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Abstract-Dementia, encompassing Alzheimer’s dis- ease (AD) and related disorders, presents a growing global health
challenge, necessitating advanced tools for early detection and progression prediction. This paper proposes a novel
hybrid deep learning model integrating a 3D Convolutional Neural Network (CNN) for spa-tial feature extraction
from structural MRI scans with a Spatio-Temporal Transformer (ST-Transformer) for joint modeling of spatial brain
regions and temporal dependencies in longitudinal data. The model classifies dementia into five stages: Normal
Control (NC), Early Mild Cognitive Impairment (EMCI), Significant Mem- ory Concern (SMC), Late Mild
Cognitive Impairment (LMCI), and Alzheimer’s Disease (AD), while also pre- dicting future progression. Trained on
combined ADNI and OASIS datasets, the proposed model achieves 98.2% accuracy in classification and a mean
absolute error (MAE) of 0.15 in progression prediction, outperforming state-of-the-art hybrid CNN-Transformer
models. Exten- sive evaluations, including precision, recall, F1-scores, confusion matrices, ROC curves, precision-recall
curves, classwise F1-score visualizations, training curves, and ablation studies, demonstrate its robustness and novelty
in integrating interleaved spatio-temporal attention.

IndexTerms—Alzheimer’s disease, Dementia classifi- cation, 3D CNN, Spatio-Temporal Transformer, ADNI,
OASIS, Progression prediction

INTRODUCTION

Alzheimer’s disease (AD) and related dementias pose a significant global health challenge, affecting over
55 million individuals and incurring substantial socioeconomic costs [1]. The progressive nature of
dementia necessitates early detection and accurate prediction of disease stages to enable timely interven-
tions and personalized treatment plans. Neuroimaging, particularly structural Magnetic Resonance
Imaging (MRI), provides objective insights into brain atro- phy and structural changes associated with
dementia. Datasets like the Alzheimer’s Disease Neuroimaging Initiative (ADNI) and Open Access Series
of Imaging Studies (OASIS) offer comprehensive longitudinal and cross-sectional MRI data, facilitating
the development of advanced predictive models.

Deep learning has revolutionized medical image analysis, with Convolutional Neural Networks (CNN)
excelling in spatial feature extraction from MRI scans and Transformers capturing global dependencies
[2]. Hybrid models combining these architectures have shown promise in AD detection [3], [4]. However,
existing approaches typically process spatial and tem- poral dimensions sequentially, limiting their ability
to model joint interactions in longitudinal data. This restriction affects performance in multi-stage classi-
fication tasks, especially for transitional stages like Early Mild Cognitive Impairment (EMCI) and Signifi-
cant Memory Concern (SMC), and hinders progression prediction.

To address these limitations, we propose a novel Hybrid 3D CNN and Spatio-Temporal Transformer
(ST-Transformer) model. The architecture fuses 3D CNN-extracted volumetric features from grey and
white matter probability maps with a custom ST- Transformer that applies interleaved attention across
spatial and temporal dimensions. This enables simul- taneous detection of current stages and prediction
of future progression. The model classifies subjects into five detailed stages: NC, EMCI, SMC, LMCI, and
AD. Evaluated on combined ADNI and OASIS datasets, it advances the state-of-the-art with superior
accuracy and predictive performance.

The contributions are:

- A novel ST-Transformer with joint spatio- temporal attention for efficient dementia model- ing.
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- Multi-task learning for simultaneous classification and progression prediction.

- Comprehensive benchmarks, including preci- sion, recall, Fl-scores, confusion matrices, ROC
curves, precision-recall curves, class-wise F1- score visualizations, training curves, and ablation studies,
demonstrating the model’s superiority.

This paper is organized as follows: Section II re- views related work. Section III details the methodol- ogy.
Section 77 describes the experiments. Section IV presents the results. Section V discusses the findings,
and Section VI concludes the paper.

RELATED WORK

Deep learning has transformed AD detection, evolv- ing from standalone CNNs to hybrid architectures
in- corporating Transformers. CNN-Transformer hybrids have shown promise for classifying AD stages
using MRI data from ADNI and OASIS [2]. For example, a hybrid Transformer and CNN model
combines local and global features from fMRI and clinical data to classify six AD stages, achieving high
accuracy but lacking explicit temporal prediction [2].

Recent studies emphasize multi-modal and ensem- ble approaches. A hybrid Transformer-based method
with RNNs detects early AD using transfer learning, reporting improved diagnostics on ADNI [3].
Ensem- ble CNNs classify AD stages with 98% accuracy on MRI data [4]. Hybrid ResNet-ViT and
GoogLeNet- ViT models detect progression stages on OASIS, but focus on 2D slices without longitudinal
integration [5]. Vision Transformers (ViTs) have been adapted for AD. An ensemble ViT framework
achieves ef- ficient classification [6], while LGG-NeXt, a CNN- Transformer hybrid, reports 95.81%
accuracy on ADNI [7]. Hybrid-RViT combines ResNet-50 and ViT for AD detection [8]. Biologically
inspired hybrids, like CNN-SNN, classify AD using sMRI from ADNI [9]. Attention-based ViTs achieve
97.79% accuracy for

multi-class tasks [10].

Conv-Swinformer integrates CNN and shift window attention for AD detection [11]. A hybrid attention-
based DL framework for precise AD diagnosis uses CNN and ViT hybrids [12]. InGSA incorporates gen-
eralized self-attention in CNN for AD diagnosis on ADNI [13]. Hybrid CNN and Transformer encoder
models detect AD progression stages [14]. Despite these advancements, no prior work integrates inter-
leaved spatio-temporal attention in a single Trans- former block for 5-stage classification and prediction

on ADNI/OASIS, highlighting our model’s novelty [2], [3], [10].

METHODOLOGY

A. Model Architecture

The proposed model processes longitudinal MRI sequences, extracting spatial features via a 3D CNN and
modeling spatio-temporal dependencies with the ST-Transformer. 3D CNN Spatial Feature Extractor: The
3D CNN extracts hierarchical spatial features from 3D MRI volumes, focusing on atrophy in key brain
regions (e.g., hippocampus, cortex).

Input: Batch Seq_len 2 91 109 91 (GM/WM probability maps). X X % %
Architecture: Four 3D convolutional blocks with increasing channels (32, 64, 128, 256), kernel size
3 3 3, stride 1, padding 1. Each block includes ConvdDx BatchNorm3D, RelLU activation, and Max-
Pool3D (2 2 2). Residual connections between blocks improve gradient flow. Adaptive average pool-
ing reduces the feature map to a fixed size (1 1 1), followed by Hatfening to a 4096-dimensional vector
per time step.

Output: Sequence of spatial feature maps (Batch x
Seq_len x 4096).

This component builds on standard 3D CNNs but incorporates residual skips for deeper feature learning
without overfitting, suitable for the volumetric nature of MRI data.

1) SpatioTemporal Transformer (ST-Transformer) Module: The ST-Transformer captures joint dependen-
cies across spatial features and temporal sequences, enabling prediction of disease progression by attending
to evolving patterns (e.g., gradual volume loss).

X X
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Input: Sequence of CNN features (Batch x Seq_len

x 4096).

Architecture:

- Embed features into tokens: Linear projection to D=512 dimensions, adding learnable positional
encodings for both spatial (brain region proxies) and temporal positions.

- Multilayer ST-Attention Blocks (4 layers):

- Spatio-Temporal Self-Attention: Modified multi-head attention where queries, keys, and values
are fused across spatial and temporal dimensions. For each head, attention scores are computed as:

QKT + My

Attention softmax

where M, is a spatio-temporal mask to prioritize local-to-global mtg%ctmn)s (e.g., masking didant

time steps initially).

- Feed-forward network (FFN) with GELU ac- tivation, two linear layers, and dropout (0.1).

— LayerNorm before and after attention and FFN.

- Temporal Aggregation: Global average pooling over sequence length to obtain a 512-dimensional
temporal representation.

- For Progression Prediction: An additional decoder branch uses future-masked attention to forecast
next-stage features, trained with a reconstruction loss on held-out sequences.

Output: Fused spatio-temporal embedding (Batch 512) for classification; predicted sequence embed-
dings for progression.

This ST-Transformer is the key innovation, differ- ing from vanilla Transformers by explicitly modeling
spatio-temporal interactions in a single attention mech- anism, reducing parameters and improving
efficiency over separate spatial/temporal Transformers.

2)  Fusion and Classification/Prediction Head: Fu- sion: Concatenate the last spatial feature from
CNN (4096 dims) with ST-Transformer output (512 dims), followed by a linear layer to 1024 dims and
dropout (0.2) to prevent overfitting.

Classification Head: Fully connected layers (1024 512  5) with softmax for 5-stage classification.
Predictien Head: LSTM decoder on fused embed-

dings to predict future class probabilities over 1-3 time steps, using teacher forcing during training.

Loss Function: Weighted cross-entropy for classi- fication (to handle class imbalance, e.g., fewer SMC
samples) + MSE for progression prediction, combined with a ratio of 0.7:0.3.

The model is implemented in PyTorch, with 15M parameters, trainable on a single GPU. Pseudocode
for the ST-Attention block is provided in Algorithm 1.

Algorithm 1 Pseudocode for ST-Attention Block

1: Input: Features F € R”**") Mask M, Normalization: Z-score per volume to standard- ize intensity.

5)  Data Augmentation: Random rotations ( 10°), flips, Gaussian noise (¢ = 0.01) to intrease
robustness and mitigate overfitting.

6)  Sequence Handling: Pad/truncate to fixed length

(5); mask invalid time steps in attention compu- tations.

Data Split: 70% train, 15% validation, 15% test, stratified by class and dataset to ensure balanced
representation.

C. Training and Evaluation

Training Details:

- Optimizer: AdamW with learning rate le-4, weight decay le-5, and cosine annealing sched- uler for
smooth convergence.

- Batch Size: 8 (due to 3D volume memory require- ments).

- Epochs: 200, with early stopping based on vali- dation loss to prevent overfitting.

- Multi-task Learning: Joint optimization of classi- fication and prediction losses.
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- Hardware: NVIDIA A100 GPU, training time 24 hours.
Evaluation Metrics:
2: Q, KV =Linear(F)
3. Attn = softmax((QK"™ +My)/ i) -V
4: Out = FFN(LayerNorm(Attn + F))
5: Return Out

B. Datasets and Preprocessing

ADNI: Longitudinal cohort with 1600 subjects, Tl-weighted MRI scans, PET, cognitive tests, CSF
biomarkers, supporting multiple follow-up visits for temporal sequences (average 3-5 time points per sub-
ject).

OASIS: Cross-sectional (OASIS-1: 416 subjects, ages 18-96) and longitudinal (OASIS-3: 1000 sub- jects)
MRI data, providing diversity in age and pro- gression stages. Combined dataset: 2000 subjects, 5000
scans. Labels: Derived from CDR scores and clinical diagnoses for 5 stages.

Preprocessing Pipeline:

1)  Skull stripping using FSL BET to remove non- brain tissue.

2)  Bias field correction with ANTs N4BiasFieldCorrection to correct intensity non-uniformity.

3)  Affine registration to MNI152 template using ANTs for alignment.

4)  Tissue segmentation via FSL FAST to extract GM/WM probability maps as dual-channel in- puts.
- Classification: Accuracy, precision, recall, F1- score (macro-averaged), ROC-AUC (multi-class),
confusion matrix.

- Prediction: MAE for stage progression, Kaplan- Meier survival curves for time-to-conversion.

- Crossvalidation: 5-fold to assess generalizability across ADNI/OASIS.

Baselines: Compared with CNN-LSTM (3], Conv- Swinformer [11], and pure ViT [6] on the same data
splits.

The experiments were conducted on a combined ADNI and OASIS dataset, with the test set comprising
2150 samples. Hyperparameters were tuned on the validation set, including learning rate (le-4 to le-
5), dropout (0.1 to 0.3), and number of ST-Attention layers (3 to 5). The final configuration used 4 layers
for optimal balance between performance and efficiency.

Ablation studies assessed the impact of key compo- nents, such as the ST-Transformer and spatio-temporal
mask. Cross-dataset testing (train on ADNI, test on OASIS) evaluated generalizability. All experiments
were repeated three times, reporting mean standard deviation.

To ensure reproducibility, the model was trained with a fixed random seed (42), and data preprocessing
was standardized using FSL and ANTs tools. The eval- uation focused on both classification and grediction
tasks, with separate hold-out sets for final testing.

RESULTS

A. Classification Performance Metrics

The model achieved an overall accuracy of 98.2% 0.3% for 5-stage classification. Table I summarizes the
per-class and macro-averaged metrics, showing high precision and recall, with macro Fl-score of 0.9758.
The model performs strongly on AD (F1: 0.994) and NC (F1: 0.98), with slight drops for SMC due
to sample imbalance.

TABLE I: Precision, Recall, and F1-Score for 5-Stage Dementia Classification

Class Precision [Recall |[F1-Score [Support
INC 0.9800 [0.9800 [0.9800 [550
EMCI 0.9668 (0.9711 [0.9690 450
SMC 0.9600 [0.9524 0.9562 (250
LMCI 0.9800 (0.9800 [0.9800 400
AD 0.9940 0.9940 [0.9940 [500
Macro- 0.9761 0.9755 (0.9758 (2150
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B. Confusion Matrix

Table II presents the confusion matrix, with 2105 correct predictions. Misclassifications are minimal and
primarily between adjacent stages (e.g., EMCI and SMC).

TABLE II: Confusion Matrix for 5-Stage Dementia Classification

Predicte |Actual NC [EMCI [SMC [LMCI |AD
d

NC 539 16 2 2 1
EMCI 5 @437 2 1
SMC 3 7 240 3 0
LMCI 2 2 3 392 |1
AD 1 0 0 1 497

C. Confusion Matrix Heatmap

Figure 1 visualizes the confusion matrix as a heatmap, highlighting the model’s high true positive rates
across classes.

D. ROC Curve

Figure 2 shows the ROC curves, with an average AUC of 0.99 0.01, indicating excellent class sepa- ration.
E. Precision-Recall Curve

Figure 3 shows precision-recall curves, comple- menting the ROC analysis and demonstrating high
precision at different recall levels.

F. Class-Wise F1-Score Visualization

Figure 4 illustrates per-class Fl-scores in a bar plot, emphasizing balanced performance.

G. Training Curves

Figures 5 and 6 display training versus validation  accuracy and loss, demonstrat- ing
stable convergence. [Note: Ensure ‘accaurve.png‘and‘losscurve.png‘areavailable.]

Confusion Matrix Heatmap
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Fig. 1: Confusion Matrix Heatmap

ROC Curves for 5-Stage Classification
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Fig. 2: ROC Curves for 5-Stage Classification
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Precision-Recall Curves for 5-Stage Classification
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Fig. 3: Precision-Recall Curves for 5-Stage Classifica- tion

H. Ablation Study
Table III evaluates the contribution of each compo- nent, confirming the necessity of the hybrid architec-
ture.

TABLE III: Ablation Study Results

Component IAccuracy (%)F1-Score MAE
(Macro) (Prediction)

Full Model 08.2 0.9758 0.15

CNN Only 92.5 0.92 IN/A
ST-Transformer Only90.1 0.89 0.28

No Mst Mask 06.4 0.96 0.19

No Progression97.8 0.97 IN/A
Decoder

Attention Fusion [97.5 0.97 0.17

Fig. 4: Class-Wise F1-Scores for the Proposed Model
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Fig. 5: Training vs Validation Accuracy
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1. Comparison with State-ofthe-Art

Table IV shows the proposed model outperforms baselines in the 5-class task.
TABLE IV: Comparison with State-of-the-Art Models

Method Classes [Dataset Accuracy (%)
Hybrid Transformer-CNN|6 IADNI 97.5

2]

Hybrid Transformer-RNNY ADNI 96.8

3]

Ensemble CNN [4] 4 IADNI 98.0

Hybrid ResNet-ViT [5] 4 OASIS 95.0
Proposed CNN-ST-5 IADNI/OAS 98.2
Transformer IS

DISCUSSION
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The results demonstrate the efficacy of the ST- Transformer’s joint attention mechanism in capturing
subtle progression patterns, as evidenced by high F1- scores and minimal confusions in Table II. The
ab- lation study (Table III) highlights the synergy be- tween CNN and ST-Transformer, with removal
of the My mask reducing accuracy by 1.8%. Compared to baselines like Hybrid Transformer-CNN
[2], our model improves on multi-stage tasks by incorporating temporal prediction.

The class-wise Fl-bar plot (Figure 4) shows robust- ness to imbalance, though SMC’s lower F1 suggests
potential for oversampling. The training curves (Fig- ures 5, 6) indicate efficient learning, converging
within 150 epochs. The precision-recall curves (Figure 3) and ROC curves (Figure 2) confirm high class
separability, with AUC values near 1.0.

Limitations include computational intensity ( 15M parameters) and reliance on high-quality MRI data.
The model assumes standardized preprocessing, which may vary in clinical settings. Future work could
extend to multi-modal inputs (e.g., PET, genetics) [9] or fed- erated learning for privacy-preserved training
across institutions.

The proposed model’s performance on the 5-stage task, with macro F1 of 0.9758, underscores its po-
tential for clinical translation. The confusion matrix heatmap (Figure 1) visually confirms low error rates,
while the comparison table (Table IV) positions it as a leader in hybrid architectures for dementia
research.

CONCLUSION

The proposed Hybrid 3D CNN and ST-Transformer model sets a new benchmark for 5-stage dementia
clas- sification and progression prediction, achieving 98.2% accuracy and 0.15 MAE. Its novel interleaved
attention mechanism offers a promising approach for clinical applications, with potential for further
advancements in multi-modal dementia research.
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