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Abstract

Precision molecular classification and valid biomedical marker identification are necessary for the
optimization of personalized therapy in lower-grade glioma (LGG). In this study, we present a
transparent deep learning model built on the Kolmogorov—Arnold Network (KAN) for effective
LGG subtype classification and biomarker discovery. The method integrates multiple-omics
(mRNA expression, DNA methylation and miRNA profiles) data from the TCGA-LGG sample set
for comprehensive modelling of tumour heterogeneity. Before training the model, we performed

variance-based feature screening, retaining molecular features and excluding class labels.

The remaining pre-processing, including standard normalisation, SMOTE and LASSO feature
selection, was performed only during model training to allow unbiased learning. We introduce a

feature-level attention mechanism within an autoencoder-type network architecture to learn low-
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dimensional, salient representations. The developed classifier shows excellent performance, as
assessed by stratified cross-validation, reaching a classification accuracy of 99.02% across three
clinically meaningful subtypes (the IDHmut-codel, the IDHmut-non-codel and the IDHwt), with
sensitivity, specificity and precision all averaging above 0.98, suggesting extremely consistent and

balanced class-wise performance.

Furthermore, the attention mechanism provided intrinsic interpretability by highlighting important
subtype-related biomarkers across multiple omics layers, such as CDH4 (mRNA), MIR196A2
(miRNA), and HumanMethylation450 (DNA methylation), yielding bioinformatically significant
results in LGG molecular differentiation. Such a framework therefore offers a scalable and
transferable basis for multi-omics integration in precision oncology, with strong potential to

accommodate other tumour types.

Keywords:
Lower-grade glioma; Multi-omics integration; Kolmogorov—Arnold Network; Attention

mechanism; Molecular subtype classification; Biomarker discovery; Deep learning

1. Introduction

Lower-grade glioma (LGG) represents a heterogeneous group of primary brain tumours
characterised by complex molecular abnormalities, variable therapeutic responses, and markedly
different clinical outcomes [1]. Accurate molecular subtype classification is therefore essential for
reliable prognosis assessment and the development of personalised treatment strategies [2].
However, the pronounced molecular heterogeneity of LGG, spanning transcriptional activity,
epigenetic regulation, and genetic alterations, poses significant challenges for conventional
computational approaches. Recent advances in high-throughput sequencing technologies and
multi-omic profiling have enabled more comprehensive characterisation of tumor biology by
integrating complementary molecular layers such as gene expression and DNA methylation[2]. In
parallel, deep learning methods have demonstrated strong potential for modelling the high-
dimensional and nonlinear relationships inherent in multi-omics data, leading to improved
performance in cancer subtype and biomarker discovery tasks [3]. Despite these advances, many
existing deep learning frameworks for LGG classification rely on graph-based representations

constructed from predefined biological networks, most notably protein—protein interaction (PPI)
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databases [4]. While biologically informative, such static networks are often incomplete, context-
independent, and may fail to capture subtype-specific or patient-specific molecular interactions,
thereby limiting model adaptability and generalizability. To overcome these limitations, recent
studies have proposed data-driven graph construction strategies based on correlation or similarity
measures derived directly from patient molecular profiles, enabling the modelling of cohort-
specific interaction patterns without reliance on external biological knowledge [2]. Although these
approaches improve flexibility, they predominantly employ graph neural networks, particularly
graph attention networks (GATSs), as their core learning paradigm. Despite their effectiveness,
GAT-based models may suffer from limited interpretability and suboptimal modelling of nonlinear
dependencies across heterogeneous omics layers, especially in high-dimensional and relatively

small biomedical datasets [5].

Consequently, there remains a need for an interpretable and scalable multi-omics learning
framework that can capture complex nonlinear relationships across heterogeneous molecular
layers without dependence on predefined or graph-based interaction structures, while
simultaneously enabling transparent biomarker discovery. To address this gap, this study proposes
a novel LGGQ classification framework based on the KAN, leveraging its strong representational
capacity for modellng nonlinear functions and its inherent interpretability. By integrating multi-
mics features within a KAN-based architecture, the proposed approach enables accurate LGG
molecular subtyping and robust biomarker identification, offering a compelling alternative to

existingg graph-based deep learning models.

2. Related Work

Deep learning has been widely adopted for cancer subtype classification and biomarker discovery
due to its ability to model complex, high-dimensional biological data [7 ,6]. Early studies primarily
focused on single-omics data, particularly gene expression, using architectures such as
convolutional neural networks (CNNs) and recurrent neural networks (RNN5s)[8, 9] . While these
approaches demonstrate reasonable predictive performance, their limited molecular scope restricts

their ability to capture tumour heterogeneity[10].
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Subsequent studies shifted toward multi-omics integration to provide a more comprehensive
molecular characterisation of tumours. Song et al. (2021)[11] introduced a computational
framework for cancer subtype identification by jointly modelling driver mutation profiles and gene
expression data, highlighting the benefit of integrating heterogeneous molecular features to capture
tumour heterogeneity. Singh et al. (2019)[12] extended the DIABLO framework for supervised
multi-omics integration, improving subtype discrimination and biomarker interpretability,
although its linear latent-variable formulation limited modelling of complex nonlinear interactions.
Sun et al. (2023)[13] introduced SADLN, an attention-based framework that adaptively weights
different omics modalities and achieves improved predictive performance compared to early

fusion strategies.

More recent approaches have leveraged graph-based deep learning models to explicitly capture
molecular relationships across omics layers. Wang et al. (2021)[14] introduced GraphOmics, an
interactive platform for integrating transcriptomics, proteomics, and metabolomics data by
mapping biological entities to shared biochemical reactions and pathways. More recently, Wu et
al. (2024) [15] introduced DeepMolC, a supervised framework designed to capture cross-omics
dependencies, while Munquad et al. (2023)[16] proposed DeepAutoGlioma for LGG subtype
classification using gene expression and DNA methylation data. Ryan et al. (2024)[17]
subsequently introduced MOGDx, demonstrating the feasibility of heterogeneous multi-omics
integration, although performance was affected by high dimensionality and limited cohort size.
Elbashir et al. (2025)[18] introduced a PPIl-informed graph attention—based multi-omics
framework for LGG subtype classification, achieving high accuracy and identifying biologically

relevant subtype-specific biomarkers.
2.1 Research Gap and Motivation

Despite significant progress in deep learning—based cancer subtype classification, most existing
frameworks rely on either vector-based multi-omics integration or graph-based representations
that depend on predefined or correlation-derived interaction structures. These approaches often
struggle to balance predictive performance with feature-level interpretability, particularly under

conditions of high dimensionality and class imbalance.

Recently, KANs have emerged as an alternative deep learning paradigm capable of representing

complex multivariate nonlinear functions through compositions of learnable univariate functions.
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Owing to their spline-parameterised formulation, KANSs offer enhanced functional interpretability
and strong representational capacity compared to conventional neural networks. While KAN-ba
sed models have demonstrated promising results in biological applications, their application to
LGG molecular subtype classification in a fully data-driven multi-omics setting remains largely

unexplored.
3. Methodology

This article proposes an interpretable deep learning model framework utilising the KAN for the
subtyping of LGG patients’ molecules (IDHmut-codel subtype (n = 169), IDHmut-non-codel
subtype (n = 245), and IDH wildtype (IDHwt subtype; n = 95)) based on the integration of multi-
omics information to achieve the identification of biologically significant markers within the

TCGA-LGG dataset.

As opposed to graph-based deep learning models which require the construction of interaction
networks or correlation graphs as a prerequisite, the proposed method in this study directly works
upon the tabular multi-omics feature space and hence is free from the burden of network
construction and allows the network to explicitly learn subtype discriminative patterns solely based

upon data-driven feature interactions and remains transparent at the feature level.

Each omics layer was preprocessed and filtered using independent statistical criteria to ensure
robustness and biological relevance: normalization, differential analysis, and refinement of
features based on their variance to discard those features with low informativeness that usually
appear noisy. These omics-specific features were then integrated into one unified multi-omics

matrix to serve as the backbone for downstream machine learning.

In each cross-validation fold, LASSO-based embedded feature selection was applied to further
reduce the dimensionality and retain the most informative and non-redundant features in a leakage-
free manner. Selected features were standardized and then used as input to the KAN model. To
alleviate class imbalance across LGG subtypes, the SMOTE oversampling technique was
exclusively performed on the training data, ensuring that learning is well-balanced without

contaminating any of the validation samples[19].
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The proposed KAN model combines a learnable sigmoid function-based feature attention
mechanism, which helps the model adaptively weigh the features while training the model. Using
attention-based weighting, it helps to enhance predictive performance as well as directly interpret
the weights of subtype-specific biomarkers. A reliable training process with early stopping and
adaptive adjustment of the learning rate was used for training the model. A complete process

pipeline of the proposed methodology is shown in Figurel below.

Framework of the Kan-based LGG Workflow

ﬁ Data Acquisition

« Download TCGA-LGG Data
« RNA-seq and miRNA &

\ Methylation
9 Preprocessing

« Normalize & Filter

p o DESeq2
* LIMMA filtering + Voom

/ 9 Feature Selection

« Normalization & Filtering

« Integration
« Variance Threshold

/ 0 Model Training
/ - SMOTE

« LASSO
« KAN, Dropout, RelLU

« 10-fold CV CrossEntropy loss,
Adam optimizer

v 6 Functional Analysis
/ - Subtype Classification
« Biomarker Discovery

Figure 1. Overview of the proposed Kan-based workflow for low-grade glioma (LGGQG)

VNV UL

classification and biomarker discovery.

3.1 Omics Data Sources
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Profiling data of multi-omics in patients with LGG were obtained from the Cancer Genome Atlas
(TCGA-LGQG) database through the TCGAbiolinks Bioconductor package in R software[20]. The
multi-omics profiling information used in this study had three dimensions of measurements, which
were messenger RNA (mRNA) expression, microRNA (miRNA) expression, and DNA
methylation measured in tumor samples. These samples were pre-processed by the GDCquery and

GDCprepare functions in R software.
3.1.1 mRNA Expression Processing

The raw count RNA-seq data were normalized by the use of DESeq2 (v1.44.0) version 1.44.0[21].
Low expression genes were filtered out based on count filtering thresholds in order for the data to
be free from noise. This resulted in a new set of informative genes for analysis based on differential

expression.
3.1.2 miRNA Expression Processing

Expression data of the miRNAs was analyzed using the limma approach (version 3.60.6) including
voom transformation. [22, 23]. This reduced the data to only those miRNAs in which the counts
per million (CPM) value is above 1. This brought down the numbers to 771 of the original 1,881
to only the top differentially expressed in which 588 were found to be significantly differentially
expressed (adjusted p-value of <0.05).

3.1.3 DNA Methylation Processing

For DNA methylation data, this entailed the removal of probes associated with sex chromosomes,
cross-reactive probes, and probes containing missing values. After these quality-control steps,
298,588 CpG sites remained. Differential methylation analysis by limma identified 2,838 CpG loci
showing significant methylation differences [adjusted p < 0.05].

3.1.4 Omics-Specific Filtering

The series of filtering and preprocessing steps performed on each omics dataset independently
prior to integration is encapsulated in Tablel. These processes significantly decreased

dimensionality while retaining biologically important features.
3.1.5 Variance-Based Refinement and Data Integration
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After the omics-specific preprocessing, a further variance-based unsupervised filtering step was
introduced to further remove uninformative features and reduce redundancy. Since this type of
filtering is based only on the variability of the features and does not require knowledge of class
labels, it does not introduce information related to the subtype. The number of features remaining

at each level of the refinement process is expressed in Table2.

The resulting mRNA, miRNA, and DNA methylation features were then integrated at the feature
level to build the multi-omics matrix. After variance filtration, the filtered dataset was composed
of 7,581 high-variance features in the 509 LGG samples, which was the input to the machine

learning process.
3.1.6 Considerations on Data Leakage

Although variance filtering is label agnostic, there still appears to be a trivial dependency between
the training and validation datasets from a strict machine learning point of view if it is carried out
before splitting the data. In order to be maximally transparent about our approach, we choose to
point this out explicitly. More importantly, both feature scaling and LASSO-based feature
selection, as well as oversampling by SMOTE and training models, were each carried out

independently in each of the training folds.

Table 1. Feature Filtering per Omics Data Type (Pre-integration)

Step mRNA | miRNA | DNA methylation
Original features 60,660 | 1,881 330,974

Removal of sex chromosomes | 57,670 | — 324,232
Differential analysis 19,193 | 771 256,584
Limma-selected features - 588 238,245

Global LASSO 3,395 161 90
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Table 2. Final Feature Refinement Used for Model Training

Step mRNA | miRNA | DNA methylation
Filtered features (input) | 25,315 | 588 238,245
Low-variance filtering 10,500 | 310 7,800

Final selected features 6,328 180 1,073

3.2 Model Architecture

The proposed model follows the KAN paradigm and operates directly on a tabular multi-omics

feature matrix without relying on predefined interaction graphs. Given an input feature vector
x € RY, (1)

where d denotes the number of selected features per fold, the network transforms the input through
four sequential components: (1) feature-level attention, (2) encoding, (3) reconstruction, and (4)

classification.

First, (1) a feature-level attention module is applied to explicitly model the contribution of each
feature. The attention mechanism is implemented as two fully connected layers with dimensions

d — 128 — d, and is defined as
a = O-(WZ ReLU(W1X + bl) + bz), (2)

where a € [0,1]¢ represents feature-wise attention weights and o(-) denotes the sigmoid

activation. The attended input is then obtained by element-wise scaling:
X =xQ®a. 3)

Second, (2) the encoder network processes the zattended features x’ through three fully
connected layers with decreasing dimensionality d — 128 — 64 — 32. Each layer employs a
ReLU activation and dropout regularization with a rate of 0.5. The encoder produces a compact

latent representation
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Z = func(x), z € R32, 4)

Third, (3) a symmetric decoder network reconstructs the original input from the latent space

using fully connected layers with dimensions 32 — 64 — 128 — d:

X = fdec(z): (5)

where ReLLU activations are applied in the hidden layers and a sigmoid activation is used at the

output layer to constrain reconstructed feature values.

Finally, (4) a linear classification head maps the latent representation z to the output space

through
§ = softmax(W,.z + b,.), (6)

producing class probability estimates for the three LGG molecular subtypes: IDHmut-codel,
IDHmut-non-codel, and IDHwt.

This parameterized architecture jointly optimizes attention-guided feature weighting, latent
encoding, and reconstruction, thereby ensuring stable learning in high-dimensional settings.
Importantly, the learned attention weights a provide a direct quantitative measure of feature
importance, facilitating interpretable subtype classification and biologically meaningful biomarker

discovery.
3.3 Model Training

After data preprocessing and feature selection, the multi-omics data was utilized as training data
for the proposed KAN model. The training of models was done with a stratified 10-fold cross-
validation setting that allowed effective estimation of model performance and maintenance of
equal class probability as per original class distribution in all folds. The entire training and
modeling activity was limited within the training set of each fold, with no leakage of validation
information that could compromise model performance estimation on respective validation set

instances.
3.3.1 Cross-Validation Strategy

The training and testing of models, as well as evaluation, were done using stratified 10-fold cross-

validation, with the objective of ensuring that there is representation of the class distribution of
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LGG molecular types. In this case, after creating folds, another split would occur to generate

independent testing sets.

In each of the training folds, the process of applying feature standardization began with the
application of z-score normalization. This involved the standardization of the features by shifting
them along the z-score scale with a mean of 0 and a variance of 1, without utilizing the

normalization on any data other than the training dataset statistics.

Accordingly, L1-regularized multinomial logistic regression, also known as LASSO [24, 25], was
run on the standardized training data to perform an embedded feature selection and dimensionality
reduction, in order to retain the most informative and non-redundant features. Finally, to handle
the problem of class imbalance, SMOTE-based oversampling was only applied on the training data

following the feature selection.

The resulting standardized, balanced, and reduced feature set was used to train the proposed KAN
model. Validation data never participated in normalization, feature selection, or oversampling and
were used only for performance evaluation. This fold-wise design ensures a leakage-free

evaluation and provides a reliable estimate of model generalization across LGG subtypes.
3.3.2 Loss Function and Optimisation

The KAN model was trained with a multi-objective loss function that allowed the classification
accuracy and representation to be optimised jointly. This was achieved through the overall training
goal being defined as a weighted sum of a categorical cross-entropy loss function for subtype
classification tasks and a reconstruction loss function obtained from the autoencoder component,

as follows:
L=aly+ (1 - a) Lyec @)

where L.;; denotes the cross-entropy loss computed on the predicted subtype probabilities, and
L,.. represents the mean squared error (MSE) between the reconstructed and original input
features. The weighting parameter a was set to 0.4 to balance discriminative learning with faithful

feature reconstruction.
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To account for residual class imbalance after oversampling, class-weighted cross-entropy was
employed, with class weights computed from the training data of each fold. Model parameters
were optimized using the Adam optimizer, with an initial learning rate of 5x 10™% and L2

regularization implemented via weight decay (5 X 10~%) to reduce overfitting.

This encourages learning of compact and informative latent variables, which are simultaneously

predictive of LGG subtypes as well as informative at the feature level
3.3.4 Stable Training and Convergence Control

Throughout the training process, multiple strategies for convergence control were evaluated in
order to improve the model’s overall performance and reduce the likelihood that results could
potentially be influenced by overfitting. The first strategy applied early stopping strategy based on
model validation loss; as part of this process, the training process would automatically stop after
20 epochs, where no improvements had been realised in the model’s performance after this
timeframe. It ought to be noted that stopping the training process once the model reaches a plateau,
minimizes the unnecessary time spent training and also eliminates the potential for the

implementation of overfitting within the context of high-dimensional datasets.

The second strategy that was implemented to improve the model’s overall convergence process
was the application of gradient clipping as part of the back propagation process of the model’s
training cycle to enhance the models numeric stability. By using gradient clipping, the maximum
norm value of the gradient is restricted to 1.0. This prevents the occurrence of unbounded or

exploding gradients during the learning process and permits smoother convergence of the model.

The final plan of action to aid in improving the performance characteristics of the model was the
inclusion of adaptive learning rate behaviour as part of the INL model’s capabilities; via the
implementation of this feature, if the model’s validation loss did not improve over the course of
three epochs, then the learning rate would be halved in size until it reaches its end point, which is

1x 1076,

Finally, within this work, a new methodology was introduced for performing more equitable and
interpretable comparisons of both the training and validation curves for loss. Rather than summing
the training loss incurred for each measure of the mini-batch, the training loss for a given epoch

will be computed from the complete training set, while using the model in inference mode. The
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pre-emptive use of this evaluation modality means that the random or stochastic nature of dropout
and mini-batches will no longer introduce noise into aggregate training loss values. The application
of this technique will yield loss plots that have a much more homogeneous appearance and will
closely resemble the validation loss curves. Additionally, note that the evaluation phases are not
used in updates to the parameter set during the training process. Collectively, these mechanisms
contribute to robust convergence, improved generalisation, and reliable interpretation of learning

dynamics across cross-validation folds.
3.4 Evaluation Metrics

Cross-validated accuracy, precision, recall, and F1-score were used to evaluate the proposed KAN-
based framework's overall and class-wise classification performance across LGG molecular
subtypes. Misclassification patterns between classes were examined using confusion matrices.
Additionally, to offer a threshold-independent assessment of discriminative performance, one-vs-
rest ROC curves and corresponding AUC values, including micro-averaged AUC, were calculated.
To determine the model's capacity for generalization, all metrics were computed on validation

folds and combined.
3.5 Implementation Details

The proposed model was trained and evaluated using the Kaggle cloud computing environment,
which offers approximately 13 GB of RAM and optional access to an NVIDIA Tesla T4 GPU.
Prior to model training, the multi-omics datasets were downloaded and preprocessed on a local
workstation equipped with an Intel® Core™ 17-9700 CPU (3.00 GHz), 32 GB RAM, and an
NVIDIA GeForce GTX 1080 GPU (8 GB).

Model evaluation was carried out using stratified 10-fold cross-validation, with each fold requiring
approximately 4—6 minutes of training time. The total runtime for completing all folds was
therefore around 45 minutes. This computational setup enabled efficient experimentation while

ensuring reproducibility.
4. Results

This section presents the experimental evaluation of the proposed KAN-based framework on the

TCGA-LGG dataset. Model performance was assessed using stratified 10-fold cross-validation to
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ensure a reliable and unbiased evaluation. The proposed model achieved an overall classification
accuracy of 99.02%, with a macro-averaged precision, recall, and F1-score of 0.99 across the three

LGG molecular subtypes.

In addition to quantitative classification performance, the results include comparative analyses,
visual performance assessments, and attention-based interpretability findings. These results
confirmed the ability of the proposed framework to accurately distinguish LGG molecular
subtypes while simultaneously identifying biologically meaningful subtype-associated

biomarkers.
4.1 Classification Performance

The proposed KAN-based framework was evaluated on the TCGA-LGG cohort comprising 509
samples using stratified 10-fold cross-validation. The model demonstrated strong generalisation

capability and highly consistent performance across all folds, achieving a mean classification

accuracy of 99.02% + 1.32%.

When aggregating predictions from all validation folds, the model attained an overall accuracy of
99.02%. The corresponding confusion matrix (Figure 2) indicates near-perfect discrimination
among the three LGG molecular subtypes. Specifically, all IDHmut-codel samples were correctly
classified, while only four IDHmut-non-codel samples and one IDHwt sample were misclassified,
resulting in minimal inter-class confusion. These results confirm the effectiveness of the proposed

framework in accurately distinguishing LGG molecular subtypes.
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Confusion Matrix
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Figure2. Confusion matrix showing the aggregated cross-validated classification results of the
proposed KAN-based framework across the three LGG molecular subtypes (IDHmut-codel,
IDHmut-non-codel, and IDHwt).

The robustness of the proposed KAN-based framework was further evaluated through class-wise
performance analysis. As reported in Table3, the model achieved consistently high precision,
recall, and F1-scores across all LGG molecular subtypes. Specifically, the IDHmut-codel subtype
attained a precision of 0.98, recall of 1.00, and F1-score of 0.99, while the IDHmut-non-codel
subtype achieved a precision of 1.00, recall of 0.98, and F1-score of 0.99. Similarly, the IDHwt

subtype demonstrated a precision of 1.00, a recall of 0.99, and an F1-score of 0.99.

Overall, the model achieved macro-averaged and weighted precision, recall, and F1-scores 0f 0.99,
indicating balanced and stable predictive performance across all classes. These results confirm the
ability of the proposed KAN-based model to reliably capture subtype-specific molecular patterns

from integrated multi-omics data.
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Table 3. Cross-validated classification performance of the proposed KAN-based model

Class Precision Recall F1-score
IDHmut-codel 0.98 1.00 0.99
IDHmut-non-codel 1.00 0.98 0.99
IDHwt 1.00 0.99 0.99
Macro Average 0.99 0.99 0.99
Weighted Average 0.99 0.99 0.99

4.2 ROC Curve and AUC Analysis

Receiver operating characteristic (ROC) curves for the three LGG molecular subtypes were
created using a one-vs-rest (OvR) technique to assess the discriminative power of the suggested
KAN-based framework. With ROC curves that are very close to the upper-left corner of the ROC

space, Figure 3 illustrates the model's exceptional discrimination across all classes.

Strong subtype separability was demonstrated by the continuously high class-specific AUC values,
which were 0.9989 for IDHmut-codel, 0.9965 for IDHmut-non-codel, and 0.9926 for IDHwt.
Furthermore, the model's overall discriminative performance across all samples was reflected in

the micro-averaged ROC curve, which produced an AUC of 0.9974.

These findings show that the suggested KAN-based strategy preserves a strong
sensitivity—specificity trade-off throughout a broad range of choice thresholds. The model's
outstanding generalisation ability and efficacy for multi-class LGG subtype classification using
integrated multi-omics data are further supported by the consistently high AUC values across all

subtypes.
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Figure3. Multiclass one-vs-rest (OvR) ROC curves for LGG molecular subtype classification
using the proposed KAN-based model. The figure shows ROC curves for IDHmut-codel, IDHmut-
non-codel, and IDHwt subtypes, along with the micro-averaged ROC curve, demonstrating strong

discriminative performance across all classes.
4.3 Cross-Validation Stability and Convergence

The stability and convergence behaviour of the proposed KAN-based framework were examined
using stratified 10-fold cross-validation. As illustrated in Figure 4(a), the training and validation
accuracy curves rapidly converge to high values and remain closely aligned throughout the training
process. This alignment indicates stable learning behaviour and minimal performance variation

across epochs, with no evidence of overfitting.

Similarly, the average training and validation loss curves aggregated across all folds (Figure 4(b))
exhibit a smooth and monotonic decrease during the early training stages, followed by gradual
stabilisation. Notably, the validation loss remains low and closely tracks the training loss,
confirming the effectiveness of the employed regularisation strategy and early stopping

mechanism.
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Quantitatively, the model achieved a mean classification accuracy of 99.02% with a standard
deviation of 1.32% across folds, demonstrating strong robustness to data partitioning. Collectively,
the tightly aligned accuracy trajectories, stable loss convergence, and low cross-fold variance
provide clear evidence of the proposed framework’s strong generalisation capability and reliable

optimisation behaviour in high-dimensional multi-omics classification tasks.

Figure 4. (a) Training and validation accuracy across epochs, showing closely aligned curves and
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stable generalization. (b) Average training and validation loss aggregated across cross-validation

folds, illustrating smooth convergence and effective regularization.

4.4 Biomarker Analysis Based on Attention Weights

In addition to strong classification performance, the proposed KAN-based framework provides
intrinsic interpretability through its feature-level attention mechanism. The learned attention
weights were quantitatively analysed and used as indicators of feature importance to identify

subtype-associated molecular biomarkers.

As summarised in Table 4, the model identified the top 20 biomarkers based on their average
attention weights across all validation folds. These biomarkers span multiple omics layers,
including mRNA expression, miRNA regulation, and DNA methylation, highlighting the
framework’s ability to integrate heterogeneous molecular information. Notably, several highly
ranked mRNA biomarkers, such as CDH4, CDKN2C, PTGFRN, EGFR, and GRB10, have been
previously reported to play important roles in glioma development, progression, and prognosis. In
addition, the identified miRNA MIR196A2 and the DNA methylation probe cg03513762 have

been implicated in glioma-related molecular regulation.
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The consistency between the biomarkers highlighted by the attention mechanism and previously
reported glioma-associated molecular markers demonstrates that the proposed model effectively
captures subtype-specific biological signals. These findings confirm the capability of the KAN-
based framework to support transparent and biologically meaningful biomarker discovery directly

from multi-omics data, without reliance on predefined biological interaction networks.

Table 4. Top 20 KAN-Based Biomarkers Identified by Attention Weights

Rank Biomarker ID Gene Name Omics REF
Type
1 ENSG00000179242.16 CDH4 mRNA PMID: 37237299[26]
2 ENSG00000123080.12 CDKN2C mRNA PMID: 37237299 [27]
3 ENSG00000134247.10 PTGFRN mRNA PMID: 33484965 [28]
4 ENSG00000146648.19 EGFR mRNA PMID: 35427766 [29]
5 ENSG00000187514.17 PTMA mRNA PMID: 35488273[30]
6 ENSG00000008130.15 NADK mRNA PMID: 39159134([31]
7 ENSG00000133789.15 SWAP70 mRNA PMID: 21360565[32]
8 ENSG00000134121.10 CHL1 mRNA PMID: 34718336[33]
9 ENSG00000106070.20 GRB10 mRNA PMID: 37179120 [34]
10 hsa-mir-196a-2 MIR196A2 miRNA PMID: 29802998[35]
11 ENSG00000132341.12 RAN mRNA PMID: 25367065 [36]
12 ENSG00000138095.19 LRPPRC mRNA PMID: 38372449 [37]
13 cg03513762 HumanMethylation450 | DNA PMID: 23867710[38]
- methylation

14 ENSG00000050426.16 LETMDI1 mRNA PMID: 35818268[39]
15 ENSG00000165795.23 NDRG2 mRNA PMID: 29285747[40]
16 ENSG00000162873.15 KLHDCSA mRNA PMID: 39327249 [41]
17 ENSG00000028137.19 TNFRSF1B mRNA PMID: 37712139 [42]
18 ENSG00000117450.15 PRDX1 mRNA PMID: 39430237[43]
19 ENSG00000011454.18 RABGAPI mRNA PMID: 36685876[44]
20 ENSG00000070047.13 PHRF1 mRNA PMID: 38030167[45]
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4.5 Comparison with Previous Work

The performance of the proposed KAN-based framework was compared with representative LGG
classification methods reported in the literature, as summarised in Table 5. The proposed model
achieved a classification accuracy of 99.02%, outperforming existing multi-omics LGG
frameworks, including BioGAT-LGG (98.03%) and DeepAutoGlioma (98.03%), while m

aintaining full feature-level interpretability.

Compared to graph-based approaches such as BioGAT-LGG and MOGONET, which rely on
explicit graph construction and node-level message passing, the proposed framework learns
nonlinear interactions directly at the feature level without requiring predefined or data-derived
graph structures. This graph-free learning strategy reduces architectural complexity while

preserving effective joint integration of multi-omics data.

In contrast to autoencoder-driven and unsupervised frameworks (e.g., i-Modern and DeepMolC),
which either report lower subtype discrimination performance or focus on grade-level
classification, the proposed KAN-based model demonstrates superior subtype-level accuracy for
LGG. Furthermore, unlike image-based approaches such as DeepGlioma, which rely on single-
modality histopathological data, the proposed method exploits complementary molecular

information across multiple omics layers.

Overall, the comparative results in Table 5 indicate that the proposed attention-enhanced KAN
framework achieves state-of-the-art classification performance for LGG, while offering improved

interpretability and flexibility relative to existing graph-based and deep learning models.
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Table5. Summary of representative studies for LGG classification across different data modalities and

learning paradigms.

Study Data Type(s) Method Accuracy Year | Cancer Graph-Based /
Type Omics
Integration
KAN-based LGG | mRNA + miRNA+ | KAN (Feature-level | 99.02 2025 | LGG No / Joint
(Proposed) DNA meth. learning)
BioGAT-LGG mRNA + miRNA + | Correlation-based 98.03% 2025 | LGG Yes / Joint
DNA meth. GATv2
DeepAutoGlioma mRNA + DNA | Autoencoder + CNN | 98.03% 2023 | LGG No / Joint
[16] meth.
MOGONET [14] mRNA + miRNA + | Multi-view GCN — 2021 | Multiple Yes / Joint
DNA meth. Cancers
i-Modern [46] mRNA + miRNA + | Autoencoder + FC | — 2022 | Glioma No / Joint
DNA meth. + CNV | layers
+ mutation (Unsupervised)
DeepMolC [47] mRNA + miRNA + | Autoencoder + Deep | 73.2% 2024 | LGG Yes / Joint
DNA meth. GCN (Grade 1II vs
111)
DeepGlioma [48] SRH histology | CNN + Transformer 91.5% 2023 | LGG No / Single-
images Modality

5. Discussion

This study demonstrates the effectiveness of an attention-enhanced Kolmogorov—Arnold Network
(KAN) for accurate molecular subtype classification of lower-grade glioma (LGG) using
integrated multi-omics data. The KAN-based model achieved a high cross-validated classification
accuracy of 99.02%, confirming its strong generalisation capability and robustness in modelling

heterogeneous molecular profiles.

Unlike graph-based deep learning approaches that rely on pre-defined or data-derived interaction

networks, the proposed method operates directly on tabular multi-omics features, enabling the

164



Omdurman Islamic University Journal of Applied Sciences, 2026 Jan; 22(1), pp.: 144-170

capture of complex nonlinear relationships across molecular layers without explicit graph
construction. This feature-centric learning strategy reduces architectural complexity while

maintaining competitive, and in this case superior, superior predictive performance.

A key strength of the proposed framework lies in its intrinsic interpretability. The feature-level
attention mechanism assigns importance weights during training, allowing direct identification of
subtype-associated biomarkers across mRNA, miRNA, and DNA methylation layers. The
presence of highly ranked biomarkers that are consistent with previously reported glioma-related
molecular markers supports the biological relevance of the learned attention patterns and

highlights the utility of KAN-based models for transparent biomarker discovery.

While the current evaluation focuses on the TCGA-LGG cohort using stratified cross-validation,
the strong and consistent results suggest that the proposed approach provides a solid and scalable
foundation for multi-omics integration in precision oncology. Future research directions include
extending the framework to addadditional independent cohorts, exploring broader multi-omics
modalities, and expanding the use of clinical and longitudinal data to further enhance translational

applicability.

6. Conclusion and Recommendations

In this study, we proposed an interpretable deep learning framework based on the KAN-based model
for accurate molecular subtype classification of LGG using integrated multi-omics data.
Experimental evaluation using stratified cross-validation demonstrated strong and consistent
performance, indicating robust generalisation and high classification accuracy across LGG subtypes.
Furthermore, the attention mechanism enabled intrinsic identification of subtype-associated
molecular biomarkers across multiple omics layers, enhancing model transparency without reliance

on predefined biological networks.
Based on these findings, the following recommendations can be drawn:

e KAN architectures are recommended for LGG molecular subtyping, as the proposed model
demonstrated high classification accuracy and robust generalisation under stratified cross-

validation.
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e Feature-level attention mechanisms are recommended for biomarker discovery, given their
effectiveness in identifying subtype-associated molecular markers across mRNA, miRNA,
and DNA methylation layers with intrinsic interpretability.

e KAN-based multi-omics integration is recommended as an interpretable alternative to graph-
based models that rely on predefined interaction networks, enabling direct learning from
gene-level features while avoiding potential bias and limited adaptability introduced by stat
ic biological graphs.

e Application of the proposed framework to independent Chinese glioma cohorts (e.g, CGGA)
is recommended to further assess robustness and generalisability across different populations
and sequencing platforms.

e Extension of the proposed framework to additional multi-omics modalities (such as
proteomics, metabolomics, copy number variation, or single-cell omics) is recommended to
evaluate scalability and the ability to capture complementary molecular mechanisms.

e Further expansion of the clinical and longitudinal data dimensions within the proposed
framework is recommended, supporting more comprehensive outcome prediction and long-

term disease modelling in precision oncology.
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