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A B S T R A C T

Early and accurate Alzheimer’s disease (AD) diagnosis is critical for effective intervention, but it is still chal
lenging due to neurodegeneration’s slow and complex progression. Recent studies in brain imaging analysis have 
highlighted the crucial roles of deep learning techniques in computer-assisted interventions for diagnosing brain 
diseases. In this study, we propose AlzFormer, a novel deep learning framework based on a space–time attention 
mechanism, for multiclass classification of AD, MCI, and CN individuals using structural MRI scans. Unlike 
conventional deep learning models, we used spatiotemporal self-attention to model inter-slice continuity by 
treating T1-weighted MRI volumes as sequential inputs, where slices correspond to video frames. Our model was 
fine-tuned and evaluated using 1.5 T MRI scans from the ADNI dataset. To ensure the anatomical consistency of 
all the MRI data, All MRI volumes were pre-processed with skull stripping and spatial normalization to MNI 
space. AlzFormer achieved an overall accuracy of 94 % on the test set, with balanced class-wise F1-scores (AD: 
0.94, MCI: 0.99, CN: 0.98) and a macro-average AUC of 0.98. We also utilized attention map analysis to identify 
clinically significant patterns, particularly emphasizing subcortical structures and medial temporal regions 
implicated in AD. These findings demonstrate the potential of transformer-based architectures for robust and 
interpretable classification of brain disorders using structural MRI.

Introduction

Dementia diagnostics are complex and require a significant amount 
of time following the onset of the first clinical symptoms. The average 
time required for the process is 2.8 years for late-onset dementia and 4.4 
years for young-onset dementia (Van Vliet et al., 2013). Alzheimer’s 
disease (AD), the most common form of dementia, is a progressive and 
irreversible neurodegenerative condition marked by gradual deteriora
tion in memory and cognitive function. Neuropathological changes 
related to AD are now believed to begin up to two decades prior to the 

emergence of clinical symptoms (Alp et al., 2024; Gelir et al., 2024). 
Early diagnosis of cognitive status is essential for the management and 
treatment of AD. Advancements in brain imaging techniques like Mag
netic Resonance Imaging (MRI) have significantly impacted the diag
nosis and prognosis of brain disorders in computer-assisted 
interventions (Fan et al., 2008). Therefore, many computer-aided ap
proaches have been developed to enable more precise and efficient AD 
diagnosis (Jain et al., 2019; Ebrahimighahnavieh et al., 2020; Ebrahimi 
et al., 2021; Alinsaif et al., 2021; Loddo et al., 2022; Khojaste-Sarakhsi 
et al., 2022; Lin et al., 2023; Rangaraju et al., 2024; Chua et al., 2025).
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Machine learning provides a structured approach for the automatic 
classification of brain disorders by learning complex and subtle patterns 
from high-dimensional neuroimaging data. From a technical standpoint, 
this task typically involves three key stages: pre-processing, feature 
extraction, and classifier learning. These components are crucial for 
effectively analyzing brain imaging data and supporting clinical diag
nosis (Suk et al., 2017). On the other hand, deep learning (DL) elimi
nates the need for manual feature engineering by learning task-specific 
representations directly from the raw input data. Rather than depending 
on predefined features, DL models extract informative patterns during 
training in a label-guided, end-to-end manner. As a result, the learned 
features are directly optimized for the classification objective, which 
makes DL especially effective for complex and high-dimensional mo
dalities such as brain MRI.

MRI is a complex modality that requires various strategies to manage 
and analyze volumetric brain data. These include voxel-based 
(Armañanzas et al., 2017; Basaia et al., 2019; Solana-Lavalle and 
Rosas-Romero, 2021; Nemoto et al., 2021; Estudillo-Romero et al., 
2022; Guan et al., 2022), region-of-interest (ROI)-based (Shinde et al., 
2019; Ahmed et al., 2020; Feng et al., 2022; Shi et al., 2022), patch- 
based (Goenka and Tiwari, 2022; Liu et al., 2023; Huang and Qiu, 
2024), and slice-based (Ebrahimi et al., 2021; Zhang et al., 2022; 
Sharma et al., 2022; Avram et al., 2024; Akan et al., 2023) methods. 
Voxel-based approaches analyze the entire brain volume but involve 
high computational costs and may lose crucial contextual information. 
ROI-based methods focus on specific brain regions typically affected by 
neurodegenerative diseases (NDDs), but they may overlook abnormal
ities in other areas. Patch-based methods examine small segments of 
brain images, which can help detect early signs of disease with fine- 
grained detail. Slice-based approaches divide volumetric brain data 
into two-dimensional slices, but they often fail to capture spatial de
pendencies between adjacent slices, which are crucial for understanding 
disease progression. Despite these limitations, each method contributes 
valuable insights into brain pathology.

Nevertheless, one of the overarching challenges in MRI-based brain 
analysis remains the high dimensionality of the data, contrasted with the 
relatively small number of available labeled samples. While transfer 
learning is often used to address this limitation, most pre-trained models 
are based on 2D natural images and do not capture the spatial continuity 
present in 3D brain MRI. Slice-based approaches frequently rely on such 
2D models, which limits their ability to model volumetric context. As a 
result, the transferability of these models to medical imaging tasks re
mains constrained. To overcome this, we propose leveraging pre-trained 
video models originally designed to handle sequential and spatiotem
poral information and fine-tuning them on MRI data. By treating the 
MRI volume as a sequence of slices, these models can exploit inter-slice 
dependencies in a way that aligns more naturally with the structure of 
brain imaging data.

Following the trends and successes in medical image analysis and 
deep learning, convolutional neural networks (CNN) have become 
increasingly popular in recent years. Still, they have not been shown to 
outperform conventional classifiers significantly. Most CNN studies 
perform no to minimal pre-processing of structural MRI scans as input 
for their classifier. In contrast, others employ more extensive pre- 
processing strategies that have proven successful for conventional 
classifiers, such as gray matter (GM) density maps. Although CNNs are 
designed to extract high-level features from raw imaging data, dedicated 
pre-processing that enhances disease-related features may improve the 
learning process for complex tasks, reducing model complexity and 

allowing for a more stable learning process. It is still unclear whether 
CNNs outperform conventional classifiers in AD classification and 
whether they benefit from extensive MRI pre-processing (Bron et al., 
2021).

Recent studies, however, have shown that using DL models trained 
on MRI volumes can improve AD classification accuracy. E.g., (Lian 
et al., 2020) proposed a hierarchical CNN designed to potentially learn 
both local and global features from 3D MRI volumes while achieving 90 
% accuracy in AD vs. CN classification. (Backstrom et al., 2018) used a 
3D ConvNet and emphasized the importance of patient-specific data 
splitting to prevent data leakage. Their findings revealed a performance 
gap of up to 10 % between random and subject-level splits, emphasizing 
the need for rigorous evaluation protocols. Wen et al. (Wen et al., 2020) 
further reported that nearly half of the published deep learning models 
for AD had data leakage, which was primarily caused by improper 
longitudinal data partitioning.

Recently, Transformer-based architectures have emerged as an 
alternative to CNNs for vision tasks, offering several advantages for 
modeling long-range dependencies and sequential information. Trans
formers have less restrictive inductive biases compared to CNNs. This 
broadens the range of functions they can represent (Cordonnier et al., 
2019; Zhao et al., 2020) and makes them more appropriate for large- 
scale datasets requiring fewer strong inductive priors. Second, con
volutional kernels have been designed to capture short-range spatio
temporal information; however, they cannot model dependencies that 
expand beyond the receptive field. Unlike CNNs, which primarily rely on 
local receptive fields, Transformers utilize attention mechanisms to 
capture global context, making them well-suited for processing medical 
imaging data with spatial or temporal structure. In particular, video- 
based Transformers can model sequential relationships across MRI sli
ces, providing a natural way to exploit inter-slice continuity without 
requiring full 3D convolutions. Finally, transformers are faster to train 
than 3D convolutional networks, can achieve significantly better test 
efficiency (with a slight loss in accuracy), and can be used on far longer 
video clips (i.e., more MRI slices). Motivated by these properties, we 
explore using a pre-trained video Transformer model fine-tuned for the 
classification of AD, MCI, and CN using slice-based MRI data.

Recent studies have begun to explore the potential of Transformer 
models for neuroimaging-based classification tasks. E.g., Liu et al. (Liu 
et al., 2023) proposed the Multi-Modal Mixing Transformer (3MT), a 
cascaded attention architecture that amalgamates 3D MRI with as many 
as 12 clinical features. During training, 3MT uses a modality dropout 
mechanism, which allows it to remain robust in the face of missing data. 
The model attained cutting-edge results in both AD classification and 
mild cognitive impairment conversion tasks, with generalization vali
dated on the AIBL dataset without the need for retraining. Additional 
studies, including (Kushol et al., 2022), have investigated dual- 
transformer methodologies functioning in spatial and frequency do
mains, thereby substantiating the efficacy of Transformers for AD- 
related imaging tasks.

Materials and method

Study population

We used two datasets from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI; adni.loni.usc.edu). The ADNI was launched in 2003 as 
a public–private partnership led by Principal Investigator Michael W. 
Weiner, MD. Its primary objective is to determine whether clinical and 

Table 1 
The details of data collections.

Set # MRI Scans NC MCI AD Male Female Age (years)

ADNI1: Complete 1Yr 1.5 T (82 %) Train 1951 600 946 405 1341 953 75 ± 6.6
ADNI1: Complete 1Yr 1.5 T (18 %) Test 342 105 166 71
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neuropsychological assessments, serial magnetic resonance imaging 
(MRI), positron emission tomography (PET), and other biological 
markers can be integrated to track the progression of mild cognitive 
impairment (MCI) and early Alzheimer’s disease (AD). For the most up- 
to-date information, visit https://www.adni-info.org.

Our model was trained and evaluated using T1-weighted MRI scans 
from the “ADNI1: Complete 1Yr 1.5 T” data collection. The training set 
comprised 1951 scans (82 %), including 600 cognitively normal (NC), 
946 with mild cognitive impairment (MCI), and 405 with Alzheimer’s 
disease (AD). The test set consisted of 342 scans (18 %) with 105 NC, 
166 MCI, and 71 AD cases. Across both sets, participants had a mean age 
of 75 ± 6.6 years, with a balanced sex distribution: 1341 male and 953 
female subjects. Further demographic details are summarized in Table 1.

Pre-processing

Several steps are involved in the processing and analysis of sMRI 
data. The images must be aligned, registered to a standard template like 
MNI space, segmented into various tissue types like gray matter, white 
matter, and cerebrospinal fluid, and then subjected to voxel-based an
alyses (See Fig. 1). Since image registration helps standardize MRI scans 
using a fixed-size template, it is essential to guarantee these images’ 
spatial alignment.

To standardize the coordinates and align all of the images in a 
common reference frame, we used the Montreal Neurological Institute 
(MNI) space. To wrap MRI scans into the MNI-152 space, skull stripping, 
normalization, and image registration were carried out using CAT-12 
(https://neuro-jena.github.io/cat), a toolbox extension of SPM12 
(Penny et al., 2011) designed for structural MRI pre-processing. The 
selection was also limited to the central 32 slices containing significant 
slices. The rest of the slices were excluded due to background informa
tion (None-brain area) unrelated to brain tissue.

Classification

Video classification involves learning spatial and temporal patterns 
by analyzing visual features within individual frames (spatial) and 
changes across frames over time (temporal). TimeSformer (Bertasius 
et al., 2021) is a convolution-free approach to video classification based 
on self-attention over space and time. We fine-tuned TimeSformer to 
perform classification on MRI volume for AD diagnosis. In our context, 
each T1-weighted brain MRI volume is treated as a temporal sequence of 
2D coronal slices, where each slice corresponds to a single “frame.” Our 
method, AlzFormer, enables direct spatiotemporal feature learning from 
sequences of MRI slice-level patches, capturing both intra-slice spatial 
patterns and inter-slice temporal dependencies critical for modeling 
progressive neurodegeneration.

Video classification involves learning spatial and temporal patterns 
by analyzing visual features within individual frames (spatial) and 
changes across frames over time (temporal). TimeSformer is a 

Fig. 1. Overview of the proposed AD classification pipeline. T1-weighted MRI scans are pre-processed and spatially normalized to a standard template. The processed 
volumes are then converted into sequential slices and treated as video-like inputs to a fine-tuned TimeSformer model, which performs multiclass classification into 
AD, MCI, and CN categories.

Table 2 
Classification performance of AlzFormer on the test set (“ADNI1: Complete 3Yr 
3 T”). Reported metrics include precision, recall, and F1-score for each class: AD, 
MCI, and CN. Overall accuracy, macro average, and weighted average scores are 
also provided.

Classes Precision Recall F1- score Support

0 (AD) 0.96 0.94 0.95 71
1 (MCI) 0.99 0.99 0.99 105
2 (CN) 0.97 0.98 0.97 166
Accuracy ​ ​ 0.97 342
Macro avg 0.97 0.97 0.97 342
Weighted avg 0.97 0.97 0.97 342

Table 3 
Performance comparison of different architectures for Alzheimer’s disease 
classification.

Architecture ACC Precision Recall F-score

CNN-Bi-LSTM (Akan et al., 2023) 0.90 0.90 0.90 0.89
CNN-Transformer (Alp et al., 2024) 0.90 0.90 0.90 0.89
ViT-Bi-LSTM (Akan et al., 2023) 0.89 0.90 0.89 0.89
ViT-Transformer (Alp et al., 2024) 0.91 0.92 0.91 0.90
AlzFormer 0.97 0.97 0.97 0.97

Fig. 2. Radar plot comparing the performance of baseline models and the 
proposed AlzFormer architecture across four evaluation metrics: Accuracy, 
Precision, Recall, and F-score.
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convolution-free approach to video classification based on self-attention 
over space and time. We fine-tuned TimeSformer to perform classifica
tion on MRI volume for AD diagnosis. In our context, each T1-weighted 
brain MRI volume is treated as a temporal sequence of 2D coronal slices, 
where each slice corresponds to a single “frame.” Our method, Alz
Former, enables direct spatiotemporal feature learning from sequences 
of MRI slice-level patches, capturing both intra-slice spatial patterns and 
inter-slice temporal dependencies critical for modeling progressive 
neurodegeneration.

Each MRI volume was sliced into 2D coronal images and tokenized 
into non-overlapping patches (e.g., 16 × 16 pixels). These patches were 

flattened and linearly projected into embeddings, followed by the 
addition of learnable spatial and temporal positional encodings. The 
resulting patch embeddings were passed through the transformer layers 
of TimeSformer, where self-attention is computed separately across 
spatial and temporal dimensions. This design allows the model to cap
ture local anatomical features and their dependencies across slices 
jointly.

We initialized the model with weights pre-trained on the Kinetics- 
400 (Kay et al., 2017) video dataset for training. We replaced the final 
classification layer to perform multiclass classification across three 
diagnostic categories: AD, MCI, and CN. We used cross-entropy loss 

Fig. 3. (a) Normalized confusion matrix showing the proportion of predicted versus true labels on the test set. (b) Macro-averaged ROC curve for the classification of 
AD, MCI, and CN on the test set. The model achieved a macro-average AUC of 1, indicating high discriminative performance across all classes.

Fig. 4. Attention maps for a representative Alzheimer’s disease subject.
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function. Only the last transformer layer (layer 11) and the final clas
sification head were unfrozen during fine-tuning. At the same time, the 
rest of the model remained frozen to preserve general visual represen
tations learned from large-scale video data. The complete TimeSformer 
model contains approximately 121 million parameters, but we restricted 
training to 10,044,675 trainable parameters corresponding only to the 
last transformer layer and the classification head. The training was 
conducted using the AdamW optimizer with a learning rate 1e-4 and a 
weight decay of 1e-4. In addition, we utilized a Cosine Annealing 
Learning Rate Scheduler to gradually reduce the learning rate following 
a cosine function and improve convergence. In addition, the best- 
performing model (based on validation accuracy) was checkpointed 
for downstream use. An overview of the proposed classification pipeline 
using the fine-tuned TimeSformer model is illustrated in Fig. 1.

Result

Classification performance

Classification performance was quantified by the classification ac
curacy, precision, recall f1-score, area under the curve (AUC), and ac
curacy. The models were optimized on the training set; the test set was 
applied only to assess the final model.

On the test set, AlzFormer achieved an overall accuracy of 97 %. As 
shown in Table 2, and confusion matrix Fig. 3 (a), the F1-scores for the 
three classes were 0.94 for AD, 0.99 for MCI, and 0.98 for cognitively 
normal (CN). The macro and weighted-average F1-scores were both 

0.97, indicating balanced performance through the classes. Notably, no 
CN cases were misclassified as AD, and vice versa, indicating strong class 
separability between healthy controls and patients with dementia.

We computed the macro-averaged receiver operating characteristic 
(ROC) curve to assess the model’s discriminative performance across all 
classes. As illustrated in Fig. 3 (b), the model achieved a high AUC of 1, 
indicating excellent capability to distinguish between the three diag
nostic categories. The steep rise in the curve close to the origin indicates 
a low false positive rate and high overall sensitivity across the classes.

We further compared the performance of a couple of baseline 
models, including CNN-BiLSTM, CNN-Transformer, ViT-BiLSTM, and 
ViT-Transformer, with our proposed model, AlzFormer. As shown in 
Table 3, AlzFormer outperforms all other models, achieving the highest 
accuracy, precision, recall, and F-score, demonstrating its effectiveness 
in Alzheimer’s disease classification. Moreover, the spider plot (See 
Fig. 2) visually illustrates that AlzFormer consistently outperforms all 
baseline models, achieving superior scores in every metric, which 
further confirms the quantitative results presented in Table 3.

Based on overall performance across all metrics, AlzFormer ranks 
first, with ViT-Transformer coming in second with 0.91 accuracy and 
0.90 F1-score. With identical scores (0.90 accuracy and 0.89 F1-score), 
CNN-BiLSTM and CNN-Transformer are tied for third place, while ViT- 
BiLSTM ranks lowest with slightly lower recall and F1-score (0.89). 
This ranking underscores the benefit of integrating spatial and temporal 
attention in AlzFormer to achieve precise and resilient MRI-based 
classification.

Fig. 5. Attention maps for a representative mild cognitive impairment subject.
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Model analysis and representation

We visualized class-specific attention maps over the input MRI slices 
for CN, MCI, and AD cases to better understand the model’s decision- 
making process. As shown in Figs. 4–6, the TimeSformer model at
tends to distinct brain regions depending on the diagnostic category.

As illustrated in Fig. 4, the model’s attention in a representative AD 
subject primarily focuses on the medial temporal lobe, particularly the 
hippocampus and Para hippocampal gyrus, across central coronal slices. 
Additional regions receiving attention include the putamen, thalamus, 

and posterior cingulate cortex, indicating the model’s sensitivity to both 
limbic and subcortical structures affected by AD. These patterns are 
consistent with established neuropathological progression and highlight 
the model’s ability to capture clinically relevant features.

As shown in Fig. 5, the model’s attention in a representative MCI 
subject is more diffusely distributed than AD, with a prominent focus on 
medial temporal structures, including the hippocampus and the puta
men, thalamus, and posterior cingulate cortex. These activations reflect 
early-stage alterations commonly associated with MCI, indicating that 
the model captures subtle changes in limbic and subcortical regions 

Fig. 6. Attention maps for a representative cognitively normal subject.

Fig. 7. Attention heatmaps at the 85th slice for representative CN, MCI, and AD subjects, respectively.
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before progressing to AD.
As shown in Fig. 6, the model’s attention in a representative cogni

tively normal subject appears more dispersed and less concentrated in 
canonical Alzheimer’s-related regions. Mild activations are observed in 
areas such as the putamen, precuneus, and occipital cortex but without 
the strong or consistent focus seen in MCI or AD cases. This pattern 
suggests the model recognizes the absence of pathological hallmarks and 
distributes attention more broadly, potentially reflecting the lower 
discriminative need in the absence of disease.

It is important to note that while the attention heatmaps frequently 
highlight regions such as the hippocampus and thalamus—structures 
commonly implicated in AD—they are not disease-specific. Similar 
structural changes may also occur during normal aging or in other 
neurodegenerative conditions. The attention maps simply reflect the 
regions that the model found statistically useful for classification within 
the given data distribution, rather than exclusive AD biomarkers. This 
distinction is critical for proper interpretation of model explanations.

To have better visual comparison across clinical groups, Fig. 7 pre
sents attention heatmaps at the 48th slice from three different repre
sentative subjects corresponding to the CN, MCI, and AD classes. This 
fixed-slice view allows direct assessment of how the model distributes 
spatial attention at the same anatomical location. The medial temporal 

region, which is commonly impacted by structural degeneration, is the 
primary focus of attention in the AD subject. The MCI subject shows 
more diffuse and bilateral attention, reflecting intermediate anatomical 
changes, while the CN subject exhibits low-intensity and spatially uni
form attention. These differences show that the model adjusts spatial 
attention to group-specific structural MRI anatomical features.

Fig. 8 illustrates the temporal attention heatmaps at sagittal slice 48 
for AD, MCI, and CN. The CN subject’s attention seems to be low- 
intensity and diffuse, suggesting that there is minimal focus in all 
three spatial dimensions. In contrast, the MCI subject shows slightly 
more structured yet sparse activation, particularly along horizontal 
bands. Notably, the AD subject exhibits more focused and intense tem
poral attention distributed along consistent spatial regions. This implies 
that the model has acquired the ability to selectively focus on temporally 
informative regions, which may be indicative of pathological progres
sion as captured by slice-level dynamics.

Fig. 11. Chord diagrams illustrate feature similarity patterns after 
PCA-based dimensionality reduction for each diagnostic group: (a) AD, 
(b) MCI, and (c) CN. Each diagram visualizes pairwise cosine similarity 
between principal components of extracted features. 60 components 
were selected using PCA to retain the most informative dimensions of 
the feature space. The AD subject exhibits more focused and localized 

Fig. 8. Temporal attention heatmaps for a representative sagittal slice (slice 48) across CN, MCI, and AD subjects.

Fig. 9. (a) Dot-product similarity between learned positional embeddings of the AlzFormer model. A clear diagonal pattern suggests that the model captures spatial 
locality, with nearby patches having more similar positional encodings. (b) Visualization of the learned projection filters from the input embedding layer of the 
TimeSformer model.
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feature interactions, while MCI and CN subjects demonstrate broader, 
more diffuse connectivity patterns, reflecting differing representational 
structures across diagnostic stages.

Transformers are inherently permutation-invariant and thus require 
positional information to model spatial or sequential relationships in the 
input data. In TimeSformer, this is achieved through learned positional 
embeddings. We visualized the similarity between positional embed
dings by computing pairwise dot-product similarity across patch indices 
to understand how spatial structure is captured. In Fig. 9 (a), the simi
larity matrix’s diagonal structure indicates the positional encoding’s 
spatial locality. Patches that are close together in the original image tend 
to have more similar positional embeddings, allowing the model to 
preserve relative spatial information even without convolutions.

The non-overlapping patches from MRI slices were used in the 
TimeSformer model to flatten each patch. We then applied a linear 
projection to convert the patches into an embedding. While these pro
jections are not convolutional filters in the classical sense, visualizing 
them reveals structured and interpretable patterns. Fig. 9 (b) shows that 
many projection weights resemble edge detectors, circular patterns, or 
textured gradients—like the early-layer kernels of CNNs. This indicated 
that, despite lacking explicit convolutions, TimeSformer still captured 
localized spatial structure and provided informative representations for 
brain disorder classification.

We analyzed the mean attention distance (MAD) across attention 
heads and transformer blocks to investigate the spatial behavior of the 
model. The attention model’s local and global patterns were measured 
using MAD. For each token, the geometric distance to all other tokens is 
weighted by the corresponding attention scores and then averaged 
across all tokens. As shown in Fig. 10, we compute the MAD for each 
attention head across all transformer blocks of AlzFormer. The early 
layers from nearby tokens identified localized attention, and global 
attention patterns were identified using deeper layers. This gradual 
receptive field expansion captures fine-grained local features and global 
context across the MRI slices.

Discussion

This work aimed to explore using video-based deep learning models 
to diagnose AD. More specifically, we examine whether video modeling 
approaches that treat sequential MRI scans as video frames can effec
tively capture spatiotemporal patterns for classifying individuals into 
AD, MCI, and CN categories. The model was trained and evaluated on 

1.5 Tesla MRI scan data from the public ADNI dataset. AlzFormer ach
ieved 94 % accuracy on a test set, with F1-scores of 0.94 for AD, 0.99 for 
MCI, and 0.99 for CN, indicating balanced performance across the 
classes, with macro and weighted-average F1-scores of 0.97.

We compared AlzFormer with four state-of-the-art models: CNN- 
BiLSTM, CNN-Transformer, ViT-BiLSTM, and ViT-Transformer in order 
to evaluate its effectiveness. These models were consistently out
performed by AlzFormer in all evaluation metrics. It was the foremost 
model in terms of classification accuracy, precision, recall, and F1-score, 
with ViT-Transformer following as the second-best model. This 
comparative analysis highlights the enhanced efficacy of AlzFormer in 
modeling 3D brain MRI data, according to its spatiotemporal attention 
mechanism.

Although deep learning models have proved remarkable perfor
mance in brain disorder classification tasks, they are commonly called 
“black-box” systems because they are unable to interpret the results. 
This limitation raises concerns, particularly in clinical applications 
where understanding model decisions is essential. We addressed this 
problem by visualizing attention heatmaps for representative subjects 
from each diagnostic group across MRI slices (Figs. 4–6). These visual
izations reveal which brain regions the model focuses on during pre
diction, revealing spatial patterns that influence classification outcomes. 
The heatmaps, which highlight discriminative regions, show that the 
model does not learn unquestioningly but rather captures disease- 
relevant features in the input. This promotes trust in model behavior 
and allows for neuroscientific validation of learned representations.

Transformers, particularly in video-based configurations, present 
potential for MRI-based classification. Using spatiotemporal self- 
attention, these models can learn inter-slice temporal relationships 
and intra-slice spatial features. This is an essential capability for 
capturing the progressive nature of neurodegenerative diseases. Our 
approach utilizes this architecture by treating MRI volumes as sequences 
of slices, allowing the model to exploit structural continuity without the 
complexity of full 3D convolutions. Additionally, using a pre-trained 
video model reduces reliance on extensive medical records and en
ables effective transfer learning from natural video domains. Regardless 
of the advantages of the transformer model, it requires a significant 
amount of time for computation, including extensive fine-tuning and 
pre-processing. Another limitation of our current model setup is it re
quires high-resolution MRI or MRI slices from 96 to form a meaningful 
spatiotemporal sequence. The model’s performance may degrade in 
clinical settings with lower-resolution acquisitions or fewer slices of 

Fig. 10. Mean attention distance across attention heads and transformer blocks in the AlzFormer model. Each dot represents the average spatial distance a head 
attends to, revealing the transition from local to global attention patterns throughout the network.
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MRI. However, pre-trained TimeSformer variants designed for shorter 
input sequences (e.g., 16 slices) offer potential compatibility.

Despite our proposed model’s high performance, this study has a few 
limitations. First, our approach is solely based on structural MRI data 
and does not take into account multimodal inputs like clinical scores, 
cognitive assessments, or genetic biomarkers, which could improve 
diagnostic accuracy and clinical utility. Second, our model uses cross- 
sectional classification and does not account for disease progression, 
such as transitions from CN to MCI or MCI to AD. Modeling longitudinal 
changes necessitates follow-up imaging and progression labels, which 
are absent in our current dataset.

Future research should investigate the incorporation of multimodal 
data, encompassing cognitive assessments and genetic information, to 
enhance classification robustness and clinical significance. Furthermore, 
the integration of longitudinal MRI data would facilitate the creation of 
models capable of forecasting disease progression from CN to MCI and 
from MCI to AD. Progression-aware models may offer earlier and more 

tailored insights into disease trajectories, enhancing both diagnosis and 
prognosis in clinical environments.

Conclusion

In this study, we introduced AlzFormer, a video-based deep learning 
framework that leverages spatiotemporal self-attention to classify Alz
heimer’s disease, mild cognitive impairment, and cognitively normal 
subjects using structural MRI. By treating MRI volumes as slice-level 
sequences and fine-tuning a pre-trained TimeSformer model, our 
approach effectively captured intra-slice spatial features and inter-slice 
dependencies. AlzFormer’s overall accuracy on the test set was 94 %, 
with balanced class-wise F1-scores (AD: 0.94, MCI: 0.99, CN: 0.98) and 
an AUC of 1. This high classification performance on a test set demon
strates strong generalization under inter-scanner and inter-site vari
ability. Furthermore, attention-based interpretability analyses revealed 
disease-relevant activation patterns, confirming that the model is 

Fig. 11. Chord diagrams showing feature connectivity patterns for each diagnostic group: (a) AD, (b) MCI, and (c) CN. Each arc represents a feature pair with strong 
interactions captured by the attention mechanism.
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clinically relevant. For future work, we may use longitudinal data to 
model disease trajectories over time, as AD is, by nature, a progressive 
process. This would allow for early-stage diagnosis and tracking of 
Alzheimer’s’ progression.
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