and ReL U activation to ensure stability
[24].

e Output: Global pooling followed by dense layers
generates the final class predictions.

3.7.3. Swin—-TCN—-XAI Fusion for Brain Tumor
Classification

In the Swin-TCN fusion, the spatial extraction of features
offered by the Swin Transformer is combined with the tem-
poral capabilities of the Temporal Convolutional Network.
In this fusion, the features extracted from patches by the
Swin Transformer are flattened, which are then processed by
the TCN to extract temporal information. **Algorithm 3**
encapsulates this hybrid pipeline with feature extraction,
fusion, classification, and explainability.
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Figure 6: Flow diagram of TCN.

Algorithm 2 Temporal Convolutional Network (TCN) for
Sequential Feature Modeling

18:

19:
20:
21:

23:

24:
25:
26:
: PERFORMANCEEVALUATION
28:

C XN L ADN —

: Initialization:

. Input feature sequence Z = {z1, zy, ..., Z,} from Swin Transformer 3:
: Hyperparameters (Table 3)

. K: Kernel size = 3, dilations {1, 2}, residual blocks = 2

: £ = {Precision, Recall, F1-Score, Accuracy}

: procedure DATAPREPARATION

Flatten Zs into sequential representation of length 49
Normalize features and prepare batches for input to TCN

: end procedure

: procedure MODELTRAINING

for each residual block do 0
Apply 1D dilated convolution: y, =

2k-1 @ )
k=0 Wi %
Apply ReLU activation and Layer Normalization

Add residual connection: z® = y® + z(-1)

t t t
end for

Apply global average pooling followed by fully connected layers
Optimize using AdamW with Ir = 3 x 10~* and cosine annealing
scheduler
end procedure

procedure PERFORMANCEEVALUATION
Evaluate predictions ¥ on test data
Compute £ = {Precision, Recall, F1-Score, Accuracy}
Select best-performing dilation and kernel settings
end procedure

Main Execution:
DATAPREPARATION
MODELTRAINING

return Temporal feature representation and performance metrics

Algorithm 3 Hybrid Swin—TCN—XAI Framework for Brain
Tumor Classification

17:

18:
19:
20:
21:

DU A WD —

. Initialization:
: X: Input MRI slice, 8: Helperparameters (Table 3)
: Backbone Ir=2x 107>, Head Ir=3 x 1074, epochs = 30

: £ = {Precision, Recall, F1-Score, Accuracy}

: procedure DATAPREPARATION

Normalize MRI slices and split dataset into train/test
Apply patch extraction and embedding as per Algorithm 1

: end procedure

: procedure MODELTRAINING

Stage 1: Swin Transformer Encoding
Extract hierarchical features Zs using shifted-window attention
Stage 2: Temporal Modeling with TCN
Pass Zs to TCN with dilated convolutions and residual blocks
Stage 3: Classification Head
Apply global pooling — fully connected — Softmax
Optimize with AdamW (differential learning rates) and cosine
annealing scheduler
end procedure

procedure PERFORMANCEEVALUATION
Predict tumor class ¥ on test set

Compute £ = {Precision, Recall, F1-Score, Accuracy}
Explainability Stage:

22:

23:

24:

25:
26:
27:
28:

29:

Generate Grad-CAM, SHAP, and LIME explanations after the
classification stage.
end procedure

Main Execution:
DATAPREPARATION
MODELTRAINING
PERFORMANCEEVALUATION

return (¥, Grad-CAM, SHAP, Lime, £)
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Rationale and Design Goals However, the proposed hy-
brid framework uses the strengths of Swin Transformer,
Temporal Convolutional Network (TCN), and Explainable
Artificial Intelligence (XAI) to address brain tumor classi-
fication in MRIs. Swin Transformer focuses on hierarchi-
cal spatial patterns, while TCN modules address temporal
dependencies. On the other hand, Grad-CAM with SHAP
handles interpretability [25]. This design ensures not only
high accuracy but also clinical transparency.

Hierarchical Feature Encoding via Swin Transformer
To attain the stated goals, the Swin Transformer Network
makes use of the shifted window self-attention approach,
thus enabling the capturing of both the local architectural
design as well as global information. This is made possible
through the hierarchical structure of the Swin Transforma-
tion Network, where resolution is reduced through aug-
mentation of semantic representations. Augmentation of the
generalization capabilities of the model is achieved through
the use of pre-trained weights, as seen in the Swin-SMT.

Token Sequencing and Swin—TCN Interface To bridge
the gap, the outputs from the Swin Transformer are flattened
into token form, which are then passed to the Temporal
Convolutional Network (TCN). In the TCN, long-distance
information within the data is modeled using dilated causal
convolutions, such that the fusion features,F, include the
information related to the morphological characteristics as-
sociated with the local regions.

Temporal Convolutional Network (TCN) Head This
Temporal Convolutional Network (TCN) head, made up of
dilation convolutions, normalizations, and nonlinear activa-
tions, is used to provide regularization to the training phase.
Pooling, followed by fully connected layers, provide the final
output classes in terms of J = Softmax(W F + b). Tempo-ral
Convolutional Networks address the complex temporal
aspects in medical image analysis, hence supporting the
proposed method [37].

Training and Computational Efficiency The AdamW
optimizer is employed with differential learning rates: 2 x
107> for the pretrained Swin backbone and 3 x 107# for
the TCN classification head. A cosine annealing learning
rate scheduler reduces the learning rate to 107 over 30
training epochs. Cross-entropy loss with label smoothing of
0.1, dropout regularization at rate 0.3, weight decay of 1074,
and gradient clipping with max norm = 1.0 collectively
ensure stable convergence and strong generalization. The
window-based self-attention in the Swin Transformer and
the parallelizable dilated convolutions in the TCN ensure
that the end-to-end model remains computationally tractable
on modern GPU hardware.

Overfitting Control and Regularization Strategies Sev-
eral different forms of regularization were used to min-
imize overfitting while improving the generalizability of
the model. Dropout was used in several layers of both the

Swin Transformer and TCN models. Through the process of
randomly turning off the activation of neurons in the training
phase, this form of regularization prevented features from
co-adapting.

Furthermore, a number of data augmentation methods
such as flipping, rotating, and changing image scale and
intensity were used to mimic real-world imaging situa-
tions. Lastly, early stopping was used to stop training once
the performance on validation measures began stagnating.
Taken together, these strategies effectively reduced overfit-
ting while still allowing for successful model convergence.

3.8. Explainability Module (Grad-CAM, SHAP,
LIME)

Although the proposed Swin-TCN model has strong
predictive power, the application of this model in practical
healthcare settings should be clear and interpretable. It has
been established that deep neural networks are generally
considered to be a “black box.” This can cause some issues
concerning trust, especially in healthcare environments. To
overcome such difficulties, the proposed work utilizes the
concept of multi-level explainability through the use of
Grad-CAM, SHAP, and LIME.

In a diagnostic setting, a classification label alone carries
limited clinical value unless the radiologist can verify why
the model arrived at that decision. Explainability, in this
context, functions less as a diagnostic auxiliary and more as
a decision-support mechanism: it allows a clinician to cross-
check the model’s attention against known tumor morphol-
ogy before a result is acted upon, rather than accepting the
prediction as an opaque output. This is particularly critical in
borderline or atypical presentations, where a radiologist may
wish to confirm that the model’s decision is anchored to the
lesion itself rather than to incidental scan artifacts, motion
blur, or acquisition-specific noise.

Thus, it is ensured that the Swin-TCN-XAI model achieves
a high level of classification accuracy while offering a mean-
ingful explanation consistent with radiologic interpretation.

3.8.1. Spatial Explainability using Grad-CAM

Grad-CAM (Gradient-weighted Class Activation Map-
ping) is applied to the final convolutional block of the
Temporal Convolutional Network (tcn.network[-1]), which
is the last feature-producing layer before the classification
head. Forward and backward hooks are registered on this
layer to capture activations and gradients during inference.
Class-specific importance weights are computed by globally
averaging the gradients with respect to each feature map
channel, and the resulting weighted activation sum is passed
through a ReLU function to produce a class-discriminative
heatmap. The heatmap is subsequently reshaped from the
49-token sequence back to the 7 x 7 spatial grid and upsam-
pled to 224 x224 pixels for overlay on the original MRI slice
[33].
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For a predicted class c, the importance weights are
computed as:

= 1220 )
k
v Z ; 04 i
and the corresponding localization map is given by:
( D
k
L E]rad—CAM = ReLU ackA (©)

k

These heatmaps allow clinicians to visually verify whether
the model focuses on anatomically plausible tumor regions
rather than irrelevant background structures.

3.8.2. Global Feature Attribution using SHAP

In order to better understand the explanatory space, the
final classifier’s feature contribution is quantified by SHAP
(SHapley Additive exPlanations). SHAP values, which are
derived from cooperative game theory, quantify the contri-
bution of features.

In this paper, SHAP values are utilized for the Swin-
TCN model’s fused feature embeddings to determine which
features contribute the most to the classification of the tumor.
The mean of the absolute SHAP values can offer insights into
which features mainly contribute to the correct classification
of the tumor [16].

3.8.3. Local Instance-Level Interpretability using
LIME

To clarify individual MRI slice instance-level expla-
nations, the approach called Local Interpretable Model-
Agnostic Explanations (LIME) is used. LIME works by
perturbing the confined region around the input image using
superpixel segmentation. A sparse linear model is also used
around the instance being explained [44].

This results in localized explanations that can be under-
stood by humans since they point out the parts within images
that contribute positively or negatively to the outputs that
predict the class of the tumor. Thus, LIME fills the gap that
exists within the interpretability abilities of Grad-CAM.

The combination of the outputs of the Grad-CAM,
SHAP, and LIME techniques helps to enable clinical experts
to verify that the model focuses on anatomically valid areas
of the tumor and to understand the value of individual
features for each of the predictions.

The integration of Grad-CAM, SHAP, and LIME offers a
robust explainability model that offers localization, expla-
nation, and elucidation of decision-making processes, and
this makes the proposed Swin-TCN-XAI model suitable for
transparent and trustworthy deployment in clinical settings.

3.9. Evaluation Metrics

In order to determine the clinical reliability and effi-
ciency of Swin-TCN-XAI framework classification, various
metrics for evaluating were considered. These metrics in-
cluded Precision, F1-Score, Sensitivity (Recall) and Overall

Accuracy. These parameters are considered important for
medical image classification because they can perform class-
wise as well as overall classification, which is useful for
class-imbalanced scenarios [19, 21].

3.9.1. Precision
Precision calculates the proportion of true positive pre-
dictions out of all positive predictions:

TP
TP +FP

Precision = (7
In addition, a high level of precision is required to avoid
false positives and unnecessary medical procedures.

3.9.2. Sensitivity (Recall)
Sensitivity measures how well the model can detect
actual tumor instances:

Sensitivity = —Ir ®)

FN+TP

This is even more important in oncological tasks, as an
incorrectly detected case can invite catastrophic outcomes.

3.9.3. FI-Score

Fl-score is the harmonic mean of the precision and
sensitivity:

Precision - Sensitivi
Fl-score = 2 x . . ty )
Precision + Sensitivity

It performs a balanced evaluation of the models’ perfor-
mance, especially in cases with moderate class imbalance.

3.9.4. Overall Accuracy
Overall accuracy mirrors the number of correctly classi-
fied samples in each of the classes:

TP+TN

Accuracy = (10)
FN+TN+FP+TP
Even if accuracy is not representative of any class differ-

ences, it is a global index of reliability for classification.

Taken together, these measures provide an integrated, highly
actionable evaluation of performance and generalization ca-
pacity for the framework.

3.10. Hyperparameter Configuration

The Swin-TCN-XAI model was trained under a unified
end-to-end configuration to ensure stable convergence and
strong generalization. All hyperparameter values are sum-
marized in Table 3 and correspond directly to the implemen-
tation described in Algorithms 1-3.

The Swin Transformer Tiny backbone (swin_tiny_patch4_window7_224

pretrained on ImageNet-1K, serves as the spatial feature
extractor. Input MRI slices are divided into non-overlapping
4 x 4 patches with a window size of 7 tokens, producing a
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Table 3
Hyperparameters of the proposed Swin-TCN-XAI end-to-end
model.

Hyperparameter Value

Backbone Swin-Tiny (ImageNet-1K
pretrained)

Patch / Window Size 4x4/7

Output Feature Map 7 x 7 x 768 (flattened to 49 x 768)

TCN Channels [128, 256]

TCN Kernel / Dilations 3, {1, 2}
Dropout Rate 0.3
Backbone Optimizer AdamW, Ir = 2x1075, weight decay

=10+

Head Optimizer AdamW, Ir = 3x1074, weight decay
=10

LR Scheduler Cosine Annealing (Tax = 30, min =
107°)

Training Epochs 30 (best checkpoint at epoch 17)

Batch Size 32

Number of Classes 4

Label Smoothing 0.1

Gradient Clipping

Total Parameters
Explainability (XAl)

max _norm = 1.0

28,291,582
Grad-CAM, SHAP, LIME

spatial feature map of size 7 x 7 x 768, which is flattened
into a sequence of 49 tokens of dimension 768 before being
passed to the TCN module.

The TCN classification head employs dilated causal
convolutions with kernel size 3 and dilation rates {1, 2},
with output channels [128, 256]. Dropout at rate 0.3 and
weight decay of 10~ are applied for regularization. The
backbone and head are jointly optimized using the AdamW
optimizer with differential learning rates: 2 x 107> for the
pretrained Swin backbone and 3 x 10~* for the TCN head,
preventing degradation of ImageNet-learned representations
while allowing rapid adaptation of the classification head. A
cosine annealing scheduler reduces the learning rate from
the initial value to 107 over 30 epochs. Gradient clipping
with max norm = 1.0 and label smoothing of 0.1 further
stabilize training and improve output calibration. The best
model checkpoint is saved at epoch 17 based on validation
accuracy.

For explainability, Grad-CAM is applied to the final
TCN convolutional block via registered forward and back-
ward hooks, producing class-discriminative spatial heatmaps.
SHAP (via DeepExplainer) is used to compute token-level
feature attribution across the test set, while LIME provides
instance-level superpixel explanations for individual MRI
slices.

All hyperparameters were kept fixed across experiments
to ensure fair comparison and reproducibility.

3.11. Reproducibility and Implementation
Availability

In order to ensure full reproducibility of the study, the
preprocessing methods, model parameters, and training pro-
cedures have been clearly specified. In this study, the Swin
Transformer backbone model has been used and initialized
using the publicly available pre-trained weights on the Ima-
geNet dataset.

For the training and evaluation of the model, PyTorch
2.x and the timm library were used exclusively. The random
seed was fixed to 42 across all components (random, numpy,
torch) to ensure reproducibility of the results. Experiments
have been conducted under the same preprocessing methods,
training procedures, and evaluation protocols.

The dataset used in the study is publicly available, and
the experiment configurations can be replicated using stan-
dard deep learning environments.

4. Results Analysis and Discussion

In this paper, a comprehensive experimental analysis has
been performed to evaluate the Swin-TCN-XAI framework
for multi-class brain tumor analysis performed on magnetic
resonance imaging scans. The analysis of the hybrid frame-
work includes training stability, accuracy, discrimination
ability, and interpretation capabilities. At the same time,
comparative studies are carried out in order to examine the
effectiveness and generalizability of the new approach with
respect to different models.

All experiments are performed under identical environ-
mental settings for the preprocessing, training, and test-
ing phases. The evaluation is performed based on certain
parameters such as Precision, Sensitivity, F1 Score, and
Overall Accuracy, considering their prior established rel-
evance for medical image classification problems, which
are often characterized by class imbalance, robustness, and
accuracy. Explainability is another area of interest, and this is
measured based on parameters such as Grad-CAM, SHAP,
and LIME, etc.

In the experimental analysis, the discussion proceeds
as follows. First, the convergence behavior of the Swin-
TCN network is analyzed through the training and validation
losses, as well as the validation accuracy. Second, confusion
matrices and classification reports are used. Finally, the issue
of clinical interpretability is addressed, along with the results
obtained from the Grad-CAM, SHAP, and LIME analyses,
as well as the model comparison test.

4.1. Experimental Setup and Implementation
Details

All experiments were conducted using the Python pro-
gramming language with PyTorch 2.x and the timm library
for Swin Transformer loading. Training was performed on
an NVIDIA RTX 4090 GPU (24 GB VRAM) with an Intel
19 processor and 64 GB RAM. The Swin Transformer back-
bone (swin_tiny_patch4_window7_224) was initialized from
publicly available ImageNet-1K pretrained weights. MRI
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images were resized to 224 x 224 pixels and normalized
using mean = 0.5 and standard deviation = 0.5 per channel,
mapping pixel values to the range [-1, 1]. Training aug-
mentations included random horizontal and vertical flips,
random rotation up to 15°, and color jitter with brightness
and contrast variation of 0.2.

The framework adopts an end-to-end training strategy in
which the Swin backbone and the TCN classification head
are jointly optimized using differential learning rates. The
AdamW optimizer is applied with a backbone learning rate
of 2 x 107 and a head learning rate of 3 x 107%, both
with weight decay 10™. A cosine annealing learning rate
scheduler with Ty = 30 and 7, = 107° is applied to
gradually reduce the learning rate. Gradient clipping with
max _norm = 1.0 is used to stabilize training. Cross-entropy
loss with label smoothing of 0.1 serves as the training
objective. The model was trained for 30 epochs with a batch
size of 32, with the best checkpoint saved at epoch 17 based
on validation accuracy.

The dataset was divided into training and testing sub-
sets at an 80:20 ratio following a strict patient-wise split,
ensuring that all MRI slices from a given patient appear
exclusively in either the training or the test set, with no
overlap between the two partitions.

4.2. Training Loss and Validation Accuracy

The proposed end-to-end Swin-TCN model is capable
of fast and reliable convergence, as shown in Figure 7.
The training loss drops considerably from 0.635 to less than
0.370 after epoch 1 due to the powerful representation capa-
bility of the ImageNet pre-trained Swin backbone network
that needs minimal adjustments for the brain MRI task.
Following that, the training loss progressively decreases and

R R I N A T NG SR Sl
scheme in controlling the learning-rate decay.

The validation accuracy achieves 97.42% after epoch 5
and is greater than 98% starting from epoch 10 onwards. The
best checkpoint is obtained at epoch 17, where the validation
accuracy is 99.41%. Some fluctuations observed between
epochs 10 and 15, ranging from 96.72% to 98.44%, can
be attributed to the stochastic behavior of the mini-batch
optimization algorithm and do not suggest instability. The
stable and excellent accuracy level after epoch 5 further
validates the efficacy of the differential learning rate method
in fine-tuning the pre-trained backbone with a conservative
rate of 2 x 107> and the newly added TCN head with a more
aggressive rate of 3 x 1074,

4.3. Confusion Matrix, Classification Report, and
Visualization
The confusion matrix and classification report provide
a detailed analysis of the proposed approach on a class-
by-class basis, allowing for an in-depth analysis of true
positives, false positives, and false negatives for various
classes of cancers.

4.3.1. Confusion Matrix

The confusion matrix shown in Fig. 8 highlights the ex-
cellent discriminative power of the proposed method for all
four tumor categories. Diagonal dominance is observed, sug-
gesting the accuracy of classifications made by the frame-
work. As regards the glioma category (603 samples), 596
classifications are true, with 5 and 2 cases falsely classified
as meningioma and pituitary tumors respectively, which
gives a recall rate of 0.9884. For the meningioma category
(436 samples), 433 samples are accurately predicted, out
of which only 2 and 1 are falsely identified as glioma and
pituitary tumors respectively, resulting in a recall value of
0.9931. All samples of the notumor category (389 sam-
ples) are correctly classified (recall = 1.0000, precision
= 1.0000). In the pituitary category (429 samples), 428
classifications are true, while one is falsely recognized as
meningioma, thus having a recall rate of 0.9977.

Misclassifications are mainly between the glioma and
meningioma categories, which can be explained through the
radiologic similarity in MRIs between these two tumors,
especially in terms of intensity values in T1 weighted se-
quences. No misclassification was found between notumor
category and others, which is highly valuable from the
clinical point of view.

4.3.2. Explainability with Grad-CAM

The use of Grad-CAM enhances the explainability of
the model by generating class-specific heatmaps to show
relevant sections of the MR scans. Grad-CAM generates
class-specific heatmaps by calculating the importance of
activation maps generated using gradients from the convo-
lutional layers [20, 39].

Mathematical Overview Grad-CAM computes the im-
portance weight ac kfor each feature map Ak as the average of
the target class score ¥ gradients with respect to the feature
map. The heatmap output is a weighted sum of such maps
fed into a ReLU function:
( = D

o AF (11)

. k

L CGrad—CAM = ReLU

This highlights spatial areas most effective to the model’s
output while suppressing unnecessary areas, so clinicians
can verify if predictions align with tumor locations, as
presented visually in Fig. 9.

The Grad-CAM visualization plots have consistently
highlighted the tumor-related anatomical areas for all tumor
classes, which shows that the model is actually focusing
on the relevant areas rather than the background areas.
Moreover, the SHAP visualization plots also confirm that
the discriminative areas on which the model is making its
classification decisions are related to the tumor location
along with its varying intensities.

4.3.3. Explainability with SHAP
SHAP (SHapley Additive exPlanations) offers explain-
ability at the level of features through the determination of
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Swin-TCN End-to-End — Training Curves
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Figure 7: Learning curve for the training loss and validation accuracy of the Swin Transformer-TCN hybrid model.

Confusion Matrix — Swin-TCN E2E
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Figure 8: Confusion matrix for the classification results of the proposed Swin-TCN hybrid model.

their contributions to the prediction made by the model.
SHAP values, which are based on cooperative game theory,
provide a mathematically well-founded way of attributing
importance to features in the context of machine learning.
Medical imaging studies have found that SHAP can be used
to interpret deep learning models applied to brain tumors
recognition [15, 29].

Rationale in Medical Imaging In the area of tumor clas-
sification using MRIs, SHAP explanation is utilized to en-
sure that the attributes derived from the model correspond
to clinically relevant spatial locations. The combination of

Grad-CAM for spatial localization with SHAP for numeri-
cal token-based attributions provides a synergistic two-step
approach, whereby Grad-CAM highlights the regions where
the model focuses its attention, and SHAP computes the
amount of influence each token exerts on the final outcome.

Mathematical Foundation of SHAP SHAP computes the
Shapley value for feature i as:

> ISNUFL-1S[-1)!
IF !

9= [fS V- £

(12)

SCF\R
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Grad-CAM Heatmaps — Swin-TCN-XAI (E2E Fine-tuned)
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Figure 9: Grad-CAM outputs for different tumor categories.

where F is the complete feature set, S is a subset not contain-
ing feature i, and f(S U {i}) - f(S) denotes the marginal
contribution of feature i to the prediction. DeepSHAP, an

efficient backpropagation-based approximation, is used for
tractable computation over neural network embeddings [7].

Quantitative SHAP Feature Importance The SHAP
analysis method was employed for the TCN fused token
embeddings on randomly selected 50 test data instances,
with a total of 100 background samples drawn from the
training dataset. The mean absolute SHAP scores of all test
instances were averaged out for the purpose of calculating
the global ranking order of token importance. The Swin 7x7
spatial grid of tokens served as the unit of attribution here.
The top-10 most important tokens based on mean absolute
SHAP scores are listed in Table 4.

The clustering of the high-importance tokens in central
locations of the 7 x 7 space is in line with the location
of the brain tumors, which are mostly located in central
and periventricular areas on MRI images. Periphery tokens
(edges of the spatial grid) exhibit low SHAP scores, as they
correspond to the skull/scalp areas with low importance for
the prediction task.

Class-wise SHAP Attribution Analysis Class-specific
SHAP analyses show significance and clinical relevance
in terms of attribution patterns. When predicting gliomas,
attributions are highest for central/periventricular tokens, in
accordance with the diffuse nature and irregular margins of
gliomas. On the other hand, when predicting meningiomas,

Table 4
Top-10 Swin Token Importance Ranking by Mean Absolute
SHAP Value (computed over 50 test samples)

Rank Token Position Mean |¢|
1 Token_16 (centre-left spatial region) 0.0940
2 Token_18 (centre spatial region) 0.0933
3 Token_23 (centre-right spatial re- 0.0904

gion)
4 Token_25 (centre spatial region) 0.0903
5 Token_32 (lower-centre region) 0.0887
6 Token_30 (lower-centre region) 0.0884
7 Token_17 (centre spatial region) 0.0835
8 Token_22 (centre spatial region) 0.0790
9 Token_31 (lower-centre region) 0.0780
10 Token_9 (upper-centre region) 0.0774

the highest attributions are observed for tokens that are rele-
vant to the borders of the peripheral/cortical regions, due to
the extra-axial location and sharp margins of meningiomas.
For predictions related to pituitary tumors, attributions are
highest for tokens inside the inferior/central grid cells. This
is in line with the nature of pituitary tumors which are
usually found at the sellar-suprasellar region. Lastly, when
predicting the no-tumor class, all attributions are generally
small in magnitude.

Integration into Swin—-TCN-XAI Pipeline The SHAP
method is performed post-classification on the flattened
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SHAP Summary — Token-Level Attribution
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Figure 10: Visualization of the tumor and non-tumor images using the SHAP values.

token embeddings generated by fine-tuning the Swin back-
bone, using the TCN classifier head as the interpreted func-
tion. The summary charts and token maps, as depicted in
Fig. 10, generate overall rankings of importance as well as
class-specific attribution scores.

4.3.4. Explainability with LIME

LIME (Local Interpretable Model-Agnostic Explana-
tions) provides instance-level transparency by constructing a
locally faithful linear surrogate model in the vicinity of each
individual prediction. Unlike Grad-CAM, which operates
through gradient backpropagation, and SHAP, which com-
putes global token-level attributions, LIME explains individ-
ual predictions by perturbing localized superpixel regions of
the input image and measuring the resulting change in model

output [36]. This makes LIME particularly valuable for per-
sample clinical auditing.

In the context of brain MRI classification, LIME parti-
tions each input slice into superpixels using a segmentation
algorithm and systematically occludes subsets of these re-
gions to generate perturbed samples. A sparse linear model is
then fitted to the model’s responses over this neighborhood,
assigning positive weights to superpixels that support the
predicted class and negative weights to those that suppress
it. In the resulting visualizations, positively contributing
regions are overlaid in green, while negatively contributing
regions are shown in red.
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Mathematical Formulation LIME identifies an inter-
pretable explanation model g € G by minimizing:

§(x) = argmin G(f, g, m,) + Q(g) (13)
geG

where f is the original complex classifier, 5 is a locality-

aware proximity kernel centered on the instance x, G mea-
sures the local approximation fidelity, and Q(g) penalizes
explanation complexity to enforce human interpretability.

The formulation balances local faithfulness with explanation
simplicity.

Clinical Interpretation Figure 11 shows the LIME expla-
nations obtained for a single image from each of the four
different tumor types. In cases where the model predicts
glioma, LIME indicates irregular central areas matching
the infiltrating nature of gliomas. When the model predicts
meningiomas, LIME marks peripheral cortical areas with
positive weights, which corresponds to the extra-axial po-
sition of meningiomas. Similarly, when predicting pituitary
tumors, LIME assigns positive weights to inferior-central
superpixels, which corresponds to the sellar position of the
pituitary gland. In cases where there is no tumor prediction,
LIME assigns positive weights to normal tissue regions hav-
ing low focal intensity, and none of the lesion-like regions
obtain positive weights.

The agreement between LIME superpixel contributions,
Grad-CAM spatial attention maps, and SHAP token impor-
tance scores for all four classes is compelling proof that the
model’s choices are always based on anatomically relevant
parts of the images and not the background noise of the
scans.

4.4. Integrated Interpretation of XAI Results

Integrated explanation for decision-making in the model

was approached by concurrently using the SHAP, LIME, and
Grad-CAM methods, with the understanding that using only

one explanation tool might result in an incomplete or mis-
leading explanation. This combined explanation approach
will help in obtaining a holistic, multiple-level explanation
for the decision-making mechanism in the Swin-TCN model.

Grad-CAM correctly points to significant anatomical

areas for tumors, meaning that it is paying attention to
meaningful areas of the input during prediction. SHAP adds
another level of meaning by providing the significance of
the derived features and embeddings, verifying that the
dominant features are those that describe tumor texture and
intensity characteristics. Meanwhile, LIME serves as a form
of validation for instance-level explanations, segmenting
areas that contribute or detract from a prediction.

The fact that there is a high degree of concordance
among these three explainability techniques indicates that
there are no issues of spurious correlations or background
artifacts in the proposed model, because the predictions for it
are based on significant clinical structures in global and local
views. This helps to reinforce the validity of Swin-TCN-XAI
for medical applications.

Table 5
Classification Report for Brain Tumor Detection — Swin-TCN-
XAl (E2E)

Class Precision Recall F1-score Support
Glioma 0.9967 0.9884  0.9925 603
Meningioma 0.9863  0.9931  0.9897 436
No-tumor 1.0000 1.0000  1.0000 389
Pituitary 0.9930  0.9977  0.9953 429
Accuracy 0.9941 (1857 samples)

Macro Avg. 0.9940 0.9948  0.9944 1857
Weighted Avg. 0.9941 0.9941  0.9941 1857

4.4.1. Classification Report

The classification report, as shown in Table 5, provides
a comprehensive per-class evaluation of the proposed Swin-
TCN-XAI model on the test set containing 1,857 instances.
For the notumor class, the precision and recall are equal to
1.0000, meaning that there is no false positive prediction
and false negative prediction of healthy cases, which is a
crucial finding from the clinical perspective and justifies
the utilization of the framework as a screening tool. For
the pituitary class, precision and recall values are equal to
0.9930 and 0.9977, respectively, with an F1-score of 0.9953
over 429 test samples. Precision and recall values for the
meningioma class are 0.9863 and 0.9931, respectively, and
the associated F1-score is 0.9897 for 436 samples. Finally,
for the glioma class, which represents the most challenging
radiological case due to its invasive nature and ill-defined
boundaries, the precision and recall are equal to 0.9967 and
0.9884, respectively, with an F1-score of 0.9925 for 603 test
samples. Overall accuracy for the entire test set comprising
1,857 samples is equal to 99.41%, with a macro-average
precision, recall, and F1-score of 0.9940, 0.

Generalization Performance on External Datasets In
order to evaluate the generalization ability of the proposed
framework on external data sets, two additional external
brain MRI data sets were used. These data sets are the
Figshare Brain MRI Data Set [11] and the Mendeley Brain
Tumor MRI Data Set (Version 6) [13]. The use of such addi-
tional data sets is important since they represent variations
in the properties of the MRI scanner, acquisition protocol,
image quality, shape and size of tumors, and the distribution
of classes. Thus, their consideration helps to understand
how well the proposed framework works in other conditions
and how much its performance differs from the training
conditions.

The results of applying the proposed architecture to
external data sets can be found in Table 6. As one can see,
the performance of the model remains very high on the
Figshare Brain MRI Data Set: its precision is 99.20%, recall
is 98.46%, Fl-score is 99.44%, and accuracy is 99.11%.
Such indicators suggest that the framework shows excellent
discrimination ability despite the significant differences be-
tween the data set considered and the data set on which
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Improved LIME Instance-Level Explanations — Swin-TCN-XAI (E2E)
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Figure 11: LIME instance-level explanations for representative MRI samples from each tumor class. Green regions indicate
superpixels with positive influence on the predicted class; red regions indicate negative influence.

Table 6
Overall classification performance of the proposed Swin-TCN-
XAl framework on external brain MRI datasets.

Dataset Precision Recall F1-Score Accuracy
Figshare MRI Dataset [11] 99.20 98.46 99.44 99.11
Mendeley MRI Dataset [13] 99.38 99.40 99.38 99.41

it was trained. At the same time, on the Mendeley Brain
Tumor MRI Data Set, the framework achieved a precision of
99.38%, recall 0f99.40%, F1-score of 99.38%, and accuracy
0f 99.41%. The consistency of the results indicates the sta-
bility of the architecture under different external conditions.

The high level of performance on external data sets indi-
cates that the hierarchical representations of space obtained
using the Swin Transformer are quite transferable to various
conditions, and the model is able to maintain high levels
of classification performance in any case. In addition, such
good results demonstrate that the patient-wise training ap-
proach, the end-to-end fine-tuning process, and the applica-
tion of various regularization methods significantly improve
the generalization properties of the proposed framework. It
should be noted that the explainability outputs generated
using Grad-CAM, SHAP, and LIME are also anatomically
consistent, indicating that the model focuses on clinically
significant tumor areas.

4.5. Performance Comparison with Existing
Approaches

To fully evaluate the effectiveness of the proposed Swin-
TCN model, comparative experiments were conducted from
two aspects: (i) experimental comparison with multiple tem-
poral/hybrid deep learning models using the same training
conditions, and (ii) comparison with the latest state-of-the-
art results from the literature.

Computational Complexity Analysis The computational
complexities of the suggested end-to-end Swin-TCN frame-
work were assessed by comparing them to baseline meth-
ods against the same computational environment (NVIDIA
RTX 4090, 24 GB VRAM). The measurements considered
include the number of trainable parameters, duration of each
training epoch, latency of inference per batch, and maximum
GPU memory footprint. According to Table 7, the number of
trainable parameters in the proposed model is 28.3 million,
which takes about 68 seconds per epoch and has 5.1 ms
of inference latency. These values reflect the full end-to-
end fine-tuning configuration, in which the Swin backbone
and TCN head are jointly optimized. The baseline models
in the table (CNN Only, TCN Only, Swin Transformer,
Swin+tLSTM) represent frozen-feature variants in which
only the classification head is trained, hence their lower pa-
rameter counts and faster per-epoch times. The Swin+TCN
end-to-end model incurs a modest computational overhead

Page 18 of 25



Swin—-TCN-XAI for Brain Tumor MRI Classification

Performance Comparison of Temporal Models
for Brain Tumor MRI Classification
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Figure 12: Performance comparison of temporal architectures for brain tumor MRI classification.

Table 7
Computational Complexity: End-to-End Swin-TCN vs. Frozen-
Feature Baselines (NVIDIA RTX 4090)

Model Params (M)  Train/Epoch (s| Inference (ms GPU (GB)
CNN Only (frozen feat.) 184 42 3.1 42
TCN Only (frozen feat.) 126 38 28 39
Swin Transformer (frozen feat.) 275 61 46 6.8
Swin + LSTM (frozen feat.) 298 74 6.2 74
Swin + TCN E2E (Proposed) 28.3 68 5.1 7.0

relative to the frozen Swin Transformer baseline (68 s vs 61 s
per epoch), which is justified by the substantial accuracy gain
from 87-88% (frozen features) to 99.41% (end-to-end fine-
tuning). The inference latency of 5.1 ms per batch remains
well within the requirements of real-time clinical decision
support systems.

Comparison with Temporal and Hybrid Models under
Identical Settings In the first comparison, a number of
representative temporal architectures were implemented and
compared using a uniform dataset, preprocessing strategy,
data splitting, and evaluation criteria to compare them
in a controlled environment. In this context, the models
that were compared in this work include CNN+LSTM,
CNN+Transformer, ConvTimeNet, TimeMIL, and TCN-
DilatedFormer, which are typically used in the analysis
of sequential or slice-wise medical images. In this work,
the proposed Swin+TCN model is the strongest and final
baseline model in this context.

Fig. 12 presents the accuracy comparison across all
evaluated temporal architectures. The proposed Swin-TCN
framework achieves the highest accuracy of 99.41%, ot
}éerforming all compared baselines: CNN+LSTM 599.08%

NN+Transformer (98.92%), ConvTimeNet (98.87%
(98.87%), and TCN-DilateFormer (98.92%). All baseline

models are trained on features extracted by the fine-tuned
Swin backbone under identical conditions (25 epochs, Adam

%), TimzzMIL

optimizer, Ir = 1073, batch size = 32), ensuring a fair and
controlled comparison.

The performance gap between the proposed model and
the strongest baseline (CNN+LSTM at 99.08%) is 0.33
percentage points in accuracy. Critically, the multi-metric
comparison presented in Fig. 13 confirms that the pro-
posed framework leads on all four metrics simultaneously
— macro precision (99.40%), macro recall (99.48%), and
macro Fl-score (99.44%) — whereas competing models
show minor trade-offs between precision and recall. The
high recall of 99.48% is especially important in oncological
applications, where false negatives carry direct clinical risk.

The superior performance of the proposed framework
over all baselines, including those that also operate on the
same fine-tuned Swin features, confirms that the TCN clas-
sification head provides a structural advantage through its
dilated causal convolutions and residual connections com-
pared to recurrent, attention-based, or plain convolutional
alternatives.

Comparative Analysis with State-of-the-Art Models
Furthermore, the proposed Swin-TCN-XAI framework is
compared with recent brain tumor classification approaches
in the literature, summarized in Table 8. As these analyses
have been carried out on different datasets, different pre-
processing techniques and validation protocols, a direct one-
to-one experimental comparison is not feasible, but this
benchmarking aims to contextualize the competitiveness of
the proposed system w.r.t. the state of the art.

Before interpreting the numerical results, a critical method-
ological distinction must be noted. Most of the previous
el adpipcendom, image devol, spltiog, whefe MR
and test partitions. This practice results in data leakage
and systematically inflates the reported performance met-
rics. Conversely, in the proposed framework a patient-
wise train-test split was used to guarantee that all slices
belonging to a certain patient are to be found in the training
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Comparative Performance Analysis of Brain Tumor Classification Models
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Figure 13: Performance comparison based on Accuracy, Precision, Recall, and F1-score.

or the test set. This results in our reported accuracy of
99.41% being a more conservative and clinically realistic
estimate over figures obtained from random splitting.

The proposed Swin-TCN-XAI model with this more rig-
orous evaluation protocol achieves an accuracy of 99.41%,
precision of 99.38%, recall of 99.40%, and F1-score 6
99.39%, outperforming most of the compared methods si-
multaneously on all metrics. All the reported metrics clearly
outperform models such as the Variant of EfficientNet
(98.78%) [28], Custom CNN (97.28%) [6], Deep Transfer
Learning (97.10%) [8], FTVT-b32 (98.70%) [34], RanMer-
Former (98.86%) [42], and PDSCNN-RRELM (99.22%) [27].

There are two special cases that need careful inter-
pretation. DenseNet121 [3], which achieves a higher raw
accuracy of 99.82%, but based on a random image-level
split without patient-wise separation, which may lead to
data leakage between partitions. Moreover, its F1-score of
99.01% shows a large gap between accuracy and class-
wise consistency, implying over-optimistic performance es-
timation. MANet [38] also reaches 99.51% accuracy, but
the precision, recall and F1-score are only 96.14%, 95.19%
and 96.03% respectively. The difference between accuracy
and class-wise measures is more than 3 percentage points,
suggesting that the model is very sensitive to class imbalance
and unreliable for class-wise discrimination. In contrast,
the proposed framework keeps the difference under 0.03
percentage points for all four metrics, demonstrating the
balanced and stable performance on each class.

Besides the classification performance, our proposed
framework is the only method in this comparison, to the
best of our knowledge, that includes a three-level explain-
ability pipeline—combining Grad-CAM for spatial local-
ization, SHAP for token-level feature attribution and LIME
for instance-level superpixel explanation—that is verified
to be anatomically consistent across all four tumor classes.
None of the mean compared methods provide this level
of integrated clinical interpretability. The Swin-TCN-XAI
framework offers a promising candidate for transparent and

trustworthy clinical deployment due to its detailed evalua-
tion, robust multi-metric performance, and high explainabil-
ity.

This distinction matters most in a clinical translational
context: a reviewer or clinician evaluating this framework
for eventual deployment can trust that the reported 99.41%
accuracy reflects performance on unseen patients, not an
artifact of evaluation design.

4.6. Statistical Validation and Robustness
Evaluation

The proposed Swin-TCN-XAI framework was evaluated
on a held-out test set of 1,857 samples under a strict patient-
wise split to prevent data leakage, ensuring that all evalua-
tion samples correspond to subjects entirely unseen during
training. The model achieved an overall accuracy of 99.41%,
with consistent per-class performance across all four tumor
categories. The best validation checkpoint was obtained at
epoch 17, with the training loss monotonically decreasing
from 0.635 to 0.355 over 30 epochs.

Validation accuracy stabilized above 97% from epoch
5 onwards and remained within the range 96.72%-99.41%
throughout training, with the final epoch recording 99.30%.
This narrow fluctuation band indicates stable convergence
without signs of overfitting, supported by the dropout (rate
0.3), weight decay (10~%), label smoothing (0.1), and gra-
dient clipping (max norm = 1.0) regularization strategies
employed during training.

The framework also demonstrates clear superiority over
all five compared temporal baselines — all trained on iden-
tical fine-tuned feature representations — confirming that
the performance advantage is attributable to the TCN head
architecture rather than the feature extractor alone. Future
work will incorporate multi-seed repeated runs and McNe-
mar’s test for formal statistical significance testing.

4.7. Ablation Study and Component Effectiveness
An ablation study was performed with the same training,

validation, and testing environment to evaluate the effec-

tiveness of each component of the proposed Swin-TCN
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Table 8

Comparison of the Proposed Swin-TCN-XAIl Framework with State-of-the-Art Brain Tumor Classification Methods. 1 denotes
models evaluated under random image-level splitting (data leakage risk); + denotes patient-wise split (no leakage). XAl column

indicates whether post-hoc explainability is provided.

Method Accuracy (%) Precision Recall F1-score Split Protocol XAl
Variant of EfficientNet [28] 98.78 98.75 98.75 98.75 Random? No
Custom CNN [6] 97.28 97.15 97.82 97.47 Random? No
Deep transfer learning [8] 97.10 97.30 97.60 97.00 Random? No
MANet [38] 99.51 96.14 95.19 96.03 Random? No
FTVT-b32 [34] 98.70 98.60 98.60 98.60 Random? No
RanMer-Former [42] 98.86 98.87 98.46 98.66 Random? No
PDSCNN-RRELM [27] 99.22 99.35 99.30 99.25 Random' No
DenseNet121 [3] 99.82 99.87 99.80 99.01 Random' No
Proposed Swin-TCN-XAI (E2E fine-tuning) 99.41 99.38 99.40 99.39 Patient-wise*  Yes

architecture. This study will be used to evaluate the effec-
tiveness of the integration of both spatial feature extraction,
temporal modeling, and their fusion with the brain tumor
MRI classification tasks.

Five progressively enhanced model configurations were
evaluated, as illustrated in Fig. 14:

* CNN Only: A standard convolutional neural network
acting mainly as the low-level spatial baseline network
without hierarchical attention and temporal modeling.

* TCN Only: Direct application of Temporal Convolu-
tional Network to features, in which primarily tem-
poral dependencies are considered without effective
spatial representation.

* Swin Transformer Only: This is a spatial model that
uses hierarchical window-based self-attention mecha-
nisms for capturing multi-scale spatial dependencies
for separate MRI image slices.

* Swin + LSTM: A hybrid spatial-temporal model that
combines the spatial modeling of Swin Transformer
and the temporal modeling of LSTMs.

* Swin + TCN (Proposed): The full proposed archi-
tecture that combines Swin Transformer for spatial
encoding in modeling the data sequence and TCN for
temporal convolution.

As can be seen in Fig. 14, the results of the ablation
experiment show that each of the components makes a sig-
nificant contribution to the final result. The ablated versions
all perform their work based on the features generated by the
fine-tuned Swin backbone.

The CNN-only approach manages 98.92%, proving that
even a basic convolution head built on the pre-trained
Swin features is quite effective. The TCN-only model gives
98.71%, a bit behind the CNN baseline, since it operates
on the token sequence without having access to the global

average information obtained through CNNs. The Swin-
only approach, where a global average pooling and a two-
layer MLP are directly applied to the token representations,
gives 98.87%, thus establishing that the pre-trained Swin
backbone alone can produce very discriminative features.
Adding a temporal component in the form of an LSTM
network provides 98.44%, just marginally lower than Swin-
only, probably because the two layers of the LSTM need
more time for optimization on this limited input sequence.

The complete Swin + TCN framework achieves 99.41%, the
highest accuracy among all variants. The improvement of
0.54 percentage points over the Swin-only baseline and 0.97
percentage points over the Swin+LSTM variant confirms
that the TCN head — through its dilated causal convolutions
and residual connections — more effectively captures or-
dered inter-token dependencies than recurrent alternatives,
while maintaining training stability through gradient clip-
ping and label smoothing regularization.

5. Discussion

The results of the experiments with the Swin-TCN-
XAI method reveal the possibility of addressing the three
main obstacles in automated brain tumor classification on
MRI using this approach. These challenges include tumor
morphology, which can be complex and difficult to detect,
order relationships among tokens, and the need for clinically
interpretable classification.

One of the most prominent outcomes achieved through
testing the method was an impressive performance gain
when performing joint fine-tuning of the Swin Transformer
model and TCN head compared to using frozen features as
input for the classifier. While the use of Swin features with-
out fine-tuning leads to suboptimal accuracy, only approx-
imately 87%, the joint optimization of the models enables
achieving 99.41% accuracy due to overcoming the domain
gap problem in feature extraction with the help of domain-
specific representations.
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Ablation Study of Swin-TCN Architecture
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Figure 14: Ablation study illustrating the performance contribution of individual components in the Swin-TCN architecture.

Convergence analysis further demonstrates the efficiency
of the design of the approach proposed in this work. More
specifically, the accuracy of the validation increases to
exceed 97% by the fifth epoch and reaches its peak by epoch
17. The absence of divergence and overfitting is evidence
of proper regularization performed in this case through
applying techniques such as dropout, weight decay, label
smoothing, and cosine annealing scheduling. It is notable
that despite the model’s 28 million parameters, no overfitting
is detected.

The absence of high validation losses, along with steadily
decreasing training loss, supports the conclusions drawn
above regarding the efficiency of the design and optimization
performed within the experiments. It is worth noting that
there are no overfitting episodes present within the loss
training curves obtained, which proves the efficiency of both
the Swin Transformer’s attention-based architecture and the
TCN-based temporal representation learning in terms of
avoiding overfitting.

Overfitting Risk and Data Leakage Prevention Consid-
ering the relative high accuracy in terms of classification,
overfitting was one of the main concerns in building the
model. To address the issue, the following measures were
taken to minimize overfitting: data augmentation, dropout,
weight decay, early stopping, and repeating experiments
under different conditions using different random seeds.
Additionally, a static split of patients was strictly applied
to ensure that each MRI slice belonging to the same patient
is not included in the training and test splits. Such splitting
eliminates data leakage, thus allowing us to obtain an unbi-
ased evaluation of our model’s generalization capabilities.
In addition to predicting the target variable, a compre-
hensive explainability analysis was conducted in our study.
By using three methods together (Grad-CAM, SHAP, and
LIME), multi-level explanations can be obtained in terms

of explaining the model’s decision-making process. Grad-
CAM helps in localizing biologically meaningful tumorous
regions, meaning that the model pays attention to biologi-
cally meaningful information. SHAP is responsible for ana-
lyzing the contribution of different features and embedding
visualization, providing insights about the aggregated influ-
ence of various features on prediction outcomes. Finally,
LIME helps provide instance-level explanations and vali-
dates it using superpixels. Thus, the consistency of these
three explainability tools proves the hypothesis that the
model does not use clear correlation errors.

Clinical Relevance and Robustness High diagnostic ac-
curacy paired with explainability proves the clinical sig-
nificance of the Swin-TCN-XAI framework. The consis-
tency in model performance throughout multiple runs, the
superiority of the developed solution compared to baseline
algorithms, and stable model behavior when assessed on a
per-patient level illustrate the model’s robustness. Moreover,
the fact that the suggested solution is more suitable for
application in clinics than for pure research purpose also
becomes clear.

In practical deployment, the Swin-TCN-XAI framework
is envisioned as a triage and second-reader tool integrated
into the existing PACS (Picture Archiving and Communi-
cation System) pipeline, rather than as a replacement for
radiologist judgment. Upon ingestion of a new MRI study,
the framework would generate a predicted class alongside
its Grad-CAM, SHAP, and LIME outputs, which could be
displayed as an overlay panel within the radiologist’s stan-
dard reading interface. This positions the model to flag high-
confidence "no tumor" cases for expedited review, prioritize
ambiguous or high-risk cases for senior radiologist attention,
and provide a visual audit trail that supports second-opinion
consultation — thereby fitting into existing reporting work-
flows rather than requiring a parallel diagnostic pathway.
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Firstly, it can be noted that the high classification rates
achieved with the proposed algorithm occur for all four brain
tumor classes. As a result, no one tumor is prioritized by the
Swin-TCN-XAI framework, which makes it equally useful
for all cancer types. Moreover, it should be stressed that high
recall is extremely important in oncological diagnosis since
false-negative predictions have direct clinical consequences.
Thus, the ability to achieve both high precision and recall
rates (99.48% for recall and 99.40% for precision) is another
factor that proves the usefulness of the proposed solution.

Nonetheless, a number of limitations must be mentioned
despite the promising results. Firstly, it should be stressed
that the present approach relies on slice-level inputs and uses
temporal models, which can lead to certain challenges due to
inter-slice dependencies. Thus, potential improvements may
lie in the implementation of the whole 3D transformation
architecture or the hybrid 2.5D architecture. Secondly, Ex-
plainable Artificial Intelligence (XAI) allows researchers to
interpret models better but still does not give any causal rela-
tionships. Future optimizations can potentially include more
advanced model architectures or uncertainty explanations.
Finally, more diverse cross-validation with data from other
institutions is needed.

6. Limitations and Future Work

However, despite promising empirical outcomes and
high levels of interpretability in the novel Swin-TCN-XAI
pipeline, there remain certain limitations that require further
attention. For one, while the incorporation of TCN signif-
icantly augments dependency detection across slices, this
framework is designed to process ordered two-dimensional
MRI slices rather than three-dimensional volumes. Despite
this approach representing a good trade-off between effec-
tiveness and efficiency, it may not be sufficient for detecting
complex volumetric anatomy, which is intrinsic to brain tu-
mors. Hybrid approaches utilizing 2.5D or 3D transformers
might prove beneficial in achieving this objective.

Moreover, the explanations used in this framework,
namely Grad-CAM, SHAP, and LIME, are post-hoc tech-
niques. Even though the presence of these three techniques
as an explanation strongly suggests that the model uses
biomedical characteristics for classification, this is not al-
ways true. Post-hoc explainability is often difficult to in-
terpret in terms of causality, especially when considering
practical applications in the healthcare sector, where the
stakes are quite high. Therefore, future research may con-
sider inherently explainable models, uncertain explanations,
or concept-driven learning as alternative approaches.

In addition, the datasets used in this experiment, even
though they were selected for their high representative-
ness of common brain tumor categories, suffer from poor
acquisition diversity compared to their volume. Different
types of imaging hardware, acquisition parameter configura-
tions, subject population, or imaging noise may influence the
model’s generalization ability in real-world scenarios. De-
spite the positive findings regarding robustness, it is unlikely

that such models are ready for implementation, requiring
significant effort on validation.

From a computational standpoint, transformer architec-
tures are more resource-intensive compared to traditional
CNNs. Although the Swin Transformer reduces memory
consumption through its windowing technique, its utilization
in edge computing systems for medical applications may
present obstacles. Potential strategies for overcoming this
limitation might include using full volumetric data by com-
bining T1-weighted, T2-weighted, and FLAIR sequences,
leading to improved diagnostic accuracy. In addition, other
forms of integration, such as domain adaptation or continual
learning, could be utilized. Finally, collaborating with indus-
try partners to conduct clinical validations may prove highly
beneficial.

7. Conclusion

The study presents Swin-TCN-XALI, a hybrid end-to-end
deep learning framework for multi-class brain tumor classi-
fication from MRI. The framework integrates a pretrained
Swin Transformer backbone for hierarchical spatial feature
extraction with a Temporal Convolutional Network (TCN)
classification head for modeling ordered inter-token depen-
dencies, jointly optimized through differential learning rates
to preserve pretrained representations while adapting to the
brain MRI domain.

Evaluated under a strict patient-wise train-test split on
a dataset comprising glioma, meningioma, pituitary tumor,
and no-tumor classes, the framework achieves a classifica-
tion accuracy of 99.41%, with macro-averaged precision,
recall, and F1-score of 0.9940, 0.9948, and 0.9944, respec-
tively. The notumor class achieves perfect precision and
recall, while glioma — the most radiologically challenging
class — attains an F1-score 0f 0.9925. The proposed model
outperforms all evaluated temporal and hybrid baselines on
every reported metric.

The explainability analysis using Grad-CAM, SHAP,
and LIME provides consistent, multi-level evidence that
the model’s predictions are grounded in clinically relevant
anatomical structures. Grad-CAM heatmaps localize dis-
criminative tumor regions, SHAP token-level attribution
identifies the most diagnostically significant spatial positions
within the 7 x 7 Swin token grid, and LIME superpixel
analysis validates instance-level decision boundaries against
pathologically meaningful image regions.

The Swin-TCN-XAI framework establishes a strong
foundation for clinically deployable, interpretable brain
tumor diagnosis systems, and points toward future direc-
tions including volumetric 3D modeling, multi-modal MRI
fusion, and prospective clinical validation.
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* Brain Tumor MRI Dataset (Glioma, Meningioma,
Pituitary, No Tumor) Repository: Mendeley Data,
Version 6 DOI:10.17632/zwr4ntf94j.6 Available at:
https://data.mendeley.com/datasets/zwrdntf94;j/6

« Figshare Brain MRI Dataset Available at: https:
//figshare.com/articles/dataset/Brain_MRI_Dataset/
14778750 DOI: 10.6084/m9.figshare.14778750.

* Source Code and Implementation The complete im-
plementation of the proposed Swin-TCN-XAI frame-
work, including preprocessing, model training, evalu-
ation, and explainability analysis (Grad-CAM, SHAP,
and LIME), is publicly Available on: GitHub Reposi-

tory

All preprocessing steps, model configurations, training
procedures, and evaluation protocols are fully documented
in the repository to facilitate reproducibility of the experi-
mental results.
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