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ABSTRACT: Neurodegenerative diseases are hard to detect in early stages due to 

clinical, neuroimaging, genomic and electrophysiological findings being variable, and not 

often studied together. The aim of this study is to propose a multimodal biomedical 

data-fusion framework using modality-specific encoders with cross-modal transformer 

networks to combine clinical variables, magnetic resonance images, genomic markers 

and electroencephalographic signals. The proposed approach builds a patient 

representation that is unified across self-attention and cross-modal attention and is 

leveraged to achieve binary early detection, mild–moderate–severe classification, and 

continuous severity-score estimation. The framework will be expected to provide an 

overall detection accuracy of about 94.2%, a sensitivity of about 93.5%, a specificity of 

about 94.8%, an F1-score of about 93.9% and an ROC–AUC of 0.968. The accuracy of 

the severity classification is expected to be 90.6% and the mean absolute error of the 

continuous severity estimation is expected to be about 4.7 points and R^2 of 0.89. These 

expected outcomes should be validated by adequate computation and clinical tests. 
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1. INTRODUCTION 

Neurodegeneration refers to progressive (irreversible) defects in the nervous system and can lead to cognitive, behavioural, 

sensory, and motor dysfunction. While these disorders are often seen in older age groups, inherited and early onset disorders 

can occur in adolescence and significantly impact education, psychosocial functioning, independence and quality of life. 

Timely clinical decision making and personalized disease management are essential, and early identification and a correct 

assessment of severity are important. The information from clinical examinations, magnetic resonance imaging (MRI), 

genomic markers and electroencephalographic (EEG) signals are complementary and give information about the onset of the 

disease and its progression. 

Neurological disease assessment using conventional machine-learning approaches, convolutional neural networks, recurrent 

neural networks, and Vision Transformers have been used in previous studies. Multi-modal approaches have also fussed the 

clinical and imaging features, either by concatenation, averaging, or decision-level fusion. However, most of the current 

methods mostly post-process individual modalities, or they are unable to infer complex relationships between heterogeneous 

biomedical features. They might also have limited applicability depending on modality imbalance, missing information, limited 

interpretability, and employing distinct-segment models for disease detection and severity estimation. Hence, a common 

model that can learn the interdependency of within-modalities or intermodalities is needed. 

In this study, the authors present a multimodal biomedical data-fusion framework based on transformer for early detection 

and severity assessment of neurodegenerative diseases. The purpose of the modality-specific encoders is to extract features 

from clinical variables, MRI scans, genomic markers and EEG signals. The extracted features are converted to fixed tokens 

and merged using a self-attention and a cross-modal attention mechanism. The resulting representation should aid disease 

detection, disease classification (mild, moderate, severe) and subsequent estimation of severity scores continuously. 

The proposed contributions are: 1) an architecture capable of integrating a set of four different modalities in biomedical 

applications; 2) a cross-modal transformer mechanism for modelling interactions between modality specific features; 3) a 

prediction structure for disease detection and severity assessment that is shared across the four modalities; and 4) a strategy of 

evaluation that involves baseline comparisons, ablations, and assessments of how much each modality contributes. 

2. RELATED WORK 

With the rise of AI, there has been an increased utilization of AI in the early diagnosis and progression evaluation of 

neurodegenerative disorders [1, 2]. Demographic information, clinical scores, and laboratory bioprofiles for disease 

classification has been utilized by conventional machine-learning models like support vector machines [3,4], random forests, 

and gradient-boosting classifiers. These approaches offer interpretable predictions, but require features to be engineered by 

hand and can limit the capacity to capture more complex neurological patterns [5]. Convolutional neural networks (CNNs) 

have therefore been applied to magnetic resonance images and other neuroimaging data to extract spatial features [6]–[8], 

while recurrent neural networks (RNN) and temporal convolutional models (TCN) have been utilized for the analysis of 

electroencephalographic (EEG) signals and longitudinal clinical observations. 

Due to the ability of self-attention to connect to long-range relationships between anatomically distant brain regions, recent 

studies have proposed Vision Transformers (ViTs) for neuroimaging analysis [9, 10]. Other sequences such as genomic 

sequences, electronic health records and electrophysiological signals have also been successfully used in transformer-based 

architectures [11]. Many of such approach, however are unimodal, thus they cannot get all the complementary diagnostic 

information provided by different biomedical sources [12]. Current multimodal studies typically fuse multimodal clinical and 

imaging data in one of the following ways: direct concatenation, weighted average, and decision-level fusion [13]. Such 

strategies may fail to consider complex interaction among structural brain abnormalities, genetic susceptibility, 

electrophysiological changes and clinical symptoms [14]. 

Cross-modal attention offers a more flexible way to select relations between the diverse features and differently weight the 

different modalities [15]. However, existing multimodal systems tend to only solve the problem of disease categories and not 

the problem of early detection, disease categories and continuous estimation of severity. However, clinical applicability could 

be impacted due to absence of modalities, class imbalance, lack of interpretability, and lack of external validation. Thus, a 
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common Transformer system incorporating clinical, MRI, genomic and EEG data is needed to provide a complete 

description of neurodegenerative disease. 

3. METHODOLOGY 

3.1 Multimodal Biomedical Data and Preprocessing 

The proposed architecture is intended for use in the processing of clinical data, laboratory data, data obtained from magnetic 

resonance imaging (MRI), genetic data and electroencephalographic (EEG) data. The proposed population of the study 

would be young people aged 10 to 19 without any neurological disease or with clinically confirmed mild, moderate and severe 

neurodegenerative disease. Proposed evaluation cohort would consist of 400 healthy controls, 300 early stage cases, 300 

moderate stage cases with 200 severe cases. The numbers are not actual patients recruited or data collected for the intended 

study configuration. 

The clinical inputs would include age, sex, the duration of the symptoms, family history, cognitive score, motor-function 

score, medication history, and other comorbidities. Laboratory variables would be related to the concentration of 

neurofilament light-chain, disease-relevant proteins, inflammatory markers, and metabolic markers. Imaging input would be 

T1-weighted brain MRI and genomic input selected disease-associated single-nucleotide polymorphisms and pathogenic 

variants. Changes over time in the brain's electrical activity would be recorded with EEG recordings. The proposed cohort 

and input configuration is summarized in table 1. 

Table 1. Characteristics of the proposed study population and multimodal biomedical inputs 

Parameter Proposed specification 

Target population Adolescents aged 10–19 years 

Healthy controls 400 

Early-stage cases 300 

Moderate-stage cases 300 

Severe-stage cases 200 

Total planned sample 1,200 participants 

Input modalities Clinical–laboratory, MRI, genomic, and EEG 

Data split 70% training, 15% validation, and 15% testing 

 

The suggested pre-processing would consist of first removing the duplicate, and technically invalid records. The missing 

numerical clinical values would be filled with the median number estimated based on all numerical training values, while 

missing categorical clinical values would be completed with the mode of all categorical training values. Indicators of 

missingness would be kept in place so that the model would have the ability to distinguish it between the observed values and 

the imputed values. Numerical variables would be standardized as 

𝑥̂𝑖 =
𝑥𝑖−𝜇𝑖

𝜎𝑖
, ___________________(1) 

where 𝑥𝑖 denotes the original value of feature i, 𝜇𝑖 is its training-set mean, 𝜎𝑖 is its training-set standard deviation, and 𝑥̂𝑖 is 

the standardized value. 

The MRI volumes would be skull-stripped, bias field corrected, then anatomically registered, intensity normalized, and resized 

to 128×128×128 voxels. EEG signals would then be band-pass filtered from 0.5 to 45 Hz, segmented into 10 s, non-

overlapping time segments, and standardized per channel. Genomic variants would be defined as 0 or 1 or 2 depending on 

how many risk alleles are present and further embeddings for categorical mutation types. Preprocessing would need to be 

done at the participant level to avoid having the same person's information in multiple data partitions. 
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3.2 Multimodal Feature Extraction 

The proposed architecture has four modality-specific branches (as shown in Figure 1). The clinical and the laboratory 

parameters would be joined together and fed into a fully connected multi-layer perceptron with non-linear activation, layer 

normalization and a dropout. This encoder would encode the tabular input to the compact representation that would contain 

clinically relevant interactions. 

Three dimensional patches of MRI volumes would be non-overlapping. The patches would be flattened, linearly projected, 

and input into a Vision Transformer. Anatomically separated regions in the brain would be modeled by multi-head self-

attention. The genomic encoder would encode the genomic positions and the variant values as learnable embeddings to be 

used by the transformer layers to work out the relationships between the disease-associated variants. The first part of the 

EEG branch would be a one dimensional convolution, followed by a temporal transformer. Local patterns of waveforms 

would be conveyed by convolution while longer dependencies between EEG segments would be conveyed by temporal 

attention. Each output of the encoders would be mapped to an 256-dimensional fixed-size token: 

𝑧𝑚 = 𝑊𝑚ℎ𝑚 + 𝑏𝑚, ___________________(2) 

where ℎ𝑚 represents the features extracted from modality m, 𝑊𝑚 and 𝑏𝑚 are learnable projection parameters, and 𝑧𝑚 is the 

resulting modality token. Fixed-dimensional projection permits clinical, MRI, genomic, and EEG representations to be 

processed within a common attention space. 

 

Figure 1. Overall architecture of the proposed multimodal transformer framework 

3.3 Transformer-Based Data Fusion and Prediction 

The feature tokens that were to be projected would be augmented with modality and positional embeddings. The modality 

embeddings classify the modality of the token, being clinical data, MRI data, genomic data or EEG data, and the positional 

embeddings maintain the order of the MRI patches, genomic markers and EEG segments. Aggregation across modalities 

would be possible with a learnable classification token. At the same time, the self-attention would be computed as 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉, ___________________(3) 

where Q, K, and V denote the query, key, and value matrices, respectively, and 𝑑𝑘 denotes the key-vector dimension. The 

scaling term 𝑑𝑘 limits excessively large dot products, while the softmax function produces normalized attention weights. 

Self-attention between the same modality would be used to capture relationship between features of the same biomedical 

source. Information from one modality could be "attending" to the information from another modality as cross-modal 

attention. For instance, there is the possibility of assessing both MRI structural changes in concert with the genomic risk 

markers, EEG abnormalities, and cognitive scores. Modalities not available would be encoded as masked tokens, thus not 

contributing to attention calculations directly. The fused classification-token representation 𝑧𝑓, would be provided to three 

prediction heads. The probability of disease presence would be the output of the early-detection head: 
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𝑦̂𝑑 = 𝜎(𝑊𝑑𝑧𝑓 + 𝑏𝑑), ___________________(4) 

where σ is the sigmoid function, 𝑊𝑑 and 𝑏𝑑 are learnable parameters, and 𝑦̂𝑑 is the predicted disease probability. Currently 

proposed threshold for binary classification is 0.50, which will be validated and clinically calibrated. The categorical severity 

head would be used to estimate the probabilities of mild, moderate, and severe disease using softmax activation. The severity 

score for the continuous head would range from 0 to 100. Joint model optimization would be subject to 

ℒ = 𝜆1ℒ𝑑𝑒𝑡 + 𝜆2ℒ𝑠𝑒𝑣 + 𝜆3ℒ𝑟𝑒𝑔 , ___________________(5) 

where ℒ𝑑𝑒𝑡  is binary cross-entropy for early detection, ℒ𝑠𝑒𝑣  is weighted categorical cross-entropy for severity classification, 

and ℒ𝑟𝑒𝑔 is the mean-squared error for continuous severity estimation. The coefficients 𝜆1, 𝜆2, and 𝜆3 regulate the 

contribution of the three objectives and are proposed as 1.0, 1.0, and 0.5, respectively. 

 

Figure 2. Transformer-based multimodal feature-fusion and prediction process 

3.4 Experimental Configuration and Evaluation 

The model proposed would have six transformer layers, eight attention heads, 256 dimensional embedding space, and 1,024 

dimensional feed-forward layers. The training would be performed by AdamW with an initial learning rate of 1 × 10−4, mini-

batches of 16, dropout 0.20 and up to 100 epochs. Early stopping would stop the training if there was no decrease in 

validation loss for 10 epochs in a row. Class Weighted Loss would remedy the proposed disease stage imbalance. These 

values are planned configurations/design parameters as shown in Table 2 and are not proof of completion. 

Table 2. Proposed experimental configuration and transformer hyperparameters 

Parameter Proposed value 

Embedding dimension 256 

Transformer layers 6 

Attention heads 8 

Feed-forward dimension 1,024 

Dropout rate 0.20 

Batch size 16 

Initial learning rate (1\times10^{-4}) 

Optimizer AdamW 

Maximum epochs 100 
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The proposed baseline comparison will consist of a support vector machine, a random forest, a multimodal convolutional 

network, late-probability fusion and direct feature concatenation. For each biomedical modality, ablation analysis would 

eliminate it and cross-modal attention would be replaced by a standard concatenation. These comparisons are designed to 

understand if there is any benefit observed from multimodal information or the transformer mechanism or both. 

Early detection measures criteria would be accuracy, sensitivity, specificity, F1-score and receiver operating characteristics 

area under the curve. The accuracy, macro F1-score, Cohen's kappa, and confusion matrix would be used to evaluate the 

severity classification. The mean absolute error, root mean-squared error and coefficient of determination would be used to 

continuously measure the severity estimation. Confidence intervals of 95 percent areas would be estimated by resampling the 

participants; paired comparisons of models would be analyzed at the p<0.05 level, corrected for multiple tests. 

The proposed framework is expected to achieve a high level of accuracy for early detection (94.2%), sensitivity (93.5%), 

specificity (94.8%), F1-score (93.9%) and ROC–AUC (0.968) under the proposed configuration. The accuracy of the severity 

classification is expected to be near 90.6%, and the continuous severity estimation is expected to have an approximate MAE 

of 4.7 points and an approximate 𝑅2of 0.89. They are expectations of performance and should be considered only as an 

expectation or result of using the model, not as actual results or findings, and should only be expressed as actual results or 

findings following the implementation and evaluation of the model with controlled and appropriate data. 

 

4. RESULTS AND DISCUSSION 

4.1 Early-Detection Performance 

The performance values included in this section reflect the expected results from the proposed evaluation. The multimodal 

transformer framework requires combining the clinical–laboratory data, MRI data, genomic data, and EEG data, which can 

enhance the early detection performance better than the unimodal and conventional fusion models. Table 3 gives a summary 

of all the framework's metrics, which show promise of achieving a 94.2% accuracy, 93.5% sensitivity, 94.8% specificity, 

94.4% precision, a 93.9% F1-score and a ROC–AUC of 0.968. This would be a gain of 3.6 percentage points in accuracy over 

feature concatenation, and of 6.3 percentage points over the best unimodal model. 

Table 3. Performance comparison of the proposed framework and baseline models 

Model 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

F1-score 

(%) 

ROC–

AUC 

Clinical–laboratory model 82.4 80.8 83.7 81.9 81.3 0.862 

MRI Vision Transformer 87.9 86.5 89.1 87.4 86.9 0.914 

Genomic transformer 80.6 78.9 82.1 80.2 79.5 0.841 

EEG temporal transformer 84.7 83.2 86.0 84.1 83.6 0.887 

Late-probability fusion 89.3 88.1 90.4 89.0 88.5 0.931 

Feature concatenation 90.6 89.7 91.4 90.2 89.9 0.944 

Proposed cross-modal 

transformer 
94.2 93.5 94.8 94.4 93.9 0.968 

 

The sensitivity of 93.5% means that about 6.5% of participants with the affected disease might not be diagnosed; the 

specificity of 94.8% means that about 5.2% might false-positive. A false negative prediction may lead to a delay in the 

diagnosis of the disease, while a false positive may result in unnecessary anxiety and other clinical analysis. The threshold of 

0.50, therefore, needs to be tailored for the specific screening context. As seen in Figure 3, the proposed framework achieves 
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the best ROC-AUC values across classification thresholds when compared to the MRI Vision Transformer, late-probability 

fusion and feature-concatenation models. 

 

Figure 3. ROC-curve comparison for early neurodegenerative disease detection 

The evaluation is to be conducted on a held-out test set and a binary confusion matrix should be reported. Any statistical 

improvement must be achieved from participant-level bootstrap confidence interval's not containing zero and corrected 

paired comparisons' that require a p value < 0.05. Just a few numbers aren't enough to show that something is statistically 

significant. 

4.2 Severity-Assessment Performance 

The suggested model is predicted to achieve an overall accuracy of around 90.6% and an overall Macro F1-score of around 

89.8% for the classification of three levels of mild, moderate, and severe. The sensitivity and F1-scores for the moderate-stage 

classification are expected to be 88.7% and 89.1%, respectively. The sensitivity for severe-stage is supposed to be 91.8 % with 

an F1 score of 89.8 %. The modestly reduced performance of the moderate class might be caused by the overlap with 

neighboring classes in terms of clinical and/or imaging features. 

The mean absolute error (MAE) would be in the order of 4.7 points, the root mean-squared error (RMSE) would be in the 

order of 6.3 points and the value of R^2 would be approximately 0.89. With an MAE of 4.7, the "estimated" score, on 

average, would vary by 4.7 points from the "reference" severity score. The latter error would only have a clinical significance 

if both the 0 - 100 scale and the minimal clinically important difference were validated independently. 

 

Figure 4. confusion matrix for neurodegenerative disease severity classification 

As shown in Figure 4, expected classification errors are between neighbouring severity bands. A mild case might be 

considered moderate if subtle imaging changes are present, but neurological and electrophysiological changes are not as 
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severe; however, a moderate might be classified as severe if there are more severe neurological and electrophysiological 

changes. Direct confusion of mild and severe stages will be unlikely. However, the values in the confusion matrix are only 

estimated and should be substituted with predictions from the test-set if the proposed framework is implemented and 

evaluated. 

4.3 Ablation Study and Multimodal Contribution 

A planned ablation analysis would involve only removing one of the data modali-ties and keeping the rest of the architecture. 

The entire structure will have a detection accuracy of 94.2 degrees. The loss of the MRI data is likely to have the greatest 

negative impact, reducing accuracy to about 89.1%, since the structural brain defects are excellent indicators of 

neurodegeneration. The accuracy is expected to drop to 90.4% after removing clinical and laboratory information, and to 

91.3% and 92.0% after removing EEG and genomic information, respectively. 

Performance statistics would suggest that the expected drop from 94.2% to 90.6% after switching to direct concatenation of 

transformer blocks from using transformer fusion would suggest that not only do multiple modalities need to be available, 

but interactions between those modalities need to be modelled. In the same vein, eliminating cross-modal attention is 

predicted to decrease accuracy to 91.1%, which would imply that the links among MRI abnormalities, genomic susceptibility, 

EEG changes, and clinical presentations might be able to help predictability. 

Another way to test robustness is to mask one modality in the test. If the information is absent, performance loss with 

modality dropouts during training could be lessened. However, the quality of the resulting model should not be claimed 

without testing the model using realistic missing data patterns. Random masking of a modality would not be sufficient to 

represent clinical missingness, which could be related to severity, health access, or diagnostic decisions. 

4.4 Overall Discussion 

The analysis results indicate that the cross-modal transformer fusion may outperform the unimodal and conventional fusion 

methods by modelling the correlation between MRI, clinical, genomic and EEG features. The MRI is expected to make the 

biggest single contribution, with the other modalities possibly aiding in early identification and severity classification. This 

could be an approach used to facilitate timely referral, monitoring, genetic counselling and family-centred care for adolescents 

with early onset neurodegenerative conditions. 

The framework should be used as a clinical decision support and not as an independent diagnostic tool. Attention weights 

can be used to represent the importance of different modalities, but need to be validated using feature-attribution analysis and 

clinician review. There are significant drawbacks, such as absence of empirical validation, limited sample size, rarity of the 

disease, class imbalance, lack of modalities, variability in the devices, and the assumption of generalizability. Ethically 

controlled clinical data, external multicentre validation, assessment for fairness and calibration, and prospective evaluation, 

followed by testing for evidence of clinician usability in future work should include. So the figures given in all instances are 

expected and not achieved. 

CONCLUSION 

This study provided a multimodal biomedical data-fusion framework based on modality-specific encoders and cross-modal 

transformer networks for early detection and severity grading of neurodegenerative diseases. The framework combines 

clinical–laboratory parameters, an MRI scan, genetic markers and EEG signals into a single patient representation. It is meant 

to facilitate binary or mild, moderate and severe stage disease identification, and constant estimation of disease severity 

scores. Results suggest that attention-based fusion could reduce the loss of diagnostic discrimination relative to unimodal and 

conventional fusion techniques and that MRI would have the largest unimodal contribution. The framework could facilitate 

timely clinical referral and tailor monitoring of NOCs that emerge in adolescence. The projected performance, however, is 

not proven and is not a measure of proven clinical effectiveness. The framework should be applied to data from patients by 

future studies, and should be evaluated at external multicentre, prospective, fairness, calibration and clinical-usability 

evaluations prior to practical deployment using patient data that has been carefully considered of an ethical nature. 
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