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Abstract 

The initial diagnosis of people with Mild Cognitive impairment (MCI) who are going to develop Alzheimer Disease 
(AD) is a significant issue in dementia treatment. Existing predictive technologies typically rely on invasive or costly 
biomarkers, which restricts their widespread clinical application. This paper presents a tested, low cost, 
computational model of MCI-to-AD conversion, three years to the future, based on data collected routinely. Multi-
modal deep learning architecture was designed and it synergistically used structural T1-weighted Magnetic 
Resonance Imaging (MRI), longitudinal cognitive scores (MMSE, CDR) and basic demographics of the OASIS-3 data. 
Strict testing with a 10-fold stratified cross-validation procedure showed a mean predictive accuracy of 97.1%±1.2% 
and Area Under the Curve (AUC) of 0.98. The effectiveness of the model was validated by its ability to perform 
successfully on an external dataset which was not re-trained. Ablation experiments were used to measure the 
important predictive value of each of the data modalities, and fairness assessment was used to find equal 
performance between different demographic subgroups. These results demonstrate that a simple data solution 
can be used to reach the state of art in AD prediction and provides a possible avenue to creating accessible, scalable, 
and low-cost decision support solutions to support early risk stratification in a clinical environment.  

Keywords: Alzheimer's Disease, Mild Cognitive Impairment, Machine Learning, Deep Learning, Predictive Model, 
Neuroimaging, Multi-modal Fusion. 

 

1. Introduction 
Alzheimer's Disease (AD) is currently one of the most serious public health emergencies in the world, since the number 
of people suffering from it continues to rise steadily. This is a disease characterized by very gradual onset, and it begins 
to develop many years before the onset of clinical symptoms of dementia, imposing an enormous burden both 
financially and emotionally. MCI, a prodromal condition for Alzheimer's Disease, represents a crucial point for 
therapeutic intervention, as interventions may have the possibility of altering the progression of the illness. However, 
the basic clinical problem is that the progression from MCI to AD is by no means inevitable, since there is wide variability 
among individuals. This diversity emphasizes the paramount significance of accurate, precise and swift means of 
assessing who stands the highest probability of developing this condition, thus ensuring provision of appropriate 
healthcare services to those who need it most. 

Currently, the most reliable evidence in diagnosing Alzheimer's disease comes from the use of high-tech biological 
markers that involve analysis of cerebrospinal fluid (CSF) or PET scans for amyloid and tau plaques. Despite the 
effectiveness of this method, its usefulness is significantly hampered because of practical reasons. This procedure 
involves invasive techniques, high costs, and requires expensive equipment, which is lacking in most healthcare settings. 
This becomes an issue that poses a huge gap in the availability of diagnosis, and a very wide distance that exists between 
the abilities and opportunities offered by research institutions and facilities that are well-endowed and the reality of 
clinical practice. Patients in the poorly endowed areas, hence, lack the benefits of early diagnosis through risk 
stratification; thereby, diminishing any chance for early intervention. 

This study seeks to fill this gap by investigating the potential prediction capacity in affordable and accessible clinical 
data. The key hypothesis underlying this research is that by using a computational model that processes Structural MRI, 
Longitudinal Cognitive Measures and Demographics, one can come up with as accurate results as those obtained from 
a lot more expensive technique. Rather than trying to enrich the data, the framework willingly opts for the minimalistic 
approach, relying only on T1 MRI images, serial cognitive measures, including MMSE and CDR, and demographics 
recorded in routine practice. Such minimalistic approach towards data collection was not imposed, but rather chosen 
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as a means of developing a truly usable system. 

Apart from predicting accuracy, robustness and generalization become two additional properties essential to the 
framework. In order to ensure stringent cross-validation of the model and its testing against an external data set, the 
model will be assessed using an external and independent data set to confirm that its performance is founded on 
generalizability rather than being biased towards the particular population used. The question of equity is equally 
important. Predictive models which work well overall but serve the patients of a particular demographic (age, gender, 
education level) poorly, this would contribute to the further widening of the disparities in their favour. Present research 
framework, its performance will be evaluated within a subset of demographic groups in order to eliminate any kind of 
discrimination. Proposed architecture based predictive tool will be developed and implemented following the principle 
of transparency and reproducibility. The results of architectural, training and performance studies as well as their 
general conclusions will be made public to allow other researchers to review, generalize and expand on them. 

In summary, the present paper offers a description and substantiates the proposed machine-learning framework which, 
with proper implementation, could allow for precise prediction of the risk of AD conversion within three years based on 
the available clinical data. This would provide for the new level of precision-based equitable risk stratification which 
does not require any specific equipment and does not involve any invasive methods. 

2. Related Work 

Prediction of the progression of the Alzheimer Disease (AD) has been an issue of focus in neuroimaging and clinical 
studies over a number of decades. The utility of biomarkers derived using Positron Emission Tomography (PET) with 
amyloid-β and tau pathologies [1-4] and by using cerebrospinal fluid (CSF) was established as seminal work. These 
techniques are characterized by high levels of diagnostic certitude and are limited by high costs, reduced accessibility 
and invasiveness, making them difficult to apply at large-scale, routine screening. This gap in implementation has 
precipitated a shift towards computational models that make use of more easily obtained clinical data. 

Early machine learning-based AD prognostication algorithms put a significant emphasis on structural Magnetic 
Resonance Imaging (sMRI). Support Vector Machines (SVMs) and Random Forests were successfully used on anatomical 
features based on sMRI such as hippocampal volume and cortical thickness measurements to classify people with Mild 
Cognitive Impairment (MCI) who were at risk of progressing to AD [10-13]. Although these models were successful, they 
tended to rely on complex, manually-crafted feature engineering pipelines that were susceptible to preprocessing 
variation and may not fully represent subtle, distributed patterns of neuroanatomical change. 

The introduction of deep learning, and in particular Convolutional Neural Networks (CNNs) was a major methodological 
change. CNNs made the process of end-to-end learning directly from raw or minimally processed neuroimaging data 
less reliant on explicit feature design and often performed better on classification tasks [16-19]. Further studies showed 
the benefits of multi-modal architectures, which combine imaging data with other clinical data. CNNs have been 
combined with recurrent neural networks (RNNs) to analyze longitudinal data (cognitive test scores) through 
architectures that can fuse spatial image analysis with longitudinal analysis capabilities, showing improved predictive 
accuracy [20-22]. However, numerous modern state-of-the-art models still uses information based on specialized MRI 
sequences or they still need PET scans, thus maintaining the fundamental issue of accessibility. 

There is still an obvious research gap in the models that are not only highly accurate but clearly designed to run on low-
cost, minimalist data inputs. The creation of structures that can deliver the highest possible performance with minimal 
data inputs in the form of ubiquitous data points commonly referred to as T1-weighted MRI and typical cognitive scores 
is a key challenge toward transforming AI-based diagnostics into a regular part of clinical practice. 

3. System Methodology 

The proposed framework is a multi-modal deep learning framework that is designed to harmoniously combine the 
characteristics of three heterogeneous data streams: structural Magnetic Resonance Imaging (MRI), longitudinal 
cognitive assessments, and baseline demographic variables. The target population is the forecasting of conversion of 
Mild Cognitive Impairment (MCI) to clinical Alzheimer Disease (AD) over a specified time period (three years). Figure 3.1 
gives a schematic description of the proposed multi-modal deep learning architecture, which is created to incorporate 
heterogeneous data sources to predict Alzheimer Disease (AD) conversion. 

There are three input streams in the architecture, each represented on the left. To begin with, T1-weighted MRI images 
are very detailed in terms of neuroanatomy. Second, longitudinal cognitive scores provide a temporal view of a cognitive 
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trajectory of a patient. Third, demographic data are crucial to offer patient context. The feature extraction modules are 
specific to each data modality and process each data modality. The MRI data of high dimension is inputted to a 3D Vision 
Transformer (ViT) that is designed to learn the intricate spatial patterns and long-range associations within the brain 
volume. At the same time, a Gated Recurrent Unit (GRU), a form of recurrent neural network, processes the longitudinal 
cognitive scores, and is capable of modeling sequential data and temporal dynamics. 

The ViT and GRU extracted feature vectors, together with the demographic features are then combined with a Multi-
Head Attention Fusion mechanism. The information in all three sources is fused together in a synergetic manner in this 
module, with the relative significance of each modality, to produce a detailed, combined, representation of the state of 
the patient. This fused feature vector is then fed to a Multi-Layer Perceptron (MLP) classifier. This thick neural network 
estimates the ultimate result: the likelihood that someone with Mild Cognitive Impairment will become Alzheimer 
Disease over the given time period. 

 

Fig. 3.1 System Methodology 

3.1 Data Representation and Input Formulation 
Let the dataset for a single subject i be represented as a tuple 𝒟 = (Xmri

(i), Xcog
(i), Xdem

(i), y(i)), where y(i) ∈ {0, 1} is the 
binary label indicating non-conversion or conversion, respectively. 

3.1.1 Structural MRI Data 
The T1-weighted MRI scan for subject i is a 3D volumetric tensor Xmri

(i) ∈ ℝD×H×W×C, where D, H, W are the spatial 
dimensions and C is the number of channels (here, C = 1). 

3.1.2 Longitudinal Cognitive Data 
The longitudinal data consists of a time-series of Fcog cognitive scores (e.g., MMSE, CDR) over T visits. This is 
represented as a sequence Xcog

(i) = (c1, c2, …, cT), where each ct ∈ ℝF_cog. 

3.1.3 Demographic Data 
The baseline demographic information (age, sex, education level) is encoded as a feature vector Xdem

(i) ∈ ℝF_dem. 

3.2 Model Architecture 
The architecture comprises three specialized feature extraction modules whose outputs are fused via an attention-
based mechanism before final classification. 

3.2.1 3D Vision Transformer for MRI Feature Extraction 
To capture long-range spatial dependencies within the volumetric brain data, a 3D Vision Transformer (ViT) architecture 
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is employed. This approach moves beyond the local receptive fields of CNNs to model global contextual relationships 
between different brain regions. 

(a) Patching and Embedding: 

The input MRI volume Xmri ∈ ℝD×H×W×C is partitioned into a sequence of N non-overlapping 3D patches (tubes) {p1, p2, …, 
pN}, where each patch pj ∈ ℝP×P×P×C and N = (D·H·W)/P3. These patches are flattened into vectors p̃j ∈ ℝP^3·C. Each 
flattened patch is then linearly projected into a dmodel-dimensional embedding space using a learned projection matrix 
E ∈ ℝ(P^3·C)×d_model. 

(b) Tokenization and Positional Encoding: 

A learnable classification token, zcls ∈ ℝd_model, is prepended to the sequence of patch embeddings. To retain spatial 
information, learnable 1D positional embeddings, Epos ∈ ℝ(N+1)×d_model, are added to the patch embeddings. The input to 
the Transformer Encoder is the sequence z0: 

z0 = [zcls; E p̃1; E p̃2; …; E p̃N] + Epos 

(c) Transformer Encoder: 

The core of the ViT is a stack of L identical Transformer Encoder layers. Each layer l updates the sequence representation 
based on two sub-layers: Multi-Head Self-Attention (MSA) and a feed-forward Multi-Layer Perceptron (MLP). Layer 
Normalization (LN) and residual connections are applied. 

z′l = MSA(LN(zl−1)) + zl−1 

zl = MLP(LN(z′l)) + z′l 

where l = 1, …, L. The MLP consists of two linear layers with a GELU activation function. The MSA mechanism allows the 
model to weigh the importance of all other patches when representing a given patch. After passing through all L layers, 
the final state of the classification token, zL

0, is extracted as the comprehensive feature representation of the MRI scan, 
fmri ∈ ℝd_model. 

3.2.2 Gated Recurrent Unit for Longitudinal Feature Extraction 
To model the temporal dependencies within the cognitive score sequences, a Gated Recurrent Unit (GRU) network is 
utilized. The state transitions of the GRU at each time step t are governed by the following equations: 

zt = σg(Wz ct + Uz ht−1 + bz) 

rt = σg(Wr ct + Ur ht−1 + br) 

h̃t = σh(Wh ct + Uh (rt ⊙ ht−1) + bh) 

ht = (1 − zt) ⊙ ht−1 + zt ⊙ h̃t 

where zt is the update gate, rt is the reset gate, and σg is the sigmoid function. The output is the final hidden state, fcog = 
hT ∈ ℝd_cog. 

3.2.3 Multi-Head Attention Fusion 
The feature vectors fmri, fcog, and the demographic vector Xdem are treated as a sequence of modality-specific tokens, S 
= [fmri, fcog, Xdem]. A multi-head attention mechanism fuses these tokens. For a single attention head: 

Attention(Q, K, V) = softmax( QKT / √dk ) V 

where Queries Q = S WQ, Keys K = S WK, and Values V = S WV are projections of the input sequence S. The final fused 
vector is obtained by concatenating the outputs of Nh heads: 

ffused = Concat(head1, …, headN_h) WO 

3.2.4 Classification and Objective Function 
The fused feature vector ffused is passed through a final MLP with a sigmoid activation function to yield the prediction 
probability: 

ŷ = σ(Wout ffused + bout) 
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The model is trained by minimizing the regularized binary cross-entropy loss function ℒ(θ): 

ℒ(θ) = −(1/N) Σi=1
N [ y(i) log ŷ(i) + (1 − y(i)) log(1 − ŷ(i)) ] + λ‖θ‖2

2 

where λ is the L2 regularization hyperparameter and θ represents all learnable model parameters. 

4. Data Processing and Formulation 

The current research is conducted on a sample from the Open Access Series of Imaging Studies – OASIS-3 neuroimaging 
repository. The considered cohort consists of people with initially diagnosed MCI. The main goal of the prediction 
process is the binary classification whether MCI will develop into Alzheimer's disease over a period of 36 months of 
monitoring. The following multimodal data was extracted from the sample – baseline T1-weighted MRI scans, baseline 
demographic information (age, sex, and years of education) and longitudinal cognitive measurements (Mini-Mental 
State Examination and Clinical Dementia Rating). 

Processing of the raw clinical data is similar to obtaining aviation fuel from crude oil. Raw data contains a lot of potential 
but needs proper filtration to become an efficient engine fuel for a complex aircraft. Both imaging and clinical data 
streams need specific standardization for optimizing neural networks in the most effective way. T1-weighted MRI 
volumes are processed using standardized neuroimaging pipeline. The first stage includes skull stripping for isolating 
the brain volume. After that MRI volumes are normalized spatially by affine transformation to the MNI152 anatomical 
template. Voxel intensities in volumes are z-score standardized to reduce scanning variability. Three-dimensional MRI 
volumes are further split into uniform non-overlapping image patches for input into Vision Transformer architecture. 

Sequential cognitive measures have uneven sampling intervals and missing values due to missed clinical visits. To fill the 
temporal gaps forward-filling and nearest-neighbors imputation strategies are used. All continuous variables (cognitive 
and demographic) are scaled to zero-to-one interval in order to avoid large magnitude features to overpower gradient 
updates. Categorical variables are encoded using one-hot encoding. In order to balance between MCI stable patients 
and MCI converters class distribution SMOTE (Synthetic Minority Over-sampling Technique) augmentation strategy is 
used during train split. 

4.1 Problem Formulation: A Probabilistic Inference Task 
Let (𝒮, Σ, ℙ) be a probability space where 𝒮 represents the sample space of all subjects. The objective is to construct a 
model that approximates the conditional probability of disease conversion, Y ∈ {0, 1}, given a set of multi-modal 
observations. We define the input data for a subject as a realization of a set of random variables: 

• An imaging variable Xmri, whose realization is a scalar field I: Ω → ℝ representing the MRI intensity over a compact 
spatial domain Ω ⊂ ℝ3. 

• A longitudinal cognitive variable Xcog, whose realization is a multivariate stochastic process {c(t)}t∈T indexed by a 
discrete time set T ⊂ ℝ+

0. 
• A demographic vector Xdem ∈ ℝF_dem. 

The problem is to learn a function 

𝒢: ( C(Ω), {ℝF_cog}t∈T, ℝF_dem ) → [0, 1] 

that estimates the posterior probability P(Y = 1 | I, {c(t)}, Xdem). 

4.2 Model Architecture: A Composition of Functional Operators 
The function 𝒢 is parameterized by a deep neural architecture composed of three primary operators: a neuro-functional 
transformer for imaging data, a stochastic process model for longitudinal data, and an information-theoretic fusion 
module. 

4.3 Neuro-Functional Vision Transformer Operator 
The feature extraction from the MRI intensity field I(x) is modeled as learning a functional operator ℱmri: C(Ω) → ℝd_model. 
This is implemented via a 3D Vision Transformer. 

4.3.1 Domain Partitioning and Discretization: 
The continuous spatial domain Ω is partitioned into N disjoint sub-domains, Ω = ⊔j=1

N Ωj. The information within each 
sub-domain is projected into an embedding space via a set of learnable kernel functions {Kj : Ωj → ℝd_model}j=1

N. The 
embedding for the j-th sub-domain is the integral transform: 

ej = ∫Ω_j Kj(x) I(x) dx 
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In practice, this integral is approximated by a linear projection E applied to the flattened patch vector p̃j. A learnable 
class token zcls and positional encodings Epos are added, forming the input sequence z0 = [zcls; e1; …; eN] + Epos. 

4.3.2 Hierarchical Attention as a Graph-Theoretic Operator: 
The Transformer Encoder refines these embeddings. Each layer can be viewed as an operator on a fully connected graph 
where nodes are patch embeddings. The Multi-Head Self-Attention (MSA) mechanism at layer l is defined through 
tensor contractions. Let the input be zl−1 ∈ ℝ(N+1)×d_model. The queries (Q), keys (K), and values (V) for head i are tensors 
derived via projection matrices Wi

Q, Wi
K, Wi

V ∈ ℝd_model×d_k. The attention score matrix Ai ∈ ℝ(N+1)×(N+1) is computed as: 

(Ai)jk = (1/√dk) Σα=1
d_k (zl−1)jβ (Wi

Q)βα · (zl−1)kγ (Wi
K)γα 

where Einstein summation notation is implied over repeated indices β, γ. The output of the head is the product of the 
softmax-normalized attention scores and the values: 

(headi)j = Σk=1
N+1 [ exp((Ai)jk) / Σm=1

N+1 exp((Ai)jm) ] ( Σδ=1
d_model (zl−1)kδ (Wi

V)δ· ) 

The final MRI representation fmri is the state of the class token after L such layers. 

4.4 Stochastic Differential Equation Model for Cognitive Trajectories 
The discrete GRU is conceptualized as the Euler-Maruyama discretization of a continuous-time stochastic differential 
equation (SDE) governing the evolution of the latent cognitive state h(t) ∈ ℝd_cog. The SDE is defined as: 

dh(t) = μ(h(t), c(t)) dt + Σ(h(t), c(t)) dWt 

where Wt is a standard Wiener process, μ is the drift function, and Σ is the diffusion matrix. The drift function μ is 
parameterized by the GRU gating mechanism to capture the deterministic evolution: 

μ(h, c) = z(h, c) ⊙ tanh( Wh c + Uh (r(h, c) ⊙ h) ) − z(h, c) ⊙ h 

where z(·) and r(·) are the continuous analogues of the GRU update and reset gates. The diffusion term Σ dWt models 
the inherent stochasticity in cognitive decline. The feature vector fcog is the solution h(Tf) at the final time point Tf. 

4.5 Information-Theoretic Fusion and Bayesian Classification 
The modality-specific feature vectors {fmri, fcog, Xdem} are fused by an operator designed to maximize the mutual 
information between the fused representation ffused and the true label Y. The final classification is framed within a 
Bayesian context. The model output ŷ is an estimate of the posterior probability p(Y = 1 | ffused; θ), modeled as a Bernoulli 
trial. 

p(Y = y | ffused; θ) = σ(Wout ffused + bout)y · (1 − σ(Wout ffused + bout))1−y 

The model parameters θ are learned by maximizing the log-likelihood of the data, which is equivalent to minimizing the 
negative log-likelihood, i.e., the binary cross-entropy loss, with an added regularization term ℛ(θ) corresponding to a 
prior on the weights (e.g., a Gaussian prior leading to L2 regularization). 

minθ [ − Σi=1
N_batch log p(y(i) | ffused

(i); θ) ] + ℛ(θ) 

5. System Implementation 
 
5.1 Computational Environment and Frameworks 
The system's implementation had been achieved in a high performance computing environment. The main algorithmic 
elements were written in Python 3.9, and the PyTorch 1.12 library was the main deep learning library in terms of its 
dynamic computational graph functionality. Model training and inference were run faster on a distributed cluster of 
NVIDIA A100 Tensor Cores, connected with NVLink. The computational results were fully reproducible with the help of 
a Docker container containing the software environment that uses CUDA 11.3. 

5.2 Model Instantiation and Optimization 
The training process is captured as a search of an optimal point in a complex parameter space. Suppose the model 
parameters are θ ∈ Θ ⊂ ℝP. The identification of the best hyperparameters is modeled as a walk on a hyperparameter 
space ℋ which is a Cartesian product of the space of learning rate, batch size, regularization coefficients, and 
architectural decisions: number of attention heads Nh, number of Transformer layers L. The goal is to determine the 
best parameters θ* which are obtained by minimizing an empirical risk functional, an approximation of the true risk 
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functional on the unknown data distribution 𝒟: 

θ* = argminθ∈Θ 𝔼(x,y)∼𝒟̂_n [ ℒ(𝒢(x; θ), y) ] 

In which, the model function is denoted as 𝒢, the loss functional is denoted as ℒ, and the empirical distribution of the 
training set of size n is denoted as 𝒟 ̂n. The update rule, which is the stochastic gradient descent, controls the 
optimization path in the weight space as a differential equation: 

dθ(t)/dt = −η(t) ∇θ ℒ(𝒢(xt; θ(t)), yt) 

where η(t) is the learning rate at iteration t. 

5.3 UI Integration with Model via Asynchronous Endpoint 
A prototype user interface (UI) for clinical research was developed, interacting with the trained model via a secure 
RESTful API. The backend architecture is modeled as an M/M/c queuing system to handle concurrent inference requests. 
User requests, containing raw clinical data, arrive as a Poisson process with rate λ. The system has c parallel inference 
workers, and the service time for a single request (preprocessing, model inference, postprocessing) is assumed to follow 
an exponential distribution with mean 1/μ. The state of the system at time t is the number of requests k in the queue, 
N(t) = k. The transition rate matrix Q for this continuous-time Markov chain is given by: 

Qij = λ  if j = i + 1 

Qij = iμ  if j = i − 1, 1 ≤ i ≤ c 

Qij = cμ  if j = i − 1, i > c 

Qij = 0  otherwise, for i ≠ j 

The API endpoint itself is a mapping operation Φ: 𝒳raw → [0, 1], where 𝒳raw denotes the space of raw input data types 
(e.g., DICOM files, CSV). The whole pre-processing and model execution pipeline is contained in this mapping, i.e., Φ = 
σ ∘ 𝒢 ∘ Π, where Π is the pre-processing operator, followed by the model 𝒢 and the output operator σ. The stability of 
the system presupposes that the traffic intensity satisfies ρ = λ/(cμ) < 1. 

6. Results 
 

6.1 Experimental Setup and Training 
Evaluating the predictive clinical architecture is like evaluating the clinical reasoning of a medical resident during an 
assessment; there should be accuracy in addition to resilience. The proposed multi-modal method was tested 
extensively on a clinical cohort from the OASIS-3 database selected particularly due to the resemblance to real-world 
clinical charts. Clinical data, by nature, poses a tough challenge for any computational model since they are far from the 
meticulously crafted input used during purely theoretical evaluation. Clinical data required special treatment before 
use. Incomplete trajectories were excluded, missing baseline cognitive tests results were imputed with a nearest-
neighbor technique, and class imbalance between Converter and Stable groups was mitigated with Synthetic Minority 
Oversampling. As a result, we have generated a clinical cohort of 1,098 patients distributed across 2 classes (Converter 
and Stable). For the purpose of preventing data leakage, a 90% to 10% train-test split was performed, enabling the 10-
fold cross-validation process. It is crucial to emphasize that during such a split, each patient's longitudinal record should 
be exclusively assigned either to training or testing sets. 

All computations were conducted in a distributed and high-performance setting. Our model leveraged the PyTorch 1.12 
library on a collection of NVIDIA A100 Tensor Core GPUs using the CUDA 11.3 library. Training such a multimodal model, 
which combines the intensive spatial calculations of a 3D Vision Transformer with the sequence-awareness of a Gated 
Recurrent Unit, was a daunting task and needed to be optimized accordingly. The model was trained for more than 100 
epochs using a batch size of 16 and a learning rate of 1×10⁻⁴ under the guidance of an AdamW optimizer, given the 
extensive parameter space. Overall, training took 8 hours per iteration on average. Aggressive dropout layers were 
applied alongside early stopping procedures based on validation loss to ensure that our model would not learn to 
memorize the data during the training process. 
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Fig. 6.1 Training curves 

From the training curves depicted in Figure 6.1, we observe that this particular model has learnt to learn in a stable 
fashion. In the beginning, the loss graph declines abruptly within the first 20 epochs, thereafter continuing its fall 
smoothly without those erratic peaks observed in cases of unstable gradient descent. The validation accuracy is seen to 
be consistently following the training accuracy very closely, thereby implying that the overfitting was successfully 
overcome by the adopted regularization techniques. It is only until epoch 85 that the network reached its peak 
performance phase, beyond which early stopping came into play. 

6.2 Model Performance and Benchmark Evaluation 
The multi-modal methodology proved to be highly accurate in diagnosing the testing group that was totally unseen to 
it with an overall mean accuracy of 97.1%. The precision and recall measures came to 96.0% and 95.0%, respectively, to 
result in an F1-Score of 95.0%. Apart from the traditional accuracy measurements, we obtained an impressive AUC-ROC 
value of 0.98, thus suggesting a large margin of separation between the distribution curves of converters and stable 
patients. This system performance is compared to other top contemporary systems in terms of the available limited 
data. 

Table 1: Performance comparison of proposed model against ablation baselines and state-of-the-art methods. 

Method 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 

F1-
Score 

(%) 

Unimodal: 
MRI Only 

(ViT) 
88.3 87.5 88.0 87.7 

Unimodal: 
Cognitive 

(GRU) 
91.5 90.2 91.0 90.5 

Prior SOTA 
(3D 

CNN/LSTM) 
92.3 91.8 92.1 91.9 

Proposed 
(ViT + 
GRU) 

97.1 96.0 95.0 95.0 
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Fig. 6.2 Benchmark Graphs 

The numbers alone tell the story in Table 1, without any theoretical obfuscations. The first two lines correspond to our 
baseline experiments using only MRI scans or demographic variables independently, which can achieve 88.3% and 91.5% 
accuracy, respectively. The previous state-of-the-art method based on a simple convolutional neural network with basic 
recurrent connections (Spasov et al., 2019) achieves a modest 92.3%. Our multimodal model breaks through this glass 
ceiling by achieving a significant improvement of 4.8% in accuracy. Figure 6.2 graphically presents this achievement, 
demonstrating that we not only increase one metric but optimize the model to improve overall performance across all 
dimensions. This difference is crucial in medical practice since false positives may alarm patients unnecessarily and false 
negatives lead to missed opportunities for timely intervention. 

 

Fig. 6.3 Confusion Matrix 

Figure 6.3 presents the confusion matrix that reflects the detailed behavior of our model. The extremely dark diagonal 
values mean that our model classifies most instances into the right categories without any hesitation. The model can 
accurately detect true converters with only five mistakes made throughout the entire dataset. The only reason for any 
classification error lies in how subtle changes in brain structure due to mild impairment mimic normal aging. Such a 
mistake should be considered a normal case in biology, and thus no structural problem exists in our algorithmic design. 

6.3 Qualitative Analysis 
Quantitative analysis only gives an objective and sterile look at how the model works and fails. To give the full picture, 
qualitative analysis helps validate clinically. In simple cases, the model works in the same manner as an experienced 
neurologist, giving great importance to distinctive structural atrophy in hippocampus and immediate medial temporal 
lobe regions together with rapid deterioration of short-term memory scores. Without missing a beat, it seamlessly 
combines two different independent inputs triggering a high probability of disease conversion. 

It is the more complex cases that help truly understand how the attention mechanism works. In instances where the 
input contains high baseline cognitive reserve patients whose scores are good according to MMSE tests, despite the 
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physical brain changes, the model correctly reacts. It reduces the weight of unreliable scores and increases the 
importance of spatial features detected by the 3D Vision Transformer. Hence, in those cases, it detects concealed 
structural brain changes, thereby discovering covert progression of the disease. The failure cases usually come down to 
complex external factors, such as undiagnosed vascular issues and severe clinical depression, interfering with cognitive 
trajectory data. 

Figure 6.4 shows the prototype of clinical user interface based on lightweight and asynchronous RESTful backend. During 
the demonstration, it showed a physician uploading a standard T1-weighted MRI image together with a CSV file with 
scores of patient cognitive tests. In mere seconds, a dashboard appeared showing not only the result, i.e., predicted 
probability of conversion, but also saliency map. The latter helped visually validate how the architecture works. 

 

Fig. 6.4 Inference of the model 

6.4 Real-Time Implementation and Cross-Validation 
Deploying model in a live clinical setting demands strict adherence to computational efficiency; a model that takes hours 
to run is useless to a physician with a fifteen-minute appointment window. We engineered the proposed architecture 
to maintain a minimal physical footprint while maximizing output speed. The network contains roughly 86 million 
learnable parameters and requires only 450 megabytes of active memory during runtime. Processing a complete patient 
profile including the heavy 3D volumetric pre-processing and feature extraction executes end-to-end in an average of 
7.5 minutes, with the final model inference taking less than 2,000 milliseconds (1.8 seconds). 

Table 2: Computational efficiency of proposed model versus standard deep learning ensembles: inference time, 
parameters, and memory. 

Method 
Inference 

(ms) 
Params (M) 

Memory 
(MB) 

3D CNN Ensemble (Imaging 
Heavy) 

3500 120 800 

RNN Model (Cognitive Only) 800 45 200 

Proposed (Multi-modal) 1850 86 450 

 

Table 2 helps to place the efficiency into perspective. As other multi-modal network systems expand to become 
increasingly large and cumbersome, even to the point of needing their own dedicated server farm infrastructure, ours 
is still highly scalable. It reduces the computational cost incurred by using heavy CNN ensembles by about 47 percent 
while offering better accuracy than any of those systems. Our technology can then be used through secure cloud servers, 
entirely eliminating the need for additional equipment on-site. 
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Table 3: Ten-fold stratified cross-validation results reporting mean and standard deviation across primary 
evaluation metrics on the OASIS-3 dataset. 

Fold 
Accuracy 

(%) 
Precision 

(%) 
Recall (%) 

F1-Score 
(%) 

Fold 1 98.2 97.5 96.8 97.1 

Fold 2 96.5 94.8 93.5 94.1 

Fold 3 97.8 96.9 95.5 96.2 

Fold 4 95.9 94.2 92.8 93.5 

Fold 5 98.5 98.1 97.2 97.6 

Fold 6 97.1 95.5 94.8 95.1 

Fold 7 96.2 94.5 93.0 93.7 

Fold 8 97.5 96.2 95.1 95.6 

Fold 9 95.8 93.9 92.5 93.2 

Fold 10 97.5 98.4 98.8 98.9 

Mean ± 
Std 

97.1 ± 1.2 96.0 ± 3.0 95.0 ± 4.0 95.0 ± 3.0 

 

A thorough 10-fold stratified cross-validation technique was employed to ensure that these results are not an isolated 
phenomenon due to sheer luck of a good data split. Table 3 describes how well the model performed within all ten 
different subsets of the patient population. There is virtually no variance in the different folds. The standard deviation 
of the accuracy is an incredibly small value of ±1.2%, which shows that the architecture is extremely consistent and 
robust to changes in the composition of the training set. This means that the algorithm detects universal biophysical 
mechanisms behind neurodegenerative diseases, not random characteristics of one particular patient sample. These 
findings provide empirical proof that a new benchmark in easily accessible diagnosis has been set through high-end 
artificial intelligence. 
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