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Abstract

The use of resting state fMRI (rs-fMRI) to improve the diagnosis and treat-
ment of neurodegenerative diseases has increased dramatically in recent
years. Despite evident progress, producing accurate predictions from rs-
fMRI scans remains challenging due to the data’s high dimensionality and
the limited number of samples. In this work, our aim is to estimate the
probability of cognitive decline within a given time frame based on rs-fMRI
scans of Alzheimer’s patients. Accurate predictions of disease trajectory can
guide medical decision-making and contribute to personalized medicine. To
this end, we design a vision transformer to obtain low-dimensional embed-
dings of rs-fMRI scans. These embeddings are used to train a network that
estimates the probability of cognitive decline. By testing our approach
on scans from the Alzheimer’s Disease Neuroimaging Initiative, we show
that models trained on our transformer-based features improve F1-score
by 9–15 percentage points compared to those trained on handcrafted con-
nectivity features. For interpretability, we develop a simple yet effective
method to identify brain regions whose fMRI-derived signal significantly
impacted model predictions. The results identified a set of brain regions,
some recognized for their early involvement in AD and others for their
relative resilience to AD pathology.

1 Introduction

In recent years, analysis of resting state fMRI (rs-fMRI) scans has become a key tool for
studying neurodegenerative disorders such as Alzheimer’s disease, dementia, and Parkin-
son’s disease (Filippi & Filippi, 2016; Filippi et al., 2019). Many longitudinal studies have
utilized rs-fMRI scans to investigate the degradation of connectivity patterns between brain
regions throughout disease progression (Alorf & Khan, 2022; Hohenfeld et al., 2018). These
investigations have provided important insights into the pathophysiology of neurodegener-
ative diseases and the role of established neuronal networks in their trajectory.

While significant progress has been achieved, computational approaches for rs-fMRI anal-
ysis still face substantial limitations. fMRI scans measure Blood-Oxygen-Level-Dependent
(BOLD) signals, which serve as a surrogate for brain activity. Each scan consists of ∼ 105

voxels, each with several hundred time samples of the BOLD signal. An rs-fMRI dataset,
however, often contains fewer than 103 scans. Analyzing such limited data is further compli-
cated by the considerable variability in brain activity, even among patients with comparable
clinical characteristics.

To address the variability of brain activity, Finn et al. (2015) demonstrated that functional
connectivity (FC) patterns between brain regions are more stable than raw brain activity
and can serve as a unique fingerprint for predicting phenotypes such as fluid intelligence.
FC between regions is typically estimated through the correlation of their corresponding
fMRI time series Wang et al. (2014). Relying solely on pairwise FC may be suboptimal,
however, in cases where alterations involve coordinated changes across multiple brain regions
within a neuronal network. Detecting such networks, particularly those associated with the
progression of neurodegenerative disorders, remains a major challenge in fMRI analysis.

∗Code will be publicly available upon acceptance.
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In this work, our main task is to estimate the probability of cognitive decline within a given
timeframe for patients diagnosed with Alzheimer’s disease. Our dataset consists of approx-
imately 900 rs-fMRI scans obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) repository. With the recent approval of new treatments, accurate predictions of dis-
ease progression can guide personalized treatment regimens and optimize clinical strategies.
Specifically, we make the following contributions:

• We propose a self-supervised attention-based pretraining strategy to learn low-
dimensional representations of rs-fMRI scans. To reduce the number of parameters in
our architecture, we design an atlas-based decoder, training the network to predict the
atlas representation of each scan.

• We train a neural network to predict cognitive decline from the learned embeddings.
Our approach achieves substantially higher accuracy compared to similar models trained
directly on FC matrices, demonstrating that transformer-based features are more infor-
mative than handcrafted FC features.

• We show that the accuracy of the network can be further improved by employing a test-
time adaptation mechanism.

• We introduce a simple yet effective approach for interpreting our transformer model,
identifying brain regions that significantly influence predictions. We compare the pattern
of brain regions that significantly contribute to model performance with the characteristic
pattern of amyloid β (Aβ) accumulation in Alzheimer’s disease, drawing insights into the
biological relevance of the model.

2 Related Work

As mentioned, a common strategy to mitigate the variability in brain activity between sam-
ples is to engineer features by computing pairwise functional connectivity (FC) matrices,
which measure the statistical dependence between time-series of atlas-defined brain regions
(Finn et al., 2015; Rosenberg et al., 2016; Friston, 2011). Building upon these engineered
features, a variety of deep learning models were developed for different tasks in neuroimag-
ing analysis. Architectures including Convolutional Neural Networks (CNNs), Graph Neural
Networks (GNNs), and attention-based Deep Neural Networks were designed to learn pat-
terns from engineered representations like FC matrices or ICA-based spatial maps. These
models were used for tasks such as disease classification and prediction of clinical symptom
progression (Lin et al., 2022; Sarraf et al., 2016; Sheynin et al., 2021; Parisot et al., 2019;
Kawahara et al., 2017). Recent approaches have also applied Transformers to measurements
from specific regions of interest (Kan et al., 2022).

To move beyond handcrafted features, recent efforts have focused on end-to-end deep learn-
ing models, particularly Transformers, which excel at modeling the long-range dependencies
characteristic of brain networks. A prominent direction is self-supervised pretraining on
large, unlabeled fMRI datasets. Several models learn representations by reconstructing raw
voxel information, such as the framework proposed by Malkiel et al. (2022) and the Swin
4D fMRI Transformer (SwiFT) (Kim et al., 2023). Another powerful approach is masked
signal modeling, exemplified by BrainLM, a foundation model pretrained on thousands of
hours of fMRI data by predicting activity in masked brain regions (Ortega et al., 2024). Our
work takes this pretraining trajectory in a new direction by introducing a novel, atlas-guided
objective. We hypothesize that reconstructing functionally meaningful regional dynamics,
rather than relying on raw voxel-wise or masked regional signals, offers a more robust and
data-efficient pretraining task. This approach leverages the well-validated Schaefer cortical
parcellation, which segments the brain into parcels associated with networks characterized
by strong intra-regional functional connectivity.

3 Method

We describe our approach for predicting cognitive decline from rs-fMRI data. In Section 3.1,
we formulate the problem and outline our primary and secondary objectives. Section 3.2
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Figure 1: Training stages of the AG-ViT framework. (a) Stage 1: Self-supervised
pretraining learns to reconstruct atlas representations A(i) from 4D fMRI scans X(i)

through encoder fθenc
and decoder fθdec , creating compact bottleneck features hb. The task

head gθhead
is not used . (b) Stage 2: Supervised fine-tuning freezes the pretrained

encoder and trains task-specific heads gθhead for downstream predictions y(i). The decoder
is not used. (c) Test-time adaptation iteratively refines the bottleneck representation by
minimizing atlas reconstruction error using the frozen decoder, improving final predictions

ŷ
(i)
pred. Flame icons indicate trainable parameters; snowflakes indicate frozen parameters;

minus icons indicate unused components.

introduces the overall two-stage framework, including our novel self-supervised pretrain-
ing strategy and supervised fine-tuning. We then describe the architectural components of
our 4D Vision Transformer in Section 3.3 and the test-time adaptation mechanism in Sec-
tion 3.4. Finally, our main experimental results on the cognitive decline task are presented
in Section 4. Results for predicting sex and age are provided in the supplementary material.

3.1 Problem Formulation and Objectives

We utilize data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(Jack Jr et al., 2008; Mueller et al., 2005), a longitudinal multicenter study designed to
develop clinical, imaging, genetic, and biochemical biomarkers for the early detection and
tracking of Alzheimer’s disease. Let D = {(X(i), y(i))}Ni=1 denote our dataset, where X(i) ∈
RT×H×W×D represents a rs-fMRI scan of patient i, with T temporal samples and (H,W,D)
spatial dimensions, and y(i) is our task’s label.

Primary Objective: This work addresses the key challenge of predicting Alzheimer’s
disease progression within a specified time frame. We assess progression using the Clinical
Dementia Rating (CDR) score, a widely adopted cognitive measure for Alzheimer’s disease
(Hughes et al., 1982; Morris, 1993). In ADNI, each patient typically undergoes a CDR
assessment once per year. Our objective is to predict whether a patient’s CDR score will
change within a given time period.

Secondary Objective: Beyond prediction accuracy, we aim to identify brain regions that
significantly affect the outcome of our prediction.

3.2 Overall Framework

To meet our objectives, we develop a transformer-based pipeline that is trained in two stages:

Stage 1: Self-supervised pretraining via atlas reconstruction. The input for this
stage consists of the original 4D fMRI scans {X(i)}. The self-supervised learning target is
a 2D atlas representation, denoted A(i) ∈ RR×T . The atlas time series are computed using
the Schaefer 2018 parcellation (Schaefer et al., 2018), which divides the cerebral cortex
into R = 200 functionally coherent regions based on resting-state connectivity patterns.
This parcellation scheme has been validated to align with known functional networks and
provides a biologically meaningful dimensionality reduction from voxel space (∼100K voxels)
to regional space (R = 200 regions). Each region’s activation time series is computed by
spatially averaging the signals of all voxels within that region’s corresponding spatial mask.
The result is an R×T matrix, where each row contains a single region’s temporal dynamics
and each column represents the brain-wide activation pattern at a specific time point.
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Figure 2: Architectural overview of the AG-ViT framework. Our model is trained
in two stages. Stage 1: Self-Supervised Pretraining. An encoder-decoder architecture
with progressive spatiotemporal reduction maps a 4D fMRI scan to a compact set of bottle-
neck features. The decoder’s objective is to reconstruct an atlas representation of each scan.
The bottom panel illustrates the progressive reduction of data dimensionality through the
encoder. Stage 2: Supervised Fine-tuning. The pretrained encoder is frozen, acting as
a universal feature extractor. The learned bottleneck representations are then used to train
task-specific MLP heads for various downstream predictions.

We learn an encoder function fθenc : RT×H×W×D → Rdb that maps the high-dimensional
fMRI volume to a compact bottleneck representation hb. This encoder is trained jointly
with a decoder fθdec

: Rdb → RR×T to reconstruct, for each scan X(i), its corresponding
atlas representation A(i). The parameters for both the encoder and decoder are optimized
on unlabeled fMRI data by minimizing the reconstruction error:

θ∗enc, θ
∗
dec = arg min

θ
EX∼D∥fθdec(fθenc(X)) −A∥2, (1)

where ∥ · ∥ denotes the Frobenius norm.

Stage 2: Supervised training of prediction head. After pretraining, we freeze the pa-
rameters of the encoder fθ∗

enc
and use it to map each input sample X(i) to its low-dimensional

bottleneck representation h
(i)
b = fθ∗

enc
(X(i)). A task-specific prediction head gθhead is then

trained on the labeled data to predict the labels y(i) from the low-dimensional embeddings

h
(i)
b . The parameters θhead are optimized to minimize the cross-entropy loss function, de-

noted Ltask.
θ̂head = arg min

θhead
Ltask(gθhead(fθ∗

enc
(X)), y). (2)

Figure 1 provides an illustration of the two-step procedure, and the subsequent Test-Time
adaptation mechanism described in Section 3.4.

3.3 Architecture

Our model is a 4D Vision Transformer (Vaswani et al., 2017; Dosovitskiy et al., 2020)
with a progressive reduction encoder. As illustrated in Figure 1 and described in detail in
Section 3.2, the framework operates in two main stages: self-supervised pretraining via atlas
reconstruction, followed by supervised fine-tuning with task-specific heads.

Encoder Architecture. The encoder is designed to efficiently map the high-dimensional
4D fMRI input (X ∈ RT×H×W×D) to a compact bottleneck representation (hb). Its key
components are as follows:

• Spatiotemporal Patch Embedding. For each timepoint, the scan is partitioned into
non-overlapping 3D spatial patches of size 6× 6× 6. Each patch is flattened and linearly
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Figure 3: Test-Time Adaptation (TTA)
Process. The initial bottleneck, h0, is itera-
tively refined over K steps. In each step, the
decoder reconstructs the atlas, and the bot-
tleneck is updated to minimize the reconstruc-
tion error against the subject’s true atlas. The
final adapted bottleneck, hK , is then used for
task prediction.

projected into a token embedding. Following common practice, to preserve the 4D struc-
ture, we augment these tokens with separate 2D sinusoidal positional encoding for their
spatial and temporal coordinates.

• Progressive Reduction. The sequence of tokens is processed through four stages that
progressively reduce dimensionality. The initial stage consists of four standard Trans-
former blocks operating at the full spatiotemporal resolution. The subsequent stages
systematically compress the representation. First, a learned spatial reduction module
reduces the number of spatial patches per time point from Np to a smaller set N ′

p. This is
followed by a similar temporal reduction module that compresses the temporal dimension
from T to T ′, see illustration in Fig. 6(A).

• Attention-Based Bottleneck. In the final stage of the encoder, we employ an attention-
based aggregation mechanism inspired by PatchMerger (Yu et al., 2022). As shown in
Figure 2b, a small set of learned query tokens attends to the spatiotemporal feature map,
aggregating the information into a compact, fixed-size vector. This mechanism inherently
captures the statistical dependencies and relationships between different spatial-temporal
patches of brain activity. The attention weights explicitly quantify the relevance or influ-
ence of each brain region’s activity on the learned query tokens, thereby directly reflecting
the functional connectivity patterns between them (Wei et al., 2024; Kim et al., 2024).

Decoder. We train a lightweight multi-layer perceptron (MLP) to reconstruct the atlas

A(i) from the corresponding bottleneck representation h
(i)
b by minimizing the loss defined

in equation 1.

Task Heads. During supervised training, the pretrained encoder is frozen, and shallow
2-layer MLP heads are trained on the bottleneck features for each downstream classification
task.

3.4 Test-Time Adaptation

Inspired by the success of test-time adaptation techniques in computer vision (Gandelsman
et al., 2022; Sun et al., 2020), we apply this principle to fMRI analysis and find that it
yields significant improvements by leveraging subject-specific nuances. We use the subject’s
own atlas-based activations as a self-supervised signal to iteratively refine the bottleneck
representation. The process is illustrated in Figure 3. Using the frozen pretrained decoder,
we iteratively refine the bottleneck representation starting from the initial h0 = fθ∗

enc
(Xtest).

The bottleneck is optimized via gradient descent for K steps to better reconstruct the test
subject’s atlas:

hk+1 = hk − η∇h∥fθ∗
dec

(hk) −Atest∥2 (3)

The refined bottleneck hK is then used for final task prediction.

4 Experiments

Dataset. We conduct our experiments on rs-fMRI scans from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) repository, a large-scale, multi-site study providing longi-
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Table 1: CDR degradation prediction results across three time horizons.

Model Metric 1-Year Horizon 2-Year Horizon 3-Year Horizon

Logistic Regression
F1 0.561 0.660 0.650
Accuracy 0.759 0.737 0.701

Multi Task-NN
F1 0.182 0.300 0.494
Accuracy 0.740 0.687 0.700

Single Task-NN
F1 0.233 0.423 0.440
Accuracy 0.760 0.700 0.664

AG-VIT
F1 0.710 0.768 0.749
Accuracy 0.867 0.816 0.792

AG-VIT + TTA
F1 0.713 0.796 0.766
Accuracy 0.870 0.843 0.805

tudinal neuroimaging, clinical, and cognitive data. We included all subjects with available
resting-state fMRI (rs-fMRI) scans. Our dataset includes subjects across the cognitive spec-
trum, from Cognitively Normal (CN) to Mild Cognitive Impairment (MCI) and Alzheimer’s
Disease (AD).

Downstream Tasks. Our primary clinical application is the prediction of cognitive de-
terioration. Each subject in ADNI undergoes multiple Clinical Dementia Rating (CDR)
assessments over time, providing a longitudinal measure of cognitive and functional impair-
ment. The CDR scale ranges from 0 (no dementia) to 3 (severe dementia), with intermediate
values of 0.5 (questionable), 1 (mild), and 2 (moderate). We frame cognitive decline pre-
diction as a binary classification task, where a patient’s label is set to ′1′ if the CDR score
increased from its baseline assessment in a given time frame. We repeated the experiment
for three different timeframes: (i) One year, (ii) Two years, and (iii) Three years. For
this task, subjects without follow-up CDR assessments in the respective time windows were
excluded. This formulation allows us to evaluate the model’s ability to detect subtle neu-
rophysiological patterns predictive of cognitive decline at different temporal horizons. To
further validate the generalizability of our learned representations, we evaluated our model
on age and gender classification. The results for these tasks are given in Appendix E.

Baselines. In AG-VIT, we train a 2-layer neural network on the set of features obtained
after the pretraining phase. We compare the outcome of AG-VIT to three classifiers trained
on features that constitute the upper triangular elements of the functional connectivity
matrix. Recall that R denotes the number of regions obtained by an Atlas parcellation
A ∈ RR×T . The elements of the functional connectivity matrix, denoted C(i, j), are equal
to the Pearson correlation between the BOLD signal samples of regions i and j in A. Training
a classifier on such features is a common practice in neuroimaging, see Finn et al. (2015);
Du et al. (2018) and references therein.

The FC feature set serves as the input for three baseline models: (i) Logistic Regres-
sion (LR): A standard linear classifier that provides a simple, interpretable performance
benchmark. (ii) Single-Task Neural Network (ST-NN): A 2-layer MLP, matching the
architecture of our model’s fine-tuning heads. A separate ST-NN model was trained inde-
pendently for each downstream task. (iii) Multi-Task Neural Network (MT-NN): A
2-layer MLP with a shared hidden layer and separate output heads for each prediction task.
This model, trained jointly on all tasks, is used to assess any benefits of multi-task learning
on connectivity features.

4.1 Results

Cognitive Decline Prediction.

The primary results for CDR degradation prediction are shown in Table 1. Our proposed
model significantly outperforms all baselines baselines across all three time horizons. For the
1-year prediction task, our model achieves an F1-score of 0.710, an improvement of 14.9

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

Figure 4: Test-time adaptation improvement for different metrics and prediction horizons.
Each subplot shows the performance improvement (relative to no adaptation) as a function
of TTA steps (10-200). Results are shown for 1-year (orange), 2-year (green), and 3-year
(blue) CDR degradation prediction tasks.

percentage points over the best-performing baseline. This highlights the effectiveness of
our atlas-based pretraining in learning features that are highly sensitive to subtle, early-stage
neurophysiological changes predictive of decline. Crucially, the addition of our proposed
Test-Time Adaptation (TTA) mechanism provides a further performance boost. For the
2-year and 3-year prediction horizons, TTA improves the F1-scores from 0.768 to 0.796
and from 0.749 to 0.766, respectively. This consistent improvement validates the benefit of
personalizing the model at test time.

Optimizing Test-Time Adaptation. To determine the number of adaptation steps, we
evaluated the TTA mechanism on a separate validation set. The results, presented in Fig.
4, show a slightly different behavior for the different tasks. Based on the validation set,
we set K = 100 for the 2-year and 3-year horizons to capture the peak benefit shown in
the longer-term prediction scenarios. For the more sensitive 1-year task, we used a more
conservative K = 50 to leverage the initial gains without risking performance degradation
from over-adaptation.

4.2 Model Explainability and Regional Importance Analysis

Ablation-Based Importance Mapping. To understand which brain regions contribute
most critically to cognitive decline predictions, we developed a systematic ablation frame-
work to quantify spatial patch importance. Unlike traditional gradient-based attribution
methods, our approach directly measures the relevance of each spatial region by observing
prediction degradation when that region’s information is corrupted.

Methodology. We employed a mean ablation (Nanda et al., 2023) strategy to assess patch
importance. For each spatial patch Pt,n in a test scan, we replaced it with the mean patch

template computed across all training scans: P̄t,n = 1
Ntrain

∑Ntrain

i=1 P
(i)
t,n. This approach

replaces region-specific information with population-average patterns, effectively removing
subject-specific functional signatures while maintaining realistic signal characteristics. For
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each test scan and each spatial patch location n, we computed the importance score by,

In = M(X) −M(Xablated
n ), (4)

where M represents a performance metric (F1, precision, recall, or accuracy), X is the orig-

inal scan, and X̃n is the scan with patch n replaced by its mean template. A large positive
value of In indicates that corrupting patch n substantially degrades model performance,
suggesting high importance for that spatial location. Note that the model parameters ob-
tained in the two training stages remained fixed during this analysis, ensuring that the
importance scores reflect the learned representations rather than any adaptation effects.

Regional Aggregation. To provide clinically interpretable results, we mapped the patch-
level importance scores back to anatomical regions defined by the Schaefer-200 atlas. Each
patch was assigned to its corresponding atlas region based on maximal spatial overlap. The
regional importance score was computed as:

Rr =
1

|Nr|
∑
n∈Nr

In (5)

where Nr is the set of patches whose maximal overlap is with region r. This aggregation
provides a brain-wide importance map at the resolution of functional brain networks, en-
abling direct clinical interpretation. The importance score was computed separately for the
1-year, 2-year, and 3-year CDR degradation predictions. For each task, we computed Rr

for four performance metric: (i) F1 score (ii) Precision (iii) Recall (iv), and Accuracy.

Comparing brain regions contributing to model prediction and Aβ deposition.
To assess the relationship between rs-fMRI–derived predictions and established markers
of Alzheimer’s disease (AD) neuropathology, we compared the importance scores to the
degree of amyloid β (Aβ) accumulation across the brain (Haass & Selkoe, 2007). Aβ is one
of the two central molecular hallmarks of AD (alongside hyperphosphorylated tau) and is
considered both the earliest to manifest and the more disease-specific hallmark of the two
(Hardy & Selkoe, 2002) . Estimates of AD-related Aβ deposition were derived from a cohort
of 45 subjects with clinically established AD and 34 young healthy controls who underwent
carbon-11–labeled Pittsburgh Compound B (PiB) PET imaging (Cohen & Klunk, 2014).
PiB is injected intravenously, selectively binds to insoluble deposits of Aβ in the brain, and
scanned via well-established positron emission tomography (PET) (Driscoll et al., 2012).
Here, we have used a cohort that forms the basis of the “Centiloid protocol”, which is
the only quantitative metric of Aβ burden, recognized by the FDA (Rowe et al., 2016).
While the Centiloid protocol is typically applied at the individual-subject level, here we
alternatively applied a general linear model (GLM) contrasting AD and young control (YC)
uptake. Preprocessing steps included PET-to-structural MRI coregistration, normalization
to MNI space, within-subject PiB normalization to mean cerebellar uptake, and parcellation
using the Schaefer200 atlas (Schaefer et al., 2018) (Fig. 5(C)). GLM results were Bonferroni-
corrected for multiple comparisons.

To compare the importance scores for the 3-year prediction with Aβ deposition in AD, we
plotted Z-scores for (1) the 10 brain regions with the highest importance scores (blue) and
(2) t-values derived from the AD > YC PiB contrast (Fig. 5(A)). Complementarily, to
visually compare the patterns of brain regions contributing to model prediction and Aβ
deposition, we projected importance scores for the 3-year prediction (Fig. 5(B)), and the
AD > YC PiB GLM contrast results (Fig. 5(A)) onto inflated 3D brain models.

Results. Comparing importance scores and the pattern of Aβ uptake demonstrates par-
tial concordance between regions with high importance scores and those with elevated Aβ
uptake. Specifically, several regions demonstrated both high importance and high Aβ depo-
sition, including the right Dorsal Attention Network, left Default Mode Network (temporal
region), and right Default Mode Network (dorsal/medial prefrontal cortex) (Fig. 5(A)).
Interestingly, multiple other regions exhibited a discordant pattern, with high importance
scores but low Aβ uptake. These included regions of the Visual, Somatomotor, and right
Salience/Ventral Attention Networks (Fig. 5(A)).

Discussion. The partial concordance between importance scores and Aβ uptake may be
explained by several mechanisms. AD progression is widely considered to arise from a mul-
titude of interacting factors. The most extensively studied—yet not fully understood—is
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Pattern of Amyloid β deposition in Alzheimer's disease 

Importance score for 3 years horizon based on F1 metric
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Figure 5: Comparing brain regions contributing to model prediction and amyloid-
β deposition. (A) Z-scores for the 10 brain regions with the highest importance scores
(blue) alongside t-values derived from the Alzheimer’s vs. young control general linear
model (GLM) contrasts in the matching brain regions (see abbreviations). (B). Importance
scores for the 3-year prediction (based on the F1 metric) projected onto the corresponding
regions of interest and displayed on an inflated 3D brain model. C. Results from the GLM
analysis comparing PET PiB uptake between Alzheimer’s patients and young control sub-
jects, reflecting Aβ deposition, projected onto an inflated 3D brain model. Brain regions
abbreviations are in Table 4.

the interplay between Aβ and tau (Nelson et al., 2012): while Aβ is regarded as an early
and disease-specific hallmark of AD, tau deposition has been suggested to spread along rs-
fMRI–derived functional connectivity networks (Vogel et al., 2020). Accordingly, compar-
isons with tau deposition patterns may yield more concordant results. Given that rs-fMRI
is primarily applied to analyze functional connectivity, signal alterations within specific
regions may reflect disruptions within the network. Thus, one may reconsider Aβ deposi-
tion as “concordant” when it occupies nodes functionally connected to regions with high
importance scores. Finally, the model may accentuate previously unrecognized markers of
regional vulnerability or, alternatively, highlight regions that are highly stable and relatively
unaffected—similarly to the role the cerebellum plays in within-subject PiB normalization
(Heeman et al., 2020).

Limitations. In our work, we demonstrated that transformer-based representations of
rs-fMRI generated by AG-ViT achieve significant performance gains over conventional ap-
proaches and open new avenues for interpreting the functional substrates of Alzheimer’s
disease. However, several limitations should be considered in future work: (i) AG-ViT is
trained on approximately 900 scans from the ADNI repository, most of which are from
patients in North America. Incorporating additional datasets - including non-Alzheimer’s
cohorts - may improve the model’s generalization across populations and clinical contexts.
(ii) fMRI scans primarily capture functional connectivity patterns. Extending the architec-
ture to integrate additional imaging modalities, such as PET, could provide complementary
information and further enhance predictive performance. (iii) The brain regions identified as
having the strongest impact on model predictions show only partial concordance with pat-
terns of Aβ uptake. Incorporating comparisons with tau deposition, or other pathological
markers, may improve the interpretability and biological relevance of the model.
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A Data Selection and Preprocessing of fMRI Scans

Data Selection and Imaging Protocols. From the ADNI database, we selected subjects
with resting-state functional MRI (rs-fMRI) scans from ADNI-2, We utilized both types of
rs-fMRI protocols available in ADNI-2: (1) the standard resting-state fMRI scans, and (2)
the extended resting-state fMRI scans, which we trimmed to match the temporal length
of the standard acquisitions to ensure consistency across our dataset. For Stage 1 (SST),
we utilized all available rs-fMRI scans from ADNI-2, regardless of clinical assessment avail-
ability. This maximized the amount of data available for learning robust representations
from brain dynamics. For Stage 2 (SFT), we selected only subjects who had valid labels-
specifically, those with at least two Clinical Dementia Rating (CDR) assessments: a baseline
assessment at the time of scanning and at least one follow-up within our 3-year prediction
window.

Preprocessing. Raw fMRI data scans were preprocessed using the CONN toolbox
(Whitfield-Gabrieli & Nieto-Castanon, 2012; Nieto-Castañón & Whitfield-Gabrieli, 2022)
via the MNI pipeline, a robust and standardized preprocessing workflow. The pipeline in-
cludes slice timing correction, motion correction using SPM12’s realignment procedure, brain
extraction, and normalization to MNI152 standard space. The 3D volumes were downsam-
pled to a spatial resolution of [31, 37, 31] to ensure computational feasibility while preserving
essential functional information. The ground truth atlas-based time series for pretraining
were extracted using the Schaefer-200 parcellation (7 networks variant) (Schaefer et al.,
2018), which has been shown to provide stable and reproducible functional parcellations
across individuals.

Following the standard preprocessing pipeline, we applied a temporal windowing strategy
to the rs-fMRI scans. Scans containing 140 temporal volumes were divided into 14 non-
overlapping windows of 10 timepoints each. This segmentation is a well-motivated design
choice for several reasons. First, it makes the 4D Transformer architecture computationally
tractable by significantly reducing the temporal sequence length. Second, it serves as a pow-
erful data augmentation technique, increasing our training set size by a factor of 14, which
is critical in the data-scarce medical domain. Finally, it allows the model to learn from
diverse snapshots of resting-state activity from each subject. While longer time series can
exhibit non-stationarity, analyzing shorter, distinct windows enables the model to capture
a more comprehensive set of the functional states that occur during a scan. A 10-timepoint
window is also sufficient to capture meaningful low-frequency fluctuations central to resting-
state fMRI analysis. This strategy greatly amplified the data available for self-supervised
pretraining, enhancing the diversity of learnable temporal patterns. While this windowing
strategy is computationally efficient and provides effective data augmentation, we acknowl-
edge that it may limit the model’s ability to capture very low-frequency dependencies that
evolve over longer time scales. Future work could explore hierarchical models that integrate
information across these shorter windows.

B Architecture Details

Fig. 6 shows a schematic description of two components in our architecture: (i) Spa-
tial reduction: computing a reduced number of spatial tokens by a non-linear layer. (ii)
Attention-based bottleneck: A component from Yu et al. (2022) whose output is a feature
space representation of both spatial and temporal domains.
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Figure 6: Detailed architecture of key network components.(a) Spatial Reduc-
tion. Spatial Reduction: The Non-Linear Combination Network reduces spatial patches
from Np to N ′

p at each timepoint through a learned selection mechanism. Input patches
are reshaped, linearly transformed with parameters Ws, and activated with GeLU func-
tion σ to produce a reduced set of spatially-informative patches. (b) Attention-based
Bottleneck: Patch Merger Attention aggregates the spatial-temporal token sequence S
into compact representations using learned merger matrices W. The mechanism computes
Z = softmax(WTST ) · S, where m learned query tokens attend to all spatial-temporal fea-
tures, creating m merged representations that form the final bottleneck.

C Implementation Details

Our 4D Vision Transformer was implemented in PyTorch. The self-supervised pretraining
phase used an AdamW optimizer with a learning rate of 4e-5, a weight decay of 0.05, . The
model was trained for 55 epochs with a batch size of 8.

For supervised fine-tuning, the pretrained encoder was frozen, and task-specific 2-layer MLP
heads were trained. These heads included a dropout layer with a rate of 0.2. We used the
AdamW optimizer with a learning rate of 3e-6 and trained for 2 epochs.

All experiments used a 70/10/20 train/validation/test split. To prevent data leakage, this
split was performed at the scan level, ensuring that all 14 temporal windows extracted from
a single fMRI scan belonged exclusively to one split. The model and experiments were run
on NVIDIA L40s GPUs.

D Full results table

Table 2 shows the results on the main prediction task, including precision and recall.

E Phenotype Prediction Results

To assess the general quality of the learned representations beyond the primary task of cogni-
tive decline prediction, we evaluated our model on two foundational phenotype benchmarks:
age prediction (multi-class classification) and sex classification (binary classification).

Table 3 details the performance on these tasks. Our method dramatically outperforms
the connectivity-based baselines. For sex classification, our model achieves a near-perfect
F1-score of 0.976. For age group prediction, our model achieves an F1-score of 0.812, a sub-
stantial improvement of over 21 points compared to the next best baseline, demonstrating
the superior representational power of our approach. This strong performance on general
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Table 2: CDR degradation prediction results across three time horizons.

Model Metric 1-Year Horizon 2-Year Horizon 3-Year Horizon

Logistic Regression

F1 0.561 0.660 0.650
Accuracy 0.759 0.737 0.701
Recall 0.568 0.654 0.641
Precision 0.716 0.742 0.679

Multi Task-NN

F1 0.182 0.300 0.494
Accuracy 0.740 0.687 0.700
Recall 0.111 0.188 0.400
Precision 0.500 0.692 0.650

Single Task-NN

F1 0.233 0.423 0.440
Accuracy 0.760 0.700 0.664
Recall 0.139 0.313 0.360
Precision 0.714 0.652 0.562

Ours

F1 0.710 0.768 0.749
Accuracy 0.867 0.816 0.792
Recall 0.610 0.854 0.840
Precision 0.848 0.697 0.676

Ours + TTA

F1 0.713 0.796 0.766
Accuracy 0.870 0.843 0.805
Recall 0.610 0.854 0.853
Precision 0.848 0.757 0.699

phenotype prediction validates that our atlas-guided pretraining learns robust and informa-
tive features from the fMRI data.

Table 3: Performance comparison for sex classification and age group prediction. Our
end-to-end model significantly surpasses baselines that rely on pre-computed connectivity
features.

Sex Classification

Model F1 Accuracy Recall Precision

LR 0.877 0.877 0.881 0.878
MT-NN 0.857 0.863 0.905 0.814
ST-NN 0.853 0.856 0.921 0.795
Ours 0.976 0.978 0.968 0.983

Age Group Prediction

Model F1 Accuracy Recall Precision

LR 0.598 0.600 0.609 0.595
MT-NN 0.599 0.600 0.594 0.605
ST-NN 0.581 0.580 0.577 0.590
Ours 0.812 0.810 0.812 0.815

F Brain regions abbreviations

Table 4 lists the abbreviations of relevant brain regions.
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Abbreviation Brain region
RH DorsAttn FEF 1 Right Hemisphere Dorsal Attention Network,

Frontal Eye Fields, ROI 1
RH SalVentAttn TempOccPar 1 Right Hemisphere Salience/Ventral Attention Net-

work, Temporo-Occipital-Parietal Region, ROI 1
RH Vis 9 Right Hemisphere Visual Network, ROI 9
LH Vis 11 Left Hemisphere Visual Network, ROI 11
RH Vis 15 Right Hemisphere Visual Network, ROI 15
RH Vis 2 Right Hemisphere Visual Network, ROI 2

LH SomMot 3 Left Hemisphere Somatomotor Network, ROI 3
LH Default Temp 1 Left Hemisphere Default Mode Network, Temporal

Region, ROI 1
RH Default PFCdPFCm 1 Right Hemisphere Default Mode Network, Dor-

sal/Medial Prefrontal Cortex, ROI 1
LH DorsAttn Post 1 Left Hemisphere Dorsal Attention Network, Poste-

rior Region, ROI 1

Table 4: Brain region abbreviations.
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