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Abstract 12 

Deep learning models for MRI classification must combine local lesion appearance with broader 13 

anatomical context and acquisition orientation. We introduce SpineFusion, an end-to-end dual en- 14 

coder that links ConvNeXt-Tiny and Swin-T representations through bidirectional cross-attention 15 

and an axial/sagittal plane embedding. We evaluated the architecture independently on three 16 

public datasets: a 2,746-image spinal multiple sclerosis (MS)-myelitis dataset (MSM), a 3,427- 17 

image brain MS/healthy dataset (BT-MS), and an audited 11,955-image, eight-class neurological 18 

dataset (MCND). Stratified image-level 10-fold cross-validation with inner validation yielded accu- 19 

racies of 95.34 ± 1.07% on MSM, 97.78 ± 0.85% on BT-MS, and 99.18 ± 0.35% on MCND. On 20 

MSM, SpineFusion exceeded Swin-T by 1.56 percentage points but improved on ConvNeXt-Tiny 21 

by only 0.11 points, indicating that the convolutional branch provided most discriminative signal. 22 

Residual errors primarily involved MS-myelitis confusion. Grad-CAM showed that local activations 23 

often overlapped anatomy, but it did not explain the transformer branch or validate lesion localiza- 24 

tion. Because reliable subject identifiers were unavailable, neighboring slices may have crossed 25 

folds and the estimates may be optimistic. These results support the feasibility of plane-aware lo- 26 

cal-global fusion across independently trained MRI tasks; patient-grouped external validation re- 27 

mains necessary before clinical interpretation. 28 

Keywords: multiple sclerosis; myelitis; magnetic resonance imaging; cross-attention; ConvNeXt; 29 

Swin Transformer 30 
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Introduction 31 

Multiple sclerosis (MS) is an immune-mediated disorder of the central nervous system in which 32 

inflammatory demyelination and neuroaxonal injury produce lesions distributed across the brain 33 

and spinal cord. Magnetic resonance imaging (MRI) is central to demonstrating dissemination in 34 

space and time and to excluding alternative diagnoses [1, 2]. In the spinal cord, MS lesions are 35 

often short-segment and eccentric, whereas longitudinally extensive inflammatory myelitis may 36 

span several vertebral segments. These tendencies are clinically informative but are not absolute; 37 

lesion burden, acquisition plane, pulse sequence, image quality, and coexisting inflammation can 38 

make slice-level visual differentiation difficult [3]. Recent MS lesion research has likewise empha- 39 

sized that limited annotated cohorts, noise, and incomplete imaging data can materially affect au- 40 

tomated MRI analysis [16]. Computational decision support is therefore attractive, but evaluation 41 

protocols must prevent optimistic leakage and model outputs must remain research evidence ra- 42 

ther than autonomous diagnoses. 43 

The public MS-Myelitis spinal MRI collection introduced by Tatli et al. contains 2746 images in 44 

Healthy, MS, and Myelitis folders. Their transfer-transfer MSNet combined frozen DenseNet201 45 

and ResNet50 features, three feature selectors, shallow classifiers, and iterative voting, reaching 46 

97.63% accuracy and 97.23% F1 [4]. KhayyamNet subsequently combined Xception, a convolu- 47 

tional branch, and a Vision Transformer with minimum-redundancy maximum-relevance selection 48 

and a random forest, reporting 98.15 ± 0.80% accuracy on the same collection [5]. These sys- 49 

tems demonstrate the discriminative value of complementary feature families, but both empha- 50 

size extracted features followed by a separate classifier rather than a single end-to-end local- 51 

global fusion network. 52 

Transformer-based work also shows that contribution cannot be judged by accuracy alone. MS- 53 

Trust integrates a compact convolutional tokenizer, causal and global attention, channel recali- 54 

bration, and MixUp/CutMix regularization; it was assessed on separate MS/healthy and MS/myeli- 55 

tis/healthy datasets with ablation and benchmark comparisons [6]. Its scientific contribution is ar- 56 

chitectural and methodological even where its reported accuracy is below feature-engineering 57 

systems. This distinction is important because results from different splits, patient-grouping rules, 58 

augmentations, and label taxonomies are not directly interchangeable. 59 

Recent studies show parallel developments in local-global MRI modelling. A hybrid CNN-Trans- 60 

former combined convolutional detail extraction with transformer context and paired the model 61 

with saliency analysis for multimodal glioma MRI [17]. A joint transformer architecture modeled 62 

inter-slice dependencies for three-dimensional brain MRI classification [18]. More recently, cross- 63 

attention was used to couple CNN-derived local features with transformer-derived global repre- 64 

sentations for multi-level neurological MRI classification [19]. Together, these studies support 65 

complementary local and global representations, while also showing that explanation scope and 66 

validation design remain part of the scientific claim. 67 
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Three gaps motivate the present study. First, local plaque texture and longer-range anatomical 68 

context should interact during optimization rather than be concatenated only after independent 69 

feature extraction. Second, axial and sagittal images encode different spatial evidence, yet a con- 70 

ventional image classifier receives no explicit plane identity. Recent externally validated work has 71 

shown that MRI orientation can itself be classified reliably, supporting its treatment as structured 72 

acquisition metadata rather than a nuisance variable [20]. Third, a model proposed for one small 73 

benchmark should be tested for architectural portability on additional MRI taxonomies, while 74 

keeping the datasets and their learned weights strictly separate. 75 

The principal contributions are: 76 

SpineFusion, an end-to-end dual-encoder network that couples ConvNeXt-Tiny local tokens and 77 

Swin-T global tokens through bidirectional cross-attention and conditions the classifier on a 78 

learned axial/sagittal plane embedding; 79 

three independent, stratified 10-fold evaluations on a spinal three-class task, a brain two-class 80 

task, and an eight-class neurological task, with inner-validation early stopping and no sharing of 81 

weights or images across datasets; and 82 

transparent ablation and qualitative analysis using encoder baselines, removal of the plane token, 83 

Grad-CAM examples, and representative residual error pairs. 84 

A key limitation is established at the outset: the available image exports and experiment mani- 85 

fests did not provide reliable subject-grouping identifiers for all datasets. Cross-validation was 86 

therefore performed at image level. Neighboring slices from the same source examination may 87 

occur in different folds, and the results may overestimate patient-level generalization. All claims 88 

and comparisons in this article are restricted accordingly. 89 

Classical MS MRI classification commonly separates representation learning from decision mak- 90 

ing. In MSNet, multiple pretrained-network layers generated feature vectors that were filtered by 91 

ReliefF, chi-square, and neighborhood component analysis before k-nearest-neighbor and sup- 92 

port-vector-machine predictions were fused [4]. The approach attained high accuracy on the Firat 93 

spinal dataset but required a multi-stage feature-engineering pipeline. KhayyamNet broadened 94 

the representation set with Xception, CNN, and Vision Transformer features, selected variables 95 

by MRMR, and classified them with a random forest [5]. It currently provides the strongest re- 96 

ported accuracy on that public three-class benchmark, although its nested image-level protocol 97 

and shallow final classifier differ from the present end-to-end design. 98 
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For brain MRI, Macin et al. introduced the BT-MS collection and the computationally lightweight 99 

ExMPLPQ method. Their 3427 axial and sagittal images came from 72 individuals with MS and 100 

59 healthy individuals; handcrafted local-phase-quantization features and Fine kNN reached 101 

98.37%, 97.75%, and 98.22% accuracy for axial, sagittal, and combined subsets, respectively [7]. 102 

This dataset provides a second MS classification setting with different anatomy and a binary label 103 

space. 104 

MS-Trust represents a complementary deep-learning direction. Its causal-global dual attention, 105 

squeeze-excitation recalibration, and regularization experiments emphasize model design, abla- 106 

tion, and subject grouping [6]. The study illustrates why raw accuracy should not be treated as a 107 

universal ranking: the number of subjects, the definition of the task, split granularity, and evalua- 108 

tion design govern the difficulty of the reported number. 109 

SpineFusion builds on two modern visual backbones. ConvNeXt translates hierarchical convolu- 110 

tional design into a training recipe competitive with vision transformers and retains strong locality 111 

[9]. Swin Transformer forms hierarchical representations with shifted-window self-attention, allow- 112 

ing efficient aggregation beyond a single local neighborhood [10]. Multi-head attention provides a 113 

natural operator for exchanging information between token sets [11]. Instead of merging final 114 

logits, the proposed block lets local queries attend to global keys and values and simultaneously 115 

lets global queries attend to local keys and values. The plane embedding then supplies acquisi- 116 

tion-orientation context before classification. 117 

Results 118 

Primary spinal benchmark 119 

Table 2 summarizes the ten held-out test folds on MSM. SpineFusion attained 95.34 ± 1.07% ac- 120 

curacy, 94.60 ± 1.34% macro-F1, 94.59 ± 1.36% macro-recall, and 0.986 ± 0.005 macro-AUC. It 121 

exceeded Swin-T and was close to ConvNeXt-Tiny. The absolute accuracy gain over ConvNeXt- 122 

Tiny was 0.11 percentage points, which is small relative to fold-to-fold variability. The plane em- 123 

bedding increased accuracy from 94.90 ± 1.50% to 95.34 ± 1.07%; this is reported as an ablation 124 

difference, not evidence of statistical superiority. 125 

Table 2. Performance on MSM: reported literature results and ten-fold test mean ± standard devi- 126 

ation for the present experiments. 127 

Method Accuracy (%) Macro-F1 (%) Macro-recall (%) Macro-AUC 

Tatli et al. (reported) [4] 97.63 97.23 97.22 - 

KhayyamNet (reported) [5] 98.15 ± 0.80 - - - 

DenseNet201 95.05 ± 1.41 94.02 ± 1.68 94.08 ± 1.79 0.990 ± 0.004 

ConvNeXt-Tiny 95.23 ± 1.19 94.42 ± 1.38 94.38 ± 1.37 0.986 ± 0.007 

Swin-T 93.78 ± 2.70 92.62 ± 3.28 92.47 ± 3.33 0.986 ± 0.012 

SpineFusion, no plane 94.90 ± 1.50 94.09 ± 1.86 94.04 ± 1.78 0.986 ± 0.008 

SpineFusion 95.34 ± 1.07 94.60 ± 1.34 94.59 ± 1.36 0.986 ± 0.005 



 

5 

Literature rows are quoted from the cited publications and were not reproduced in the present pipeline. Their 128 

feature extraction, nested validation, and classifier procedures are not identical to the end-to-end protocol 129 

used here. 130 

Class-wise results  show that Healthy was the easiest category, with F1 97.45 ± 1.04%. MS was 131 

the most difficult, with F1 91.30 ± 2.33%, while Myelitis reached 95.04 ± 2.19%. The asymmetry 132 

indicates that the remaining errors are concentrated in the clinically related MS-versus-Myelitis 133 

distinction rather than in separating abnormal from Healthy slices. 134 

Independent evaluations on BT-MS and MCND 135 

With separately initialized and trained weights, SpineFusion achieved 97.78 ± 0.85% accuracy on 136 

BT-MS and 99.18 ± 0.35% on MCND (Table 3). Macro-F1 was 97.70 ± 0.89% and 99.20 ± 137 

0.35%, respectively. These experiments demonstrate that the same architectural recipe can be 138 

optimized for different anatomies and label spaces; they are not external tests of a single frozen 139 

model and therefore do not establish cross-dataset domain generalization. 140 

Table 3. SpineFusion performance on the independently trained secondary datasets, ten-fold test 141 

mean ± standard deviation. 142 

Dataset C Accuracy (%) Macro-F1 (%) Macro-recall (%) Macro-AUC 

BT-MS (Dataset-2) 2 97.78 ± 0.85 97.70 ± 0.89 97.54 ± 1.00 0.994 ± 0.004 

MCND (Dataset-3) 8 99.18 ± 0.35 99.20 ± 0.35 99.20 ± 0.34 0.999 ± 0.001 

All folds are image-level. The unusually high MCND result may reflect repository-specific visual signatures 143 

and slice dependence; it should not be interpreted as patient-level or clinical performance. 144 

Within MCND, the weakest class F1 values were observed for AD-MildDemented (0.980) and 145 

AD-VeryMildDemented (0.979), whereas Normal reached 1.000 and MS reached 0.999. This pat- 146 

tern is internally consistent with the visual similarity of adjacent Alzheimer severity labels, but the 147 

magnitude of the overall score also raises concern about image-source cues and correlated 148 

slices. 149 

Qualitative review 150 

Figure 5 shows correct held-out examples. In MSM, activation often overlapped the cord or spinal 151 

canal, although some maps extended into adjacent tissue. BT-MS maps emphasized portions of 152 

cerebral white matter and image boundaries. In MCND, the glioma example showed strong acti- 153 

vation over the tumor region, while the MS and Normal examples exhibited more distributed re- 154 

sponses. The examples support spatial plausibility in selected cases but do not constitute lesion 155 

localization validation. 156 
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 157 

Figure 5. Qualitative sensitivity maps and representative residual errors. The upper montage pre- 158 

sents Grad-CAM from the local ConvNeXt branch for correctly classified MSM, BT-MS, and 159 

MCND slices. The lower montage shows residual MSM confusion between MS and myelitis and 160 

MCND confusion between mild and very mild Alzheimer disease. Maps are illustrative sensitivity 161 

visualizations and not lesion-localization metrics. 162 
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Residual hard cases 163 

Representative errors in Figure 5 align with the class-wise results. MSM mistakes occurred in 164 

both directions between MS and Myelitis and included axial as well as sagittal appearances. 165 

MCND mistakes commonly exchanged AD-MildDemented and AD-VeryMildDemented. BT-MS 166 

was omitted from the montage because its relatively few errors did not form one comparably 167 

dominant clinical pair. 168 

Discussion 169 

SpineFusion did not exceed the reported 97.63% MSNet or 98.15 ± 0.80% KhayyamNet accuracy 170 

on MSM [4, 5]. This result should be interpreted in light of method class and protocol rather than 171 

framed as a failed state-of-the-art claim. MSNet and KhayyamNet construct multiple frozen fea- 172 

ture spaces, select variables, and apply shallow classifiers or voting. SpineFusion is optimized 173 

end to end and selects its checkpoint with an inner validation set that is separate from the outer 174 

test fold. The comparison rows are therefore informative context, not a controlled head-to-head 175 

experiment. 176 

The ablation results temper the architectural claim. ConvNeXt-Tiny alone was already a strong 177 

local encoder, and fusion improved its mean accuracy by only 0.11 percentage points. In con- 178 

trast, the fused system exceeded Swin-T by 1.56 points, suggesting that the convolutional branch 179 

contributes the dominant discriminative representation on this slice-level spinal benchmark. The 180 

plane token added 0.44 points over the otherwise identical no-plane variant. Because these dif- 181 

ferences are small compared with cross-fold standard deviations and were not supported by a 182 

prespecified paired test, the evidence supports architectural feasibility, not confirmed superiority. 183 

The two secondary experiments demonstrate portability of the training recipe across brain and 184 

spinal images. BT-MS adds a binary brain MRI task with both axial and sagittal views, while 185 

MCND adds eight labels spanning neurodegeneration, tumors, MS, and Normal. However, each 186 

dataset was retrained independently, so the results do not show that learned features transfer be- 187 

tween institutions or diseases. A stronger generalization experiment would train on one source 188 

and evaluate, without retraining, on an independently collected source with harmonized labels 189 

and patient-level partitions. 190 

The 99.18% MCND accuracy warrants particular caution. The dataset aggregates images from 191 

multiple repositories, and class labels may correlate with source-specific acquisition, prepro- 192 

cessing, resolution, or background signatures. In addition, absent subject identifiers permit adja- 193 

cent slices from the same volume to enter different folds. Both effects can make image-level 194 

recognition substantially easier than diagnosis in a new patient. The Grad-CAM and hard-case 195 

figures provide a useful qualitative audit, but they cannot rule out reliance on confounding fea- 196 

tures. 197 
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Further limitations include the aspect-ratio plane heuristic for MSM, lack of MRI sequence 198 

metadata, single-slice processing without three-dimensional context, and Grad-CAM computed 199 

only from the local branch. No external clinical cohort, uncertainty calibration, reader study, or le- 200 

sion-level annotation was available. Future work should recover or construct subject identifiers, 201 

use grouped cross-validation, evaluate across scanners and centers, compare plane metadata 202 

with sequence-aware embeddings, and validate attention with segmentation or point annotations. 203 

Reporting parameter counts, FLOPs, calibration, and decision-curve utility would further clarify 204 

the practical trade-offs. 205 

In conclusion, this study introduced SpineFusion, an end-to-end MRI classifier that exchanges 206 

local ConvNeXt-Tiny and global Swin-T token information through bidirectional cross-attention 207 

and adds a learned axial/sagittal plane embedding before classification. Across three inde- 208 

pendently trained image-level 10-fold experiments, the method reached 95.34 ± 1.07% accuracy 209 

on the primary MSM spinal task, 97.78 ± 0.85% on BT-MS, and 99.18 ± 0.35% on MCND. On 210 

MSM, performance was close to the stronger ConvNeXt baseline and residual errors centered on 211 

MS versus Myelitis. The work establishes a reproducible fusion framework and an honest base- 212 

line for further investigation; patient-wise, multi-center validation is required before clinical inter- 213 

pretation. 214 

Methods 215 

Datasets 216 

Three public MRI collections were analyzed. They differ in anatomy, label taxonomy, and source 217 

organization and were never concatenated into one classifier. A fresh SpineFusion model was 218 

trained for each dataset (Figure 1). Dataset names were standardized as MSM (Dataset-1), BT- 219 

MS (Dataset-2), and MCND (Dataset-3). 220 
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 221 

Figure 1. Representative slices from the three datasets, trained and evaluated independently. (a) 222 

Dataset-1 (MSM): MS-Myelitis Spinal MRI, Healthy (1373), MS (667), and Myelitis (706). (b) Da- 223 

taset-2 (BT-MS): Burak Tasci MS Brain MRI, Healthy (2016) and MS (1411). (c) Dataset-3 224 

(MCND): eight neurological classes; one image per class is shown, with audited class counts in 225 

parentheses. 226 

Table 1. Audited dataset composition used in the experiments. 227 

Dataset Anatomy Classes (C) Images (N) Plane source 

MSM (Dataset-1) Spinal Healthy, MS, Myelitis (3) 2746 Aspect-ratio heuristic 

BT-MS (Dataset-2) Brain Healthy, MS (2) 3427 Filename: axial/sagittal 

MCND (Dataset-3) Brain 3 AD stages, 3 tumors, MS, Normal (8) 11,955 Heuristic; all axial in audit 

MSM folder counts were Healthy 1373, MS 667, and Myelitis 706. The MCND data card advertises 16,400 228 

images, whereas the downloaded and programmatically audited eight-folder copy used here contained 229 

11,955 readable images; all reported results use the audited copy. 230 

MSM originated from Firat University and was released with the MSNet study [4]; the public copy 231 

is hosted on Kaggle and is also cited by KhayyamNet [5]. The local manifest contained 1373 232 

Healthy, 667 MS, and 706 Myelitis images. Some secondary descriptions exchange the MS and 233 

Myelitis counts; this work follows the class-folder labels in the audited download. The filenames 234 

follow generic patterns such as '1 (n).jpg' and do not provide dependable subject identifiers. 235 

Plane labels were inferred from aspect ratio, with wide images treated as sagittal: 236 plane(I) = sagittal if W/H ≥ 1.35; axial otherwise                                      237 

(1) 238 
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The resulting MSM plane counts were 577 sagittal and 2169 axial images. The heuristic is an en- 239 

gineering approximation and is treated as a limitation rather than a radiological annotation. 240 

BT-MS is the public brain MRI dataset associated with ExMPLPQ [7]. Its source study reports 72 241 

participants with MS and 59 healthy participants, with 1652 axial and 1775 sagittal images. The 242 

audited class folders contained 2016 Healthy and 1411 MS images. Plane labels were parsed 243 

from the axial/sagittal filename structure. The experiment manifest did not include a validated 244 

subject-to-slice grouping map, so the present folds are image-level despite the subject counts re- 245 

ported by the source study. 246 

MCND is a Kaggle compilation of Alzheimer disease, brain-tumor, MS, and healthy MRI sources 247 

[8]. The audited working copy contained AD-MildDemented (1500), AD-ModerateDemented 248 

(1500), AD-VeryMildDemented (1500), BT-glioma (1620), BT-meningioma (1531), BT-pituitary 249 

(1740), MS (1405), and Normal (1159), for a total of 11,955 images. All were labeled axial by the 250 

pipeline's scan. Because MCND aggregates 2D images from several pre-existing repositories 251 

without a common subject identifier, its high slice-level scores should be interpreted cautiously. 252 

Preprocessing and augmentation 253 

Every image was converted to three channels and letterboxed to 224 × 224 pixels. Letterboxing 254 

preserves the native aspect ratio and adds zero-valued padding rather than cropping the anat- 255 

omy. Pixel values were scaled to [0, 1] and normalized with ImageNet channel statistics [15]: 256 x̂ = (x/255 − μ)/σ,  μ = (0.485, 0.456, 0.406),  σ = (0.229, 0.224, 0.225)          (2) 257 

 258 
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Figure 2. Preprocessing on Dataset-1 (MSM) slices. (a) The same sagittal MS slice at native res- 259 

olution, after 224 × 224 letterboxing, and after ImageNet normalization (display-stretched). (b) 260 

Training augmentations of the letterboxed slice: horizontal flip, affine rotation up to ±10 degrees 261 

with 5% translation and 0.9-1.1 scaling, and brightness/contrast jitter. (c) An axial MS slice, for 262 

which letterboxing pads the top and bottom. Evaluation uses letterboxing and normalization only. 263 

Vertical flip and RandomResizedCrop are disabled so that the cord remains in frame and plane 264 

identity is preserved. 265 

Training-only augmentation comprised horizontal flipping with probability 0.5, random affine trans- 266 

formation (rotation ±10 degrees, translation up to 5%, and scale 0.9-1.1), and ColorJitter with 267 

magnitude 0.15 for brightness and contrast. Vertical flipping and RandomResizedCrop were disa- 268 

bled. Mixup was configured with alpha = 0 in the reported runs. Validation and test images under- 269 

went only letterboxing and normalization. 270 

Evaluation protocol 271 

Each dataset was evaluated independently with stratified 10-fold cross-validation using seed 42 272 

(Figure 3). In each outer fold, approximately 10% of images formed the held-out test set. The re- 273 

maining images were divided again, with 10% used as an inner validation set and the balance 274 

used for training. Augmentation was applied only to training images. Validation macro-F1 con- 275 

trolled early stopping (patience 7; maximum 20 epochs), and the checkpoint with the best valida- 276 

tion macro-F1 was loaded before the test fold was evaluated once. 277 
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 278 

Figure 3. Independent evaluation protocol. (a) One stratified fold contains a class-stratified train- 279 

ing set, an inner validation set, and a held-out test set. Augmentation is applied only to training; 280 

early stopping monitors validation macro-F1; and the test fold is evaluated once. (b) The test 281 

block rotates over k = 1,...,10 while inner validation is drawn from the remaining images. (c) MSM, 282 

BT-MS, and MCND are never mixed, and model weights are not shared across datasets. Splitting 283 

is image-level, not patient-level. 284 

We report the mean and sample standard deviation across the ten held-out test folds for accu- 285 

racy, macro-precision, macro-recall, macro-F1, weighted F1, and macro-area under the receiver- 286 

operating-characteristic curve (macro-AUC). For multiclass tasks, AUC was calculated one-ver- 287 

sus-rest and macro-averaged. Per-class metrics were computed from each fold and then aver- 288 

aged. Cross-fold standard deviations describe protocol variability; they are not independent-pa- 289 

tient confidence intervals. No hypothesis test was prespecified for model superiority, so small dif- 290 

ferences are described relative to fold variability without claims of statistical significance. 291 
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SpineFusion architecture 292 

SpineFusion combines a convolutional local encoder, a shifted-window transformer global en- 293 

coder, bidirectional cross-attention, and a learned plane embedding (Figure 4). The output dimen- 294 

sion C is set to 3 for MSM, 2 for BT-MS, and 8 for MCND. The architecture is the same across 295 

tasks, but all weights are trained separately. 296 

 297 

Figure 4. SpineFusion architecture and fusion design. The upper diagram shows the local Con- 298 

vNeXt-Tiny and global Swin-T encoders, bidirectional cross-attention, learned plane embedding, 299 

and classification head. The lower diagram details the two cross-attention paths, residual normali- 300 

zation, pooled local and global vectors, and concatenation with the plane vector. 301 
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Encoders 302 

For input x in ܴ(஻×3×224×224), the ConvNeXt-Tiny branch [9] yields a 7 × 7 × 768 terminal feature 303 

volume. After channel normalization, spatial positions are flattened into ௟ܶ in ܴ(஻×49×768). Its con- 304 

volutional inductive bias is intended to preserve local plaque texture. The Swin-T branch [10] 305 

uses a 4 × 4 patch embedding and hierarchical shifted-window attention, also producing ௚ܶ in 306 ܴ(஻×49×768). It supplies broader cord or brain context. Separate linear maps project both token 307 

sets to the fusion width d = 256: 308 ܼ௟ = ௟ܶ ௟ܹ , ௚ܼ = ௚ܶ ௚ܹ , ௟ܹ , ௚ܹ ∈ ܴ(768×256)    (3) 309 

Bidirectional cross-attention 310 

The fusion block uses eight attention heads (head dimension 32). Scaled dot-product attention 311 

follows the standard transformer operator [11]: 312 ݊ݐݐܣ(ܳ, ,ܭ ܸ) =  313 (4)    ܸ(ℎ݀√/்ܭܳ)ݔܽ݉ݐ݂݋ݏ

Local queries attend to global keys and values, while global queries attend to local keys and val- 314 

ues. Each path then applies residual addition followed by layer normalization: 315 ܪ௟ = ௟ܼ]ܰܮ + ௟ܼ)ܣܪܯ , ௚ܼ , ௚ܼ)], ௚ܪ = ]ܰܮ ௚ܼ + )ܣܪܯ ௚ܼ, ܼ௟ , ܼ௟)]    (5) 316 

Global average pooling over the 49 positions produces ℎ௟ and ℎ௚ in ܴ256. This symmetric ex- 317 

change differs from simple feature concatenation because local and global tokens condition one 318 

another before spatial pooling. 319 

Plane embedding 320 

A trainable lookup E in ܴ(2×256) maps plane identity (0 = axial, 1 = sagittal) to p in R^256. For the 321 

no-plane ablation, p is replaced by the zero vector while the remainder of the architecture is un- 322 

changed. Plane identity is contextual metadata rather than a target and is not predicted by the 323 

model. 324 ݌ =  325 (6)    [݈݁݊ܽ݌]ܧ

Classification head 326 

The pooled vectors and plane embedding are concatenated and normalized. A two-layer multi- 327 

layer perceptron with GELU activation maps 768 features to 256 hidden units and then to C class 328 

logits. Dropout 0.3 is applied before each linear layer, and softmax converts logits to class proba- 329 

bilities: 330 ݑ = ;ℎ௟])ܰܮ ℎ௚; ,([݌ ݖ = )ܷܮܧܩ2ܹ ,(ݑ1ܹ ŷ =  331 (7)(ݖ)ݔܽ݉ݐ݂݋ݏ
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Loss and optimization 332 

Class weights were computed separately from the training partition of each fold using inverse fre- 333 

quency, ݓ௖ = -The implementation applies weighted, label-smoothed cross-entropy (ep .(௖݊ܥ)/ܰ 334 

silon = 0.05) and then a focal modulation with gamma = 1.5 [12]. For sample i, the operational 335 

loss can be summarized as: 336 ܮ = ௜(1ߑ(ܤ/1) −  ௜    (8) 337ܧܥ(௬೔)ݓఊ((௜,௬೔)݌

Optimization used AdamW [13] with learning rate 3 × 10^-5 and weight decay 0.05, cosine learn- 338 

ing-rate decay, and two warm-up epochs. During epoch 1 the pretrained encoders were frozen 339 

and only the fusion/head parameters were optimized; full fine-tuning followed. Batch size was 8 340 

with automatic mixed precision. Training stopped at 20 epochs or after seven epochs without im- 341 

provement in validation macro-F1. 342 

Baselines and ablation 343 

On MSM, four comparisons used the same preprocessing and fold protocol: DenseNet201, Con- 344 

vNeXt-Tiny, Swin-T, and SpineFusion without the plane embedding. DenseNet201 provides an 345 

end-to-end CNN reference related to one of the feature networks used by MSNet; ConvNeXt-Tiny 346 

and Swin-T isolate the local and global encoders; and the no-plane variant tests the incremental 347 

effect of orientation metadata. Reported MSNet and KhayyamNet results are included as litera- 348 

ture values, not reruns, because their code paths and validation procedures differ from ours. 349 

Explainability and error review 350 

Grad-CAM [14] was computed from the final ConvNeXt feature maps by differentiating the rele- 351 

vant class score, weighting activation channels by global-average-pooled gradients, applying a 352 

rectifier, and bilinearly upsampling the map to 224 × 224. Maps were overlaid on letterboxed input 353 

images. They are used only as qualitative indications of spatial sensitivity; no lesion masks were 354 

available, and therefore no localization accuracy is claimed. Representative correct predictions 355 

and recurring error pairs were selected from held-out folds for Figure 5. 356 
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or access to identifiable clinical records. 360 

Informed consent. Not applicable to this secondary analysis of public, de-identified datasets. 361 
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English-language drafting, document formatting, and consistency checks. The authors reviewed 364 

and edited the output and take full responsibility for the content of this publication. 365 



 

16 

Data availability 366 

Publicly available datasets were analyzed in this study. The MS–Myelitis Spinal MRI dataset is 367 

available at https://www.kaggle.com/datasets/turkertuncer/ms-myelitis; the Multiple Sclerosis 368 

Brain MRI dataset is available at https://www.kaggle.com/datasets/buraktaci/multiple-sclerosis; 369 

and the Multi-Class Neurological Disorder (MCND) dataset is available at 370 

https://www.kaggle.com/datasets/alifatahi/multi-class-neurological-disorder-mcnd-dataset. No 371 

new patient-level clinical data were generated in this study. 372 
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