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Abstract
The automated and precise interpretation of volumetric magnetic resonance 
imaging (MRI) for spinal cord anomalies is crucial for timely intervention and 
patient care planning. Deep learning in MRI volumetry is hampered by the need 
to disentangle mixed-resolution volumetric and MRI-slice data. To mitigate these 
challenges, this study introduces an original approach for automated multi-label 
classification of spinal MRI abnormalities. The proposed dual-scale spatiotemporal 
network (DS-STNet) processes volumetric 3D MRI data directly to achieve precise, 
automatic classification of spinal abnormalities. It combines dual-scale 3D 
convolutional feature extraction with a global attention mechanism implemented 
via a Transformer network, capturing both local anatomical features and inter-slice 
relationships. The model addresses MRI volumetric data in their raw states without 
computerized segmentation and feature extraction. DS-STNet was evaluated on 
MRI volumetric data from the Kaggle datasets (RSNA LumbarDISC and SpineWeb), 
where spinal abnormalities were classified into five categories. Experimental results 
showed an overall classification accuracy of 98.61%, with high precision, recall, F1 
score, and area under the curve. State-of-the-art deep learning competitors, such 
as 3D convolutional neural networks (CNNs), 3D ResNets, Vision Transformers, 
and CNN–long short-term memory hybrids, were compared with DS-STNet. The 
proposed DS-STNet significantly outperformed these existing deep learning models. 
The findings confirm the effectiveness of incorporating dual-scale spatiotemporal 
feature learning with Transformer global attention for dependable identification of 
spinal abnormalities. The proposed DS-STNet offers a scalable, clinically feasible, and 
high-accuracy solution for automating MRI spinal diagnostics.
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1. Introduction
Issues with the spinal cord and vertebral column primarily affect an individual’s mobility, 
cognitive function, and overall quality of life. Cognitive issues and abnormalities 

https://doi.org/10.6977/IJoSI.202610_10(5).0016
https://orcid.org/0009-0000-1835-8340
https://orcid.org/0009-0003-7623-4778
mailto:janardhan.addanki@gmail.com
https://doi.org/10.6977/IJoSI.202610_10(5).0016
https://doi.org/10.6977/IJoSI.202610_10(5).0016
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


International Journal ofInternational Journal of
Systematic InnovationSystematic Innovation Hybrid CNN–Transformer for Spinal MRI

Volume 10 Issue 5 (2026)	 2� https://doi.org/10.6977/IJoSI.202610_10(5).0016

of the spinal cord and its surrounding structures are 
interconnected and, if left unaddressed, may contribute to 
a cascade of negative consequences, including progressive 
cognitive dysfunction. Neurological disorders, including 
multiple sclerosis, are associated with spinal cord lesions 
and gray matter loss in the brain, highlighting the need for 
precise and accurate spinal imaging and analysis during 
the early stages of disease (Rocca et al., 2023). Spinal 
disorders in children and young people can be particularly 
challenging to diagnose because of developmental changes 
and subtle alterations in spinal morphology, necessitating 
sensitive imaging techniques (Mezzapesa et al., 2004; 
Suleman et al., 2022). In addition, cervical spinal cord 
atrophy has been associated with mobility impairment, 
further underscoring the clinical relevance of accurate 
spinal imaging (Valsasina, Aboulwafa, et al., 2018).

The spinal canal houses the spinal cord, a delicate 
neural structure that is susceptible to injury and disease. 
Neurological disorders may manifest as progressive 
atrophy of the cervical and lumbar spinal cord segments. 
Such atrophy has been studied and measured through 
voxel-based morphometry and spatial normalization 
techniques on high-resolution 3D magnetic resonance 
imaging (MRI) (Valsasina, Horsfield, et al., 2012). Because 
MRI provides superior soft-tissue contrast resolution 
without exposure to ionizing radiation, it is the modality 
of choice for evaluating spinal abnormalities (Thompson 
et al., 2018). Advances in imaging techniques have enabled 
neurologists and radiologists to detect lesions and subtle 
pathological changes. However, the time-consuming 
nature of these tasks and variability in interpretation limit 
the practicality and reliability of manual analysis.

To accurately identify spinal abnormalities on MRI, 
spinal cord tissues are subjected to careful segmentation 
and detailed feature analysis. Although traditional 
strategies based on manual and semi-automated tracing 
can provide reliable segmentation, they are inefficient and 
impractical for large-scale clinical datasets. To address 
these limitations, fully automated deep learning-based 
segmentation approaches have emerged. Cascaded 3D 
convolutional neural networks (CNNs) are a recent 
advancement in the automated delineation of spinal lesions 
and have demonstrated improved segmentation accuracy 
compared with traditional methods (Valverde et al., 2017). 
Similarly, semi-automated methods have been developed 
for rapid spinal cord segmentation from MRI, offering 
clinical benefits while maintaining high segmentation 
accuracy (Horsfield et al., 2010).

Analysis of spinal cord structures has also enabled the 
introduction of analytical cross-sectional area measures, 
such as the mean upper cervical cord area, which has shown 

considerable reproducibility and robustness to lesions. 
However, variability in the scanner and software remains, 
which can limit measurement consistency and the broader 
implementation of automated approaches (Weeda et al., 
2019). In the pediatric population, spinal cord analysis is 
particularly challenging because of heterogeneity in growth 
patterns and lesion distribution. MRI studies performed 
in children and adolescents have shown that spinal cord 
lesions are not only common but also provide diagnostic 
value during the early stages of disease (Debska et al., 2017; 
Verhey et al., 2010).

Techniques focused on morphometric analyses of 
the upper cervical spinal cord cross-sectional area have 
demonstrated value for monitoring disease progression 
in relapsing-remitting inflammatory disorders (Mann et 
al., 2007). These measures are increasingly being used for 
prognostication, particularly in children, for whom early 
recognition is critical for improving long-term functional 
outcomes (Margoni, Preziosa, et al., 2022). Recent 
neuroimaging studies have also demonstrated the role of 
microstructural changes in the subventricular zone in the 
pathophysiology of pediatric-onset disorders, highlighting 
the importance of assessing brain subregions using high-
resolution volumetric imaging (Margoni, Storelli, et 
al., 2025). In addition to neurodegenerative disorders, 
spinal injuries and age-related spinal degeneration 
are increasingly relevant to the growing global aging 
population. Evidence-based clinical practice guidelines 
emphasize the importance of early diagnosis, continuous 
rehabilitation, and efficient imaging-based monitoring 
to maintain functionality and mitigate the progression 
of neurological deficits in elderly individuals with spinal 
cord injury (Seijas et al., 2024). Despite these advances, 
fully automated and accurate diagnostic classification 
of volumetric spinal MRI data remains challenging, 
particularly for complex tasks. These challenges include 
complex spinal anatomy, variable tissue contrast, partial-
volume effects, and contextual dependencies between 
adjacent slices.

While 3D CNNs can effectively capture local spatial 
features, they may have limited ability to model long-
range dependencies between slices. Transformers can 
address this limitation through self-attention; however, 
they generally lack strong local feature inductive biases. 
As a result, hybrid CNN–Transformer models combine 
the complementary strengths of both architectures. 
Because MRI data are volumetric and contain long-range 
spatial relationships across slices, developing models that 
effectively balance local feature extraction with global 
contextual modeling is particularly relevant for accurate 
spinal image analysis. Such hybrid architectures may 
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therefore improve the identification of subtle anatomical 
features while preserving broader structural relationships 
within volumetric MRI data.

To meet these requirements, we propose a new model, 
the dual-scale spatiotemporal network (DS-STNet), which 
combines dual-scale 3D convolutional feature extraction 
with Transformer-based attention mechanisms to enable 
robust multi-class classification of spinal abnormalities 
from volumetric MRI data. The model was trained 
directly on unprocessed 3D MRI images, without the 
need for manual segmentation or handcrafted features, 
and was evaluated on the Radiological Society of North 
America (RSNA) Lumbar Degenerative Imaging Spine 
Classification (LumbarDISC) and SpineWeb spinal MRI 
datasets, which include studies representing five diagnostic 
categories: normal spine, disc degeneration, spinal 
stenosis, spondylolisthesis, and herniated disc. DS-STNet 
demonstrated strong classification performance across 
multiple evaluation metrics, including precision, recall, 
F1 score, and area under the curve (AUC), highlighting 
its potential for automated classification of spinal 
abnormalities from volumetric MRI data.

The main contributions of this study are as follows. A 
novel model (DS-STNet) is proposed, integrating dual-scale 
3D convolutional feature extraction with Transformer-
based global attention for volumetric spinal MRI analysis. 
It performs end-to-end multi-class classification directly 
from raw 3D MRI volumes without requiring handcrafted 
features or explicit image segmentation. Furthermore, an 
attention-guided refinement module with class-weighted 
optimization is incorporated to improve the discrimination 
of visually similar spinal disorders. Extensive experimental 
evaluation demonstrated that the proposed DS-STNet 
consistently outperformed conventional CNN-, ResNet-, 
Vision Transformer-, and hybrid deep learning-based 
approaches, highlighting its potential for accurate and 
reliable automated classification of spinal abnormalities 
from MRI data.

The rest of this paper is organized as follows. Section 
2 discusses previous studies on automated analysis and 
classification of spinal MRI abnormalities, including 
both traditional and deep learning techniques. Section 3 
describes the proposed DS-STNet framework, including 
the dataset, preprocessing procedures, dual-scale 3D 
convolutional architecture, Transformer module, 
attention-guided feature refinement, and model training 
strategy. Section 4 presents comprehensive experimental 
evaluations, including quantitative performance 
assessments, confusion matrix analyses, comparative 
analyses with benchmark models, model ablation studies, 
performance evaluations across multiple training and 

testing runs, and analyses of model complexity. Section 5 
concludes with a discussion of the experimental findings.

2. Related work
Magnetic resonance imaging provides excellent soft-tissue 
contrast and does not use ionizing radiation, making it 
well-suited for visualizing neural structures. Its clinical 
applications include the diagnosis, tracking, and prognosis 
of a wide range of spinal cord disorders. Early investigations 
employed MRI to assess spinal cord involvement in multiple 
sclerosis, spinal cord injuries, and congenital spinal cord 
defects. Verhey et al. (2010) examined MRI features of the 
spinal cord in children with multiple sclerosis and noted 
the importance of early identification of lesions and spinal 
anatomical alterations in determining disease prognosis. 
Mann et al. (2007) demonstrated the potential for 
improved disease monitoring and prognostication through 
qualitative and quantitative MRI analyses of the upper 
cervical spinal cord cross-sectional area, including several 
measurable metrics for tracking disease progression. In 
early multiple sclerosis, Margoni, Preziosa, et al. (2022) 
highlighted the role of advanced neuroimaging techniques, 
while Margoni, Storelli, et al. (2025) used high-resolution 
MRI to characterize microstructural features of the brain 
and spinal cord and further investigate their relationship. 
Collectively, these studies demonstrate the value of MRI 
for assessing the spinal cord and provide a foundation 
for developing automated approaches to the analysis of 
complex spinal disorders.

Other research has examined rehabilitation from spinal 
injuries and the mechanisms of functional recovery. Seijas 
et al. (2024) provided evidence-based recommendations 
for rehabilitation of older adults with spinal cord injury, 
emphasizing the importance of early diagnosis and 
appropriate clinical management. Shinozaki et al. (2021) 
studied the mechanisms of stem cell therapy for spinal cord 
injury and highlighted the importance of characterizing 
the extent and location of neural tissue damage when 
evaluating efficacy. Chalif et al. (2024) analyzed functional 
recovery following epidural spinal cord stimulation and, 
in their review of techniques that aid functional recovery, 
provided evidence of the value of advanced diagnostic 
imaging in neuromodulation therapies. These findings 
highlight the clinical need for accurate, automated spinal 
MRI assessment systems. Hernandez-Navarro et al. 
(2025) further analyzed non-invasive cerebral and spinal 
stimulation techniques for improving motor and gait 
recovery in patients with incomplete spinal cord injury, 
underscoring the importance of accurate assessment in the 
evaluation and application of these interventions.

There has also been extensive research on pediatric 
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spinal trauma and spinal cord injury without radiographic 
abnormality (SCIWORA) using MRI. Freigang et al. 
(2022) reported midterm outcomes of true SCIWORA on 
MRI and noted the ability of MRI to reveal subtle spinal 
cord alterations that may not be identified by traditional 
radiographic methods. Wang et al. (2022) investigated 
acute hyperextension myelopathy in children and 
identified MRI-based radiographic predictors associated 
with clinical improvement, emphasizing the potential value 
of volumetric spinal imaging for prognostic assessments. 
Kirshblum et al. (2020) provided international standards 
for the neurological classification of spinal cord injury that 
heavily incorporate MRI-based structural assessments. 
Liang et al. (2022) reviewed the risk factors and the 
prognosis of SCIWORA in children and reconfirmed that 
timely MRI-based diagnosis significantly shapes long-term 
neurological outcomes.

From an embryological and congenital perspective, 
Sergeenko et al. (2024) examined the relationship 
between abnormal spinal cord development and vertebral 
anomalies, providing insights into developmental 
abnormalities detectable on MRI. Amelot et al. (2020) 
described spinal dysraphism as a clinical entity of 
V.A.C.T.E.R.L. (vertebral, anal, cardiac, tracheoesophageal, 
renal, and limb anomalies) syndrome, further confirming 
the utility of MRI for evaluating complex congenital spinal 
anomalies. These anatomical and clinical investigations 
have advanced understanding of spinal pathologies across 
diverse and complex aspects of anatomy, physiology, and 
embryology, underscoring the need for sophisticated 
computational approaches to support automated analysis 
and interpretation of spinal imaging data.

As specialization in medical imaging artificial 
intelligence expands, deep learning has emerged as the first 
and only viable tool for automating MRI analysis. Geetha 
et al. (2025) proposed a hybrid deep learning framework 
for automated spinal tumor diagnosis from MRI scans. 
Although tumor diagnosis was only a specific application 
in their work, their findings demonstrate the potential of 
hybrid deep learning approaches for automated analysis 
of spinal pathologies using MRI. The complexity of 
spinal pathology, however, underscores the need for 
robust models capable of capturing diverse and subtle 
abnormalities in MRI data.

Earlier imaging studies represented important 
advancements in spinal assessment but remained largely 
dependent on manual inspection, conventional statistical 
analyses, and basic morphometric measurements. While 
these approaches were scientifically useful, they were 
subject to observer variability, had limited scalability, and 
lacked sufficient sensitivity for detecting subtle features 

across multiple classes of degenerative disorders. More 
recent hybrid deep learning approaches have enabled 
greater automation; however, many existing models 
remain 2D, pathology-specific, or constrained to single-
task diagnosis. In addition, a number of existing systems 
struggle to simultaneously preserve fine-grained local 
anatomical features while capturing long-range contextual 
information and interslice dependency in volumetric MRI 
data. In direct response to these limitations, volumetric 
MRI has motivated the use of 3D CNNs, which can learn 
spatial features across depth, height, and width. While 3D 
CNNs improve volumetric representation, their receptive 
fields may remain limited, restricting their ability to 
capture long-range dependencies across distant slices and 
spinal levels. Transformer-based architectures can address 
this limitation by using self-attention to model long-range 
inter-slice relationships and global contextual dependencies 
across volumetric MRI data. However, Transformers 
generally lack the strong locality-inductive bias of CNNs, 
which is particularly important for medical image analysis 
involving fine-grained anatomical structures.

The aforementioned limitations motivate the 
development of the hybrid CNN–Transformer 
architecture, in which CNNs extract local features while 
Transformers capture and integrate global dependencies. 
This architecture is well suited to various medical image 
analysis tasks because it combines fine-grained spatial 
information with broader contextual information. In spinal 
MRI classification, however, the application of such hybrid 
architectures to fully automated multi-class classification 
of volumetric 3D MRI data remains limited, particularly in 
settings that do not require explicit image segmentation or 
handcrafted features.

While some hybrid CNN–Transformer models have 
shown promising performance in medical image analysis, 
they are often limited to disease-specific classification 
or segmentation tasks. Moreover, most of them do not 
jointly integrate dual-scale volumetric feature extraction, 
Transformer-based dependency modeling, attention-
guided feature refinement, and explainability within a 
single framework for multi-class spinal MRI diagnosis. 
Furthermore, clinical interpretability and comprehensive 
evaluation of these models remain underexplored. In 
this regard, the study proposes an end-to-end hybrid 3D 
CNN–Transformer model, DS-STNet, for multi-class 
spinal disorder classification. The proposed model aims to 
provide accurate, explainable, and automated analysis of 
volumetric spinal MRI data.

The proposed DS-STNet was compared with recent 
CNN–Transformer-based methods published from 2024 
to 2026 (Table 1). The existing solutions mainly rely on 
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segmentation or classification for a single disease and 
fail to account for dual-scale feature extraction, global 
dependency learning via Transformers, attention-
guided refinement, and explainability, all within a 
single framework. The proposed DS-STNet combines 
these complementary components into an end-to-
end architecture for multi-class automated spinal MRI 
classification, leading to better diagnostic performance 
and improved clinical interpretability.

3. Proposed methodology
The proposed methodology is an automated multi-class 
classification framework for spinal cord abnormalities 
from volumetric MRI, based on dual-scale spatiotemporal 
feature learning using a hybrid 3D CNN–Transformer 
framework. Unlike traditional approaches that depend 
on handcrafted features or explicit image segmentation, 
the proposed approach performs end-to-end learning, 
directly mapping raw 3D MRI volumes to diagnostic 
class labels. The dual-scale convolutional design enables 
efficient extraction of local anatomical features at different 
spatial scales, while the Transformer module captures 
global contextual information and long-range interslice 
dependencies. The 3D CNNs process volumetric MRI data 
across depth, height, and width, while the Transformer 
component models dependencies across the entire volume. 
Hence, the proposed framework is designed to distinguish 
visually similar spinal disorders that may be challenging 
for conventional CNN-based classifiers.

Figure 1 shows the proposed architecture of the 
DS-STNet system for automated spinal abnormality 

classification from volumetric MRI data. It comprises a 
dataset of spinal MRI scans, which is fed to a data stream 
manager; the resulting data streams are then presented 
to a segmentation module for the classification task. 
First, the input MRI volume is preprocessed with z-score 
normalization, volumetric resampling, and 3D data 
augmentation to improve image quality and increase data 
diversity. The enhanced volume is then fed into a dual-
scale 3D CNN, comprising a local branch that learns 
fine-grained anatomical structures and a global branch 
that captures the broader spatial context. Feature maps 
are extracted from both branches and combined channel-
wise to form a complete volumetric representation via 
feature fusion. These fused features are then converted to 
patch tokens and fed into a Transformer encoder, which 
uses multi-head self-attention to learn long-range spatial 
relationships and the global context. A weighted cross-
entropy loss is used during training to compensate for 
class imbalance and optimize feature representation. The 
learned representations are further refined with a channel–
spatial attention module that highlights the discriminative 
spinal regions while filtering out irrelevant background 
information. Finally, the features are aggregated to a global 
average and fed into a fully connected layer, followed by 
a Softmax classifier, to obtain the final prediction of the 
spinal abnormality.

3.1. Dataset description

The proposed DS-STNet framework was tested on 
spinal MRI datasets from two public sources: RSNA 
LumbarDISC and SpineWeb. The combined dataset 
comprised 1,850 patients and 3,700 MRI examinations, 

Table 1. Novelty comparison of the proposed DS-STNet with recent hybrid CNN–Transformer models (2024–2026)

Model Year Application Limitation Advantage

SymTC (Chen et al., 
2024) 2024 Lumbar spine MRI 

segmentation
Segmentation only; no 
disease classification

End-to-end multi-class spinal disorder classification 
from volumetric MRI

ResMT (Cui et al., 
2024) 2024 Brain glioma grading Limited to brain MRI Designed specifically for spinal MRI with dual-scale 

feature learning

Hybrid CNN–
Transformer (Geetha 
et al., 2025)

2025 Spinal tumor 
classification

Single disease 
classification

Supports multiple spinal disorders within a unified 
framework

CAFR-Net (Ma et al., 
2025) 2025 Spinal MRI 

segmentation
Segmentation-focused; 
limited interpretability

Integrates classification, attention refinement, and 
Grad-CAM explainability

Proposed DS-STNet 2026 Multi-class spinal MRI 
diagnosis −

Dual-scale 3D CNN, Transformer-based global 
attention, attention refinement, and explainable end-to-
end classification

Abbreviations: CNN: Convolutional neural network; Grad-CAM: Gradient-weighted class activation mapping; MRI: Magnetic resonance imaging.
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including T1-weighted, T2-weighted, and short-tau 
inversion recovery (STIR) sequences, acquired on 1.5 T 
and 3.0 T MRI scanners. The public datasets were obtained 
from several clinical sites, and the manufacturer of these 
scanners and detailed acquisition parameters were not 
always provided for all examinations. The data consist 
of five diagnostic classes: normal, disc degeneration, 
herniated disc, spinal stenosis, and spondylolisthesis. 
The patient split was 70:15:15 for train:validation:test. All 
MRI volumes were preprocessed before training to ensure 
consistent image quality: N4 bias field correction, intensity 
normalization, contrast-limited adaptive histogram 
equalization (CLAHE) enhancement, non-local means 
filtering, and resizing to 128 × 128 × 64.

The distribution of patients and MRI volumes across 
the five diagnostic classes is summarized in Table 2. 
Despite the moderate class imbalance, this work addressed 
it by using class-weighted cross-entropy loss and 3D data 
augmentation to enhance classification performance for 
the underrepresented spinal disorders.

The process began with creating a volumetric input. 
Each MRI scan was transformed into a 3D tensor that 
captures the spatial and contextual data of adjacent slices. 
To achieve stability across scanners and patients, the 
volumetric input was z-score–normalized to standardize 
voxel intensities, thereby improving convergence and 

reducing domain shifts. This is represented mathematically 
as:

Table 2. Class distribution of the combined spinal magnetic 
resonance imaging (MRI) dataset

Class Number of 
patients

Number of MRI 
volumes

Normal 380 760

Disc degeneration 500 1,000

Herniated disc 400 800

Spinal stenosis 330 660

Spondylolisthesis 240 480

Total 1,850 3,700

norm
II µ
σ
−

= 	 (1)

where I represents the initial voxel intensity, and μ and σ 
are the averages and standard deviations of the intensities, 
respectively. After the data volume was normalized, the first 
step in the processing was to resample the data to ensure all 
input data had the same spatial resolution. This ensured that 
the hybrid network did not receive inputs of different sizes 
and thus could compute the embedding representation 
without geometric distortions. The next processing step 

Figure 1. Proposed dual-scale spatiotemporal network (DS-STNet) hybrid 3D convolutional neural network (CNN)–Transformer framework for spinal 
abnormality classification.
Abbreviation: MRI: Magnetic resonance imaging.
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after volume resampling was data augmentation, in which 
the volume was augmented across three spatial dimensions 
using rotation, elastic deformation, and random cropping 
to enhance network generalization, simulate anatomical 
variability, and alleviate the class imbalance often 
associated with medical datasets.

The next step after data preparation was to extract 
features using a 3D CNN with a dual-scale design. This is 
the first stage of the proposed framework. The dual-scale 
approach extracts features at different scales, capturing fine 
features such as the boundaries of discs and nerve roots, 
and coarse features that are more global or holistic, such as 
the alignment of the vertebrae and the overall curvature of 
the spine. In the local-scale branch of the model, smaller 
convolution kernels are used to extract and preserve 
fine, detailed spatial information, and in the global-scale 
branch, larger kernels are used to capture feature context 
and compose fine details with that context. The standard 
method of conducting a convolution in 3D was used 
for feature extraction in each convolutional layer and is 
defined as:

( )1*l l l lσ −= +F W F b 	 (2)

where Fl-1 and Fl denote the input and output feature maps 
at layer l; Wl and bl represent the learnable kernel weights 
and bias terms, respectively; * indicates 3D convolution; 
and σ(⋅) denotes the nonlinear activation function. The 
extracted features from both branches were fused via 
channel-wise concatenation, followed by pointwise 
convolution for feature compression. This fusion enables 
complementary integration of micro-anatomical texture 
cues and macro-structural shape information, forming a 
unified dual-scale spatiotemporal representation of the 
spinal volume.

To mitigate the limitation of convolutional networks 
in modeling long-range dependencies, the fused dual-
scale features were then passed to a transformer-based 
global context modeling module. The current processed 
3D feature volume was presented to the module as a 
sequence of non-overlapping 3D patches, which were then 
flattened and their token embeddings projected. These 
tokens were then provided as input to the transformer 
encoder, allowing the network to examine the interplay 
among distant anatomical regions across the entire spinal 
structure. The main component of this module is multi-
head self-attention, which computes joint relations among 
all patch tokens, regardless of their relative positions in 
space. The self-attention operation is expressed as follows.

( )Attention , , softmax
T

d
 

=  
 

QKQ K V V 	 (3)

where Q, K, and V denote the query, key, and value matrices, 
respectively, derived from the token embeddings, and d is 
the embedding dimensionality. This operation enables the 
network to selectively focus on diagnostically significant 
spinal regions while suppressing irrelevant background 
responses. Through stacked Transformer encoder layers, 
the model progressively refined its understanding of inter-
slice dependencies, anatomical symmetry, and pathological 
spread patterns.

Attention-enhanced features were submitted to the 
attention-enhanced global context modeling technique 
for the next stage, which adaptively calibrates spatial 
and channel-wise responses through attention-guided 
refinement. This refinement process enhances the channel 
and feature responses to abnormal activations and reduces 
the noise and redundancy. The representation of refined 
features was globally pooled and then passed to the fully 
connected output layers of the classifier. The Softmax 
function is given by:

( )refinedˆ Softmax c cy = ⋅ +W F b 	 (4)

where Wc and bc denote the classifier weights and bias 
parameters, respectively, Frefined represents the refined global 
feature descriptor, and Ŷ corresponds to the predicted 
probability distribution over all spinal abnormality classes.

To ensure stable optimization under class imbalance 
and overlapping pathological signatures, the proposed 
framework employs a class-aware weighted cross-entropy 
loss, which assigns a higher penalty to underrepresented 
abnormality categories while preserving discrimination 
among dominant classes. The loss function is defined as:

( )
1

ˆlog
C

c c c
c

w y y
=

= −∑ 	 (5)

where C is the number of spinal abnormality classes, yc 
is the ground-truth label, Ŷc is the predicted probability, 
and wc denotes the class-specific weighting factor. This 
formulation ensures that the learning process remains 
balanced and sensitive to rare but clinically significant 
spinal disorders.

In summary, the proposed hybrid model is a unified 
deep architecture combining dual-scale spatiotemporal 
feature extraction, Transformer-based global reasoning, 
and attention-based feature refinement. The model’s 
fully automated and scalable classification of spinal 
cord abnormalities is free from reliance on handcrafted 
heuristics and manual segmentation. Volumetric learning, 
combined with long-range dependencies and class-specific 
model optimization, drastically improves the model’s 
overall dependability and generalization, especially across 
varying MRI protocols. The system is an intelligent, 
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dependable, clinically applicable decision support system.

Algorithm 1. DS-STNet training for spinal abnormality 
classification

Input: 3D MRI volumes V with labels Y
Output: Trained DS-STNet model
1.	 Initialize Dual-Scale 3D CNN, Transformer, Attention 
Module, and Classifier
2.	 for each epoch do
3.	   for each batch (Vb, Yb) do
4.	 Normalize Vb using z-score
5.	  Apply 3D data augmentation
6.	         F_local  ← Local 3D CNN(Vb)
7.	         F_global ← Global 3D CNN(Vb)
8.	          F_fused  ← Concat(F_local, F_global)
9.	         Tokens ← PatchEmbedding(F_fused)
10.	         F_ctx  ← Transformer(Tokens)
11.	         F_ref  ← AttentionRefinement(F_ctx)
12.	         Pred   ← Softmax(Classifier(F_ref))
13.	        Compute weighted cross-entropy loss
14.	        Update network weights using AdamW
15.	      end for
16.	  end for
17.	 Return trained model

4. Results and discussion
The spinal cord MRI datasets are a collection of volumetric 
MRI scans of the spinal column annotated by medical 
professionals and acquired from a variety of clinical 
settings. This collection is available on RSNA LumbarDISC 
and SpineWeb for public download. The design and 
functionality of the proposed DS-STNet hybrid 3D 
CNN-Transformer model were evaluated on a combined 
dataset, with the collected MRI volumetric scans serving 
as the training set. The dataset contained volumetric MRI 
scans from patients of diverse backgrounds, acquired with 
different MRI protocols and machines. This is ideal for 
testing classifier robustness. The dataset contained five 
major classes: normal spine, disc degeneration, spinal 
stenosis, spondylolisthesis, and herniated disc. A total 
of 3,700 3D MRI volumes were used in this study. As 
model training is sensitive and performance is affected 
by variations in volumetric 3D scans, all volumes were 
adjusted to a fine 128 × 128 × 64 voxel resolution. 70% of 
this dataset was allocated to the training data, 15% to the 
validation data, and the remaining 15% to the testing data. 
This approach, known as stratified sampling, ensures that 
all three data subsets are proportionally populated with 
samples from all abnormality classes in the dataset.

To avoid scanner-related intensity variability and 
enhance convergence stability, all MRI volumes were 

z-score normalized prior to model training. To improve 
model generalization and reduce overfitting, 3D data 
augmentation techniques, such as random rotations, elastic 
deformations, intensity scaling, and spatial cropping, 
were applied. Due to volumetric memory constraints, the 
DS-STNet model was trained using the AdamW optimizer 
with a learning rate of 0.0001 and a batch size of 4. To avoid 
overtraining, the maximum number of training epochs was 
capped at 150, and early stopping was implemented based 
on the validation loss. In the classification head, a dropout 
regularization rate of 0.3 was applied. To account for the 
natural imbalance across spinal abnormality categories, a 
class-weighted cross-entropy loss was implemented.

The trainable parameters, floating-point operations 
(FLOPs), graphics processing unit (GPU) memory size, 
and model size were used to measure the computational 
complexity of the proposed DS-STNet. The network 
had 32.8 million trainable parameters and required 58.6 
GFLOPs to process a 128 × 128 × 64 MRI volume, as shown 
in Table 3. The model used 9.4 GB of GPU memory during 
training and 125.3 MB of storage. To ensure practicality 
for clinical use, the average inference time was 0.12 s per 
MRI volume.

Table 3. Computational complexity of the proposed 
DS-STNet

Metric Value

Trainable parameters 32.8 million

Floating-point operation (FLOPs; input: 128 
× 128 × 64) 58.6 GFLOPs

Graphics processing unit memory 9.4 GB

Model size 125.3 MB

The proposed DS-STNet was implemented in Python 
3.11 using PyTorch 2.2. We used an Intel Core i9 processor 
workstation with 64 GB of RAM and a 4090 GPU (24 
GB of VRAM), running Windows 11 (64-bit), for model 
training and evaluation. The AdamW optimizer was used, 
with an initial learning rate of 1 × 10−4 and a batch size of 4.

4.1. Results

Table 4 presents the classification results of the DS-STNet 
model on previously unseen test samples. For each of the 
five anomaly classes, the model reported high precision, 
recall, and F1-score, even for visually similar classes that 
are difficult to discriminate. The model achieved an overall 
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precision of 98.58%, recall of 98.20%, F1-score of 98.39%, 
and AUC of 98.78%, all indicative of high classification 
quality.

Table 4. Performance of the proposed DS-STNet model on the 
test dataset

Class Precision 
(%)

Recall 
(%)

F1-score 
(%)

AUC 
(%)

Normal spine 99.21 98.74 98.97 99.34

Disc degeneration 98.63 98.12 98.37 98.85

Spinal stenosis 98.44 98.05 98.24 98.66

Spondylolisthesis 97.92 97.68 97.80 98.12

Herniated disc 98.71 98.40 98.55 98.94

Overall average 98.58 98.20 98.39 98.78

Abbreviation: AUC: Area under the curve.

As presented in Figure 2, the confusion matrix for the 
DS-STNet model shows that test instances belonging to 
Class NP were occasionally misclassified as Class HER. 
This misclassification may be attributed to the visual 
similarity between these two degenerative anomalies on 
MRI. Incorporating a glocal inter-slice dependency model 
decreased this confusion compared with CNN-based 
models by enabling the network to capture long-range 
spatial relationships across MRI slices.

To validate the proposed DS-STNet model, it was 

compared with leading deep learning methodologies used 
in spinal MRI analysis and/or medical image classification, 
including the standard 2D CNN, standard 3D CNN, 
3D ResNet, 3D DenseNet, Vision Transformer, and a 
hybrid 3D CNN + long short-term memory (LSTM). All 
models were trained and evaluated under the same test 
setting using the same data and metrics. The results of the 
comparison are shown in Table 5. The equations for the 
measures are as follows:

(i) Accuracy:

TP TNAccuracy
Total Number of Samples

+
= 	 (6)

(ii) Precision:

 True Positives (TP) Precision
 True Positives (TP)+False Positives (FP )

= 	 (7)

(iii) Recall:

 True Positives (TP) Recall
 True Positives (TP)+False Negatives (FN )

= 	 (8)

(iv) F-score (harmonic mean of precision and recall):

1
 Precision Recall2
 Precision Recall

F ⋅
= ⋅

+
	 (9)

Based on the comparison in Table 5, we can conclude 
that the DS-STNet model consistently outperformed 
all baseline and state-of-the-art deep learning models. 
More specifically, the proposed model outperformed 
the traditional 2D CNN approach by approximately 
9%, the baseline 3D CNN model by over 5%, the Vision 

Figure 2. Confusion matrix of the proposed DS-STNet model for multi-class spinal abnormality classification
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Transformer approach by almost 3%, and the hybrid 3D 
CNN + LSTM model by around 2%. The above results 
suggest that the 3D DS-STNet model can learn a richer, 
more discriminative representation of spinal abnormalities 
than any single architecture. 

Table 5. Comparative performance analysis with existing 
methods

Method Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1-score 
(%)

AUC 
(%)

2D CNN 89.34 88.92 88.41 88.66 90.12

3D CNN 92.78 92.35 91.88 92.11 93.05

3D ResNet 94.62 94.09 93.71 93.90 94.88

3D DenseNet 95.14 94.88 94.33 94.60 95.41

Vision 
Transformer 96.02 95.77 95.31 95.54 96.26

3D CNN + 
LSTM 96.74 96.17 95.84 96.00 96.92

Proposed 
DS-STNet 98.61 98.58 98.20 98.39 98.78

Abbreviations: AUC: Area under the curve; CNN: Convolutional neural 
network; LSTM: Long short-term memory.

The proposed DS-STNet model has high computational 
performance and still trains and performs inference at 
turbo-unit speed. Inference on a single 3D MRI volume 
took less than 0.12 s, and the average training time per 
epoch was 2.8 min on a single GPU workstation. This 
indicates that the model performs well for near-real-time 
clinical applications and for healthy triple-digit hospital 
screenings.

Figure 3 presents the performance of the various deep 
learning models tested on spinal MRI data. The models 
included 2D CNN, 3D CNN, 3D ResNet, 3D DenseNet, 
Vision Transformer, and the proposed DS-STNet. Of all 
the models, the DS-STNet model achieved the highest 
accuracy (98.61%). The 2D CNN model achieved the 
lowest score because it could not analyze 3D data. 3D CNN 
models with and without residual connections performed 
better than the 2D CNN model, although the difference in 
performance is not substantial. Vision Transformer and 3D 
CNN + LSTM models performed better than other existing 
models, though they did not match the performance of 
DS-STNet, which captures data in 3D. All models in this 
case performed dual-scale spatiotemporal capture with 
spaced global attention.

The proposed DS-STNet model outperformed the 
other models because it handles data more efficiently. It 
has the most data-handling versatility and confidence in 
differentiating multiple pathologies. Other models cannot 
match it in accurately classifying spinal disorders. The 
experiments indicate that the proposed DS-STNet model 
can achieve clinically relevant and reliable triage and 
classification of spinal cord abnormalities from volumetric 
MRI scans. The model’s ability to identify even subtle 
pathologies is due to refined dual-scale spatiotemporal 
feature extraction for global context modeling via 
attention in 3D MRI volumes. The results show that the 
proposed DS-STNet outperformed the baseline methods 
in classification performance for automated spinal MRI 
analysis.

The proposed DS-STNet was evaluated using the 
ablation study model (Table 6). The components 
individually improved classification accuracy. The highest 
accuracy of 98.61% was achieved by the complete model, 
which includes a dual-scale CNN, a Transformer, an 

Figure 3. Accuracy comparison of the proposed DS-STNet model with existing methods
Abbreviation: CNN: Convolutional neural network.
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attention module, and a weighted loss, demonstrating the 
efficiency of each module.

The proposed DS-STNet model was explainable using 
the gradient-weighted class activation mapping (Grad-
CAM) method (Figure 4 and Table 7). The model’s activation 
scores and localization accuracy suggest that it consistently 
identifies clinically relevant spinal abnormalities, thereby 
enhancing the interpretability of predictions.

Table 6. Ablation study of the proposed DS-STNet

Model configuration Accuracy (%) F1-score (%)

Baseline 3D CNN 94.12 93.78

Dual-scale CNN 95.84 95.42

Transformer 97.26 97.01

Attention module 98.04 97.82

Weighted loss (Proposed DS-STNet 98.61 98.43

Abbreviation: CNN: Convolutional neural network.

4.3. Discussion

The proposed DS-STNet model achieved an overall 
accuracy of 98.61%, higher than that of previous deep 

learning models. The fusion of a dual-scale 3D CNN 
and a Transformer has been shown to effectively capture 
both local anatomical and global contextual information, 
thereby improving classification accuracy. 

This study has limitations. A publicly available dataset 
was used to evaluate the proposed framework; as a result, 
it may not capture the clinical variability encountered in 
real-world settings. Furthermore, visually similar spinal 
disorders were frequently misclassified as one another, 
indicating that distinguishing between closely related 
abnormalities remains challenging. 

Table 7. Quantitative explainability analysis of the proposed 
DS-STNet

Disease class Mean activation 
score

Lesion localization 
accuracy (%)

Normal 0.18 98.4

Disc degeneration 0.88 97.2

Herniated disc 0.93 98.1

Spinal stenosis 0.90 97.5

Spondylolisthesis 0.89 97.0

Figure 4. Representative Grad-CAM heatmaps produced by the proposed DS-STNet, highlighting clinically relevant regions in spinal MR images. The 
heatmaps show the regions with the highest (red) and lowest (blue) activations the model uses to predict its classification.
Abbreviations: Grad-CAM: Gradient-weighted class activation mapping; MR: Magnetic resonance.
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The proposed model could assist radiologists by 
providing rapid and accurate automated classification of 
spinal MRI data. Given its high accuracy and low inference 
time, the model shows potential for integration into 
computer-aided diagnosis systems.

5. Conclusion and future work
In this paper, a hybrid 3D CNN–Transformer framework, 
DS-STNet, was developed for multi-class classification 
of spinal cord abnormalities. The framework integrates 
dual-scale spatiotemporal feature extraction, Transformer-
based global dependency modeling, and attention-guided 
feature refinement within an end-to-end architecture. 
The proposed model aims to capture both fine-grained 
anatomical features and long-range inter-slice contextual 
relationships. Evaluation on a publicly available MRI 
dataset and comparison with state-of-the-art deep learning 
models demonstrated the effectiveness of the proposed 
framework. DS-STNet achieved an accuracy of 98.61% 
and demonstrated balanced precision, recall, F1, and AUC 
values across the spinal abnormality dimensions compared 
with the baseline methods. Confusion matrices and 
training curves further supported the model’s classification 
performance and stable convergence. Future work should 
focus on multi-center clinical validation, real-time clinical 
deployment, lesion localization and segmentation, and 
privacy-preserving federated learning. Further refinement 
of the Transformer architecture could also improve model 
portability, computational efficiency, and energy efficiency, 
facilitating deployment on resource-constrained platforms. 
Large-scale evaluation across multiple clinical centers will 
be necessary to establish the generalizability and clinical 
utility of the proposed framework.
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