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Abstract
Objective:  This narrative review examines applications of artificial intelligence to fMRI in Alzheimer’s disease, with emphasis on deep-
learning methods. It summarizes how studies approach identification of preclinical functional patterns and assessment of treatment 
responsiveness, and documents common modeling choices, evaluation practices, and limitations.
Methods:  This narrative review collates machine- and deep-learning uses of fMRI in Alzheimer’s disease under three themes: disease-state 
delineation, therapy-response prediction, and progression modeling. Reported evaluation practices include patient-level site-held-out or 
external validation with leakage control, calibration (Brier, ECE), decision-curve analysis, scanner harmonization audits, and uncertainty/
interpretability assessments. Approaches seen include CNNs, GNNs, and multimodal fusion; robustness strategies include self-supervision, 
domain-invariant training, and federated learning.
Results:  Studies have used AI models to characterize patterns in functional connectivity, explore links to clinical trajectories, and examine 
responder/non-responder distinctions. Multimodal combinations of fMRI with clinical, genetic, or molecular measures often report higher 
cross-validated performance than fMRI alone, though findings are heterogeneous and sensitive to analytic choices. Persistent constraints 
include limited interpretability, small and fragmented datasets, and cross-platform variability, which together limit generalizability and 
clinical applicability.
Conclusion:  AI-driven analysis of fMRI data shows promise in supporting the study and potential clinical management of Alzheimer’s 
disease, including early detection and personalized treatment strategies. Future work should focus on improving model interpretability, 
standardization, and ethical oversight to ensure reliable and responsible application.
Keywords:  Alzheimer’s disease, fMRI, artificial intelligence, machine learning, deep learning

Introduction 
Functional MRI (fMRI) occupies a central position in contem-
porary Alzheimer’s disease (AD) research not because it rivals 
structural MRI in depicting atrophy, but because it captures 
systems-level dysfunction that precedes clinical decline.1,2 Well 
before hippocampal volume breaches radiological thresh-
olds, fMRI reveals reproducible alterations across large-scale 
networks—most prominently the default mode, salience, and 
frontoparietal control systems—manifesting as attenuated 
interregional synchrony; state-dependent non-stationarity in 
dynamic functional connectivity (time-varying coupling with 
altered dwell times and transition architecture);3–5 and asym-
metries in effective connectivity (directed influence inferred 
from statistical or biophysical models) within hippocampal–
posterior cingulate–medial prefrontal circuitry.6–8 Considered 
jointly, these phenomena constitute a coherent functional sig-
nature with potential to (i) distinguish preclinical risk from 
normative aging, (ii) physiologically stratify mild cognitive 
impairment (MCI) subtypes, and (iii) forecast progression 
from prodrome to dementia.6,9–11

The translational appeal of such biomarkers is evi-
dent: they are non-invasive, repeatable, and mechanistically 
anchored, linking cognitive phenotypes to circuit physiology 
that can be monitored longitudinally.12–14 Inter-individual var-
iability arising from demographic, vascular, arousal, motion, 
and pharmacologic factors can equal or exceed disease 
effects.15,16 Moreover, pipelines predicated on stationarity and 
linearity underspecify intrinsically non-stationary, nonlinear 
network dynamics, depressing effect sizes and eroding out-of-
site reproducibility.16,17 Fragility is compounded by information 
leakage, over-parameterization at small N, and performance 
reporting that privileges discrimination while neglecting cali-
bration, clinical utility, and decision-curve net benefit.

Artificial intelligence offers a principled route to fMRI 
biomarker development in AD by aligning model inductive 
biases with the data’s fundamental structures—spatial pat-
terning, temporal dynamics, and network topology—and by 
emphasizing representations that generalize across scanners 
and institutions.18–22 Convolutional encoders impose locality 
and translation invariances to detect distributed deviations 
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along medial temporal–posterior midline circuits without 
information loss from coarse averaging;23–25 spatiotemporal 
and latent-state formulations (e.g., sequence models, state-
space abstractions) recast BOLD as trajectories through 
network states, summarizing coordination changes via occu-
pancy, persistence, and switching;26–28 These architectural 
choices are coupled with learning principles for domain 
robustness—self-supervised/contrastive objectives to reduce 
label dependence, harmonization-aware training to attenuate 
site/style variance without suppressing biological signal, and 
federated optimization to exploit multi-institutional heteroge-
neity while preserving privacy and local governance. Under 
this framework, the target biomarker is not a region-wise 
amplitude but a calibrated, uncertainty-aware representation 
of where coordination reorganizes, when it does so, and along 
which edges—with attribution stable to nuisance perturba-
tions and transportable to held-out sites—thereby supporting 
discrimination across the normal-at-risk to MCI to AD con-
tinuum, forecasting conversion risk, and enabling physiologi-
cally grounded treatment stratification.

Claims of clinical readiness warrant a stringent eviden-
tiary standard. Models should be evaluated at the patient level 
with site-held-out splits and auditable leakage control; pro-
duce calibrated risk estimates accompanied by decision-curve 
analyses benchmarked against standard care; demonstrate 
robustness across vendors, sequences, and preprocessing 
choices with explicit residual-bias reporting; and exhibit inter-
pretability that maps stably onto known AD physiology rather 
than nuisance variance (e.g., motion, vascular pulsatility).29–31 
Meeting these standard shifts emphasis from within-cohort 
discrimination to transportable, trustworthy tools capable 
of informing prognosis, enriching trials, and individualizing 
monitoring.

Adopting this translational lens, the present review pur-
sues four aims: (i) delineate the functional phenotype of early 
AD in fMRI—its network-level alterations, temporal instabil-
ities, and directional asymmetries; (ii) analyze methodolog-
ical sources of brittleness and realistic performance ceilings; 
(iii) evaluate AI approaches—convolutional, spatiotemporal/
state-space, and graph-based models; representation learning 
under label scarcity; harmonization-aware training; and fed-
erated paradigms—against explicit criteria of generalization, 
calibration, robustness, and interpretability; and (iv) articu-
late methodological and governance requirements, including 
prospective designs with pre-specified analysis plans, stand-
ardized acquisition and metadata, transparent reporting of 
failure modes, and open, auditable code. Our thesis is delib-
erately pragmatic: AI-enhanced fMRI can advance earlier 
case finding, trajectory forecasting, and treatment selection/
monitoring in AD, provided methodological sophistication is 
coupled to rigorous evaluation and operational discipline.

Methods 
This narrative, methods-aware review offers a conceptual 
and methodological synthesis of artificial-intelligence (AI) 
applications to functional MRI (fMRI) in Alzheimer’s disease 
(AD), oriented to three translation-relevant aims: preclinical/
prodromal case-finding, progression forecasting—especially 
MCI→AD conversion—and treatment selection/monitoring. 

We did not pursue exhaustive retrieval or meta-analysis. Lit-
erature was identified in PubMed, Scopus, and IEEE Xplore 
(2004–2025), supplemented by backward/forward citation 
chaining and targeted screening of preprints reporting com-
plete methods (last search: October 2025). Queries combined 
AD and fMRI/connectivity terminology with a broad AI lex-
icon (convolutional and graph neural networks, transformers, 
state-space/sequence models, self-supervised learning) and 
were augmented by terms indexing translational stringency 
(calibration, decision-curve analysis, site-held-out/external 
validation, uncertainty quantification, harmonization); a rep-
resentative verbatim PubMed strategy is provided in the Sup-
plement to support reproducibility.

Eligible contributions were peer-reviewed studies and 
substantial preprints in which fMRI was a primary analytic 
signal for AI/ML tasks in diagnosis/risk stratification, 
disease-course modelling, or treatment response. Acceptable 
representations included voxel/region activity maps, static and 
dynamic functional connectivity, effective connectivity, and 
graph/mesoscale indices; multimodal reports were retained 
when fMRI contributed core information to inference. Records 
in which AI or fMRI was peripheral, items without full text, 
and non-English publications were set aside; preprints were 
treated qualitatively and flagged as non–peer-reviewed.

From each study we abstracted cohort context (single vs 
multi-site, sample size, vendors/sequences), fMRI paradigms 
and preprocessing/harmonization, representational choices, 
algorithmic family (CNNs; spatiotemporal/sequence and 
state-space models; GNNs/transformers; multimodal hybrids), 
and strategies for representation learning and robustness 
(self-supervised/contrastive or masked pretraining; ComBat/
ComBat-GAM and domain-invariant training; test-time 
adaptation; federated optimization). Evidence was synthesized 
qualitatively through a methods-aware lens emphasizing 
leakage control and patient-level validation granularity; 
external or site-held-out testing; domain-shift handling 
with residual site-effect quantification where available; and 
calibration/uncertainty (Brier score, expected calibration 
error) alongside interpretability and attribution stability. Given 
heterogeneity in datasets, representations, outcomes, and 
validation designs, we undertook thematic synthesis across 
spatial, temporal, and topological dimensions and contrasted 
within-site with out-of-site performance. The review was 
unregistered, omitted PRISMA flow and formal risk-of-bias 
scoring by design, and may be subject to publication and 
language biases; its aim is a theory- and methods-driven 
integration delineating architectures, representational choices, 
and evaluative practices most likely to yield clinically credible, 
transportable AI-enabled fMRI biomarkers for AD.

Computational Frameworks and AI 
Algorithms Applied to fMRI Biomarkers in AD
We summarize results by model family, moving from CNNs 
to temporal models, graph methods, transformers with self-
supervision, and multimodal fusion. For each, we note the 
fMRI inputs used, why the fit is appropriate, how studies 
evaluate performance, and the main findings. Overall, external 
validation lags internal results, dynamic and network-aware 
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features often help, and robustness and calibration matter 
more than the specific architecture.32

Classical Machine Learning Baselines (SVM, 
Logistic/Elastic-Net, ELM, MKL)
Classical ML for AD fMRI treats diagnosis as supervised 
learning on hand-crafted features: static functional connec-
tivity (sFC) derived from Fisher-z Pearson/partial correlations 
or precision/tangent embeddings; regional activity (ALFF/
fALFF, ReHo); ICA loadings; and graph metrics (degree, 
clustering, participation, efficiency, modularity).33–35 Graphs 
are standardized (fixed-density, MST, or tangent-space) and 
signals rigorously preprocessed.36–38 Within each training 
fold, PCA/ICA/stability selection compresses feature to avoid 
leakage, feeding linear/kernel SVMs, elastic-net logistic/ridge, 
MKL integrators, Gaussian processes, or ELMs.39,40 The result 
is transparent, sample-efficient baselines whose validity hinges 
on careful feature engineering and strict control of site/motion 
confounds.38,41

These models consistently achieve reliable discrimina-
tion among cognitively normal, mild cognitive impairment 
(MCI), and AD groups when features emphasize the default-
mode and medial-temporal networks, and they show incre-
mental gains when global integration or segregation metrics 
accompany local nodal measures. Prediction of MCI-to-AD 
conversion improves further when static connectivity fea-
tures are augmented with regional activity measures or low-
order dynamic connectivity statistics, although performance 
typically declines under patient-level, site-held-out evalu-
ation unless harmonization techniques such as ComBat or 
domain-adaptive scaling are incorporated. The main advan-
tages of these approaches lie in their transparency, interpreta-
bility, and resilience in modest sample settings: sparse weight 
maps readily map to neurobiologically meaningful circuits, 
and cross-validation with nested feature construction pro-
vides leakage resistance. Nevertheless, their dependence on 
handcrafted representations and sensitivity to scanner, site, 
and motion confounds limit external generalizability, and 
most studies still prioritize discrimination over calibration 
or clinical utility. When carefully regularized and evaluated, 
however, these classical models establish reproducible bench-
marks for assessing newer deep-learning systems and remain 
indispensable for validating whether algorithmic biomarkers 
truly align with established AD neurophysiology.

Convolutional Neural Networks as the 
Mostly Applied Framework
Convolutional neural networks. Conceptually, CNNs are a 
good fit to fMRI because their core inductive biases—local 
receptive fields, weight sharing, and hierarchical feature com-
position—match how disease-related signal in AD tends to 
appear: as spatially patterned deviations in regional activity 
and inter‐regional coupling that recur across brains. In prac-
tice, fMRI inputs to CNNs fall into two main families. 

(1) Volumetric maps: 3D stacks such as ALFF/fALFF, 
ReHo, VMHC or voxel-wise seed/ICA maps are fed to 3D 
CNNs or residual CNNs; the network learns spatial motifs 
spanning hippocampus–posterior cingulate/precuneus–medial 

prefrontal territories while suppressing noise via pooling and 
normalization. Methodologically, pipelines extract these maps 
after standard preprocessing (slice timing/motion correction, 
band-pass ~0.01–0.1 Hz, nuisance regression), sometimes 
replacing fully connected layers with global average pooling to 
tame overfitting and preserve spatial locality for explainability. 

(2) Connectome “images”: ROI×ROI correlation/preci-
sion matrices are treated as images and passed to specialized 
CNNs that convolve along rows and columns to capture each 
region’s connectivity “fingerprint,” thereby respecting graph 
symmetry and reducing parameters relative to dense MLPs. 
The literature shows these designs are the workhorses for AD 
fMRI. 

For connectome CNNs, Meszlényi et al. introduced a 
connectome-convolutional network that shared 1×N and N×1 
filters across the matrix; on an aMCI dataset it outperformed 
matched deep and shallow baselines and could integrate mul-
tiple connectivity metrics, illustrating why weight sharing over 
ROI fingerprints improves data efficiency in small-N fMRI 
settings.42 For volumetric CNNs, several rs-fMRI AD/ADNI 
studies report strong discrimination or severity readouts: 
Qureshi et al. used 3D-CNNs on group-ICA spatial maps to 
classify dementia severity (CDR 0.5–1 vs 2–3) with ~0.92 bal-
anced accuracy and highlighted networks (medial frontal, sen-
sorimotor, executive control, dorsal attention, visual) whose 
involvement is neurobiologically plausible for AD.43 Duc et al. 
extended this idea by jointly predicting diagnosis and MMSE 
from rs-fMRI ICA maps with a 3D deep model, showing that 
CNN features can carry both categorical and continuous clin-
ical signal.44 Ramzan et al. trained residual CNNs on rs-fMRI 
to perform six-stage classification (CN, SMC, EMCI, MCI, 
LMCI, AD) in ADNI, demonstrating multi-class staging 
capacity of volumetric CNNs, though later work cautions that 
rigorous, subject-level splits are essential to avoid leakage.45 
More recent ADNI work by Zhou et al. implemented a compact 
3D-CNN with attention to interpretability (CAMs), reaching 
~93% accuracy/AUC~0.95 and emphasizing the importance 
of careful class balance and multimodal co-variates.21 Explicit 
explainability studies now show that Grad-CAM on 3D CNNs 
trained on ALFF/fALFF/ReHo/VMHC maps tends to high-
light hippocampus and precuneus in AD—anatomy con-
sistent with default-mode disruptions—while global attention 
patterns dominate in controls, reinforcing that CNN attribu-
tions can align with known AD circuitry when preprocessing 
is consistent.46 Finally, CNNs have moved beyond cross- 
sectional staging toward prognosis: a 3D-CNN that integrates 
rs-fMRI with clinical/demographic data improved prediction 
of MCI→AD conversion over imaging alone, supporting the 
idea that learned spatial features complement clinical risk fac-
tors.47 Taken together, the methodological picture is coherent: 
CNNs succeed in fMRI-AD when the representation encodes 
neurophysiologically meaningful structure (volumetric 
activity maps or ROI×ROI fingerprints), preprocessing and 
band-pass filtering stabilize inputs, subject-level validation 
prevents leakage, and attribution methods verify that discrim-
inative features concentrate in canonical AD networks rather 
than nuisance signals.46

Autoencoders
Conceptually, AEs learn a compact latent code z that preserves 
the information in high-dimensional fMRI inputs by training 
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an encoder–decoder to reconstruct the data; the bottleneck 
enforces parsimonious, structured representations, while 
convolutional AEs exploit spatial weight sharing for voxelwise 
maps and matrix/patch AEs can respect ROI×ROI connectome 
structure. Variational AEs (VAEs) add a generative prior p(z) 
with a KL term so that latent variables capture population 
distributions rather than just point embeddings—useful 
for normative modeling (learning “healthy” manifolds and 
scoring patient deviations) and for stabilizing representations 
across scanners/sites. This inductive setup matches rs-fMRI’s 
regime (high dimensionality, low SNR, site heterogeneity): 
the encoder can denoise nuisance variance while retaining 
network-level signal (e.g., DMN/limbic coupling) that shallow 
hand-crafted pipelines must engineer explicitly. In the AD 
fMRI literature, AEs are routinely used either (i) unsupervised 
pretraining before a classifier head (or fine-tuning), or (ii) 
direct representation learning for subtyping, prognosis, or 
anomaly/normative scoring. A representative rs-fMRI study 
used a stacked sparse AE + graph-CNN to classify AD stages 
from ADNI, illustrating why an AE bottleneck plus topology-
aware layers can improve small-N data efficiency compared 
with purely supervised CNNs.48 For subtyping, a 2024 Scientific 
Reports paper fed ADNI functional-connectivity matrices 
to an autoencoder + hierarchical clustering pipeline and 
uncovered two reproducible AD subtypes—one with global 
FC loss (“malignant”) and one with limbic-system–focused 
disruption (“benign”)—with graph-theoretic and cognitive 
differences, showing how AE latent spaces can expose disease 
heterogeneity that aligns with network pathology.49

On the generative/normative side, VAEs trained on 
rs-fMRI learn low-dimensional spatiotemporal trajectories 
that summarize network dynamics, a mechanism increasingly 
repurposed for AD by using likelihood/reconstruction-error 
as deviation scores or by transferring VAE latents into AD 
classifiers.50 Very recent preprints push this further: BrainVAE 
targets preclinical AD classification from rs-fMRI (including 
white-matter signals), and a VAE-based intervention frame-
work models how lifestyle/physiological changes might alter 
FC-mediated AD risk—evidence that probabilistic AE latents 
can support hypothesis-driven biomarkers as well as predic-
tion.51 Finally, field-level reviews that focus on fMRI + deep 
learning in AD consistently list AEs (with CNNs) among 
the most frequently used architectures, reflecting their role 
as data-efficient, unsupervised feature learners that bridge 
noisy fMRI measurements and biologically interpretable  
network-level disease signatures.52 

Temporal Hybrids (CNN-LSTM/CRNN) on 
Dynamic Functional Connectivity
Conceptually, these models marry convolutions (to learn 
spatial/connectomics motifs from each fMRI time-slice or 
windowed connectome) with recurrent units—typically 
LSTMs—to capture temporal dependencies in how networks 
fluctuate, making them well-suited to AD where pathology 
unfolds as non-stationary disconnection rather than a single 
static pattern. Pipelines usually (i) build sliding-window 
dynamic FC (dFC) or short sequences of ROI×ROI matrices/
feature maps; (ii) pass each frame through a CNN (or 1D/2D 
conv over rows/columns to respect connectome topology); 
(iii) feed the per-frame embeddings to an LSTM/GRU or a 

lightweight temporal attention layer; and (iv) train for staging 
(CN↔MCI↔AD) or conversion risk with subject-level, 
site-aware splits. This architecture exploits the idea that AD 
selectively perturbs transitions among intrinsic connectivity 
states—especially those anchored in the DMN–limbic axis—
so temporal trajectories (dwell times, switching, drift) add 
signal beyond static FC. Methodologically strong reports show 
consistent gains over static-feature baselines: a CRNN trained 
on ADNI rs-fMRI dFC achieved superior discrimination by 
extracting convolutional features per window and modeling 
their sequence with recurrence; ablations confirmed the tem-
poral component was necessary for the improvement.53 A 
recent CNN-LSTM study extended this to multi-stage fMRI 
classification, demonstrating that coupling spatial filters with 
sequence modeling can stabilize performance across class 
granularity.54

Independent biomarker work further validates the target 
signal: dynamic/multilayer FC distinguishes preclinical and 
symptomatic AD and aligns with amyloid/tau and cogni-
tion, justifying temporal modeling in the first place.55 Prac-
tical lessons recur across papers: use leakage-proof, site-aware 
validation; nest any unsupervised transforms inside CV; and 
mitigate cross-scanner drift via harmonization (e.g., ComBat 
variants) and, where possible, light test-time adaptation—
all of which narrow the common drop seen when moving 
from subject-random to patient-level, site-held-out tests.56 
In short, CNN-LSTM/CRNN architectures operationalize 
AD’s time-varying network pathology by pairing spatially 
meaningful filters with sequence learning, yielding more gen-
eralizable fMRI biomarkers when embedded in robust, multi-
site-aware pipelines.53

Graph Neural Networks (GNNs)
Methodologically, GNNs cast an rs-fMRI dataset into graphs 
whose nodes are atlas ROIs and edges are functional cou-
plings (e.g., Pearson/precision/tangent), then learn by mes-
sage passing: each layer aggregates neighbors’ features (spatial 
GCN), optionally with attention (GAT) to weight informa-
tive connections; spatiotemporal variants add temporal con-
volutions/recurrent blocks over dynamic graphs to model 
window-wise connectivity changes. This inductive bias fits 
AD’s network-level “disconnection”—especially DMN/limbic 
hubs—better than Euclidean CNNs because topology (who-
connects-to-whom) is explicit, pooling can summarize com-
munities, and attention can expose disease-relevant subgraphs. 
2025 field review outlines two dominant representations—
subject-level graphs (ROIs as nodes) and population graphs 
(subjects as nodes with phenotyped edges)—and argues they 
are well matched to AD heterogeneity and multimodal inte-
gration.57 On rs-fMRI specifically, spatiotemporal GCNs have 
scaled to multi-site cohorts: the STGC-GCAM framework 
(2,272 participants across ADNI/China sites) learned dynamic 
FC graphs and used a Grad-CAM–style readout on nodes; it 
reported AUCs of 0.98 (CN vs MCI), 0.95 (CN vs AD), 0.96 
(MCI vs AD) and stratified sMCI→pMCI risk (HR≈3.9) while 
localizing biomarkers in DMN, sensorimotor, and visual 
networks and linking them to cognition, Aβ and metabo-
lism via mediation analyses.20 Attention-based designs are 
also emerging: the Brain Graph Attention Network (BGAN) 
improves AD classification by letting the model learn edge/
node saliencies over FC graphs, representative of a broader 
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GAT trend in connectome learning.58 Complementing these, 
graph transformers extend attention across space–time; a spa-
tiotemporal graph transformer on rs-fMRI explicitly learns 
temporal dependencies on top of graph structure for AD 
diagnosis.59 Beyond staging, dynamic-weighted GNNs built 
directly on time-varying FC demonstrate early eMCI detec-
tion on ADNI by feeding windowed adjacency as edge weights 
and local clustering as node features, underscoring that AD 
signal lies in state transitions as much as in static connectivity.60 
Finally, GNNs have been used in AD-oriented brain-age mod-
eling from rs-fMRI, validating sensitivity to medial-temporal 
circuitry (hippocampus/parahippocampus/amygdala) that is 
central to AD.61 Taken together, the GNN literature shows that 
when graphs are carefully constructed (atlas choice, density 
control, dynamic windows), validated site-aware, and paired 
with interpretable readouts (e.g., graph Grad-CAM), they 
capture AD-relevant topology and time-varying dysconnec-
tivity more directly than voxel-space models—yielding accu-
rate staging, conversion risk stratification, and biologically 
coherent biomarkers.20

Transformer-Based Models (Vision/
Sequence; CNN–ViT Hybrids)
Transformer architectures in AD fMRI model relations rather 
than only local patterns by using self-attention over tokens 
that represent spatial patches, connectivity tiles, or temporal 
segments, enabling the capture of diffuse DMN/medial- 
temporal perturbations and non-stationary dynamics that 
precede atrophy. Vision transformers (ViT) tokenize 2D 
“images” of ROI×ROI functional connectomes or voxel-wise 
correlation/ALFF/ReHo maps into patch sequences with sinu-
soidal or learned positional encodings; AD-focused variants 
such as OViTAD report multi-stage classification (CN/MCI/
AD) from rs-fMRI (often with sMRI) with attention concen-
trating on posterior midline/medial-temporal tokens, and 
improved performance when transformer depth is paired with 
preprocessing that aggressively standardizes rs-fMRI inputs 
and harmonizes across sites. Sequence transformers operate 
directly on parcel time-series or on sliding-window dynamic 
FC (dFC) tensors, attending across windows to summarize 
state occupancy, dwell, and transition structure; recent spatio- 
temporal transformer formulations on ADNI dFC show gains 
for MCI classification and conversion risk, especially when a 
contrastive pretraining stage stabilizes temporal embeddings 
prior to supervised fine-tuning. Beyond grid tokens, spatio-
temporal graph transformers treat the brain as a time-varying 
graph Gt = (V, Et) and combine message passing with temporal 
self-attention; these models leverage graph positional encod-
ings (e.g., Laplacian eigenvectors) and report superior rs-fMRI 
diagnosis across AD stages under site-held-out validation, 
attributing importance to posterior midline and medial- 
temporal subgraph. In parallel, hybrid CNN→ViT stacks use 
convolutions to extract local motifs (e.g., hippocampus–PCC–
mPFC) and transformer layers for global integration; multi-
class staging (four to six categories) and multimodal fusion 
with clinical variables are common, with improved robustness 
to atlas heterogeneity via learned positional codes. For mul-
timodal forecasting, transformer-based unified frameworks 
fuse sMRI/clinical/genetic streams and, when available, fMRI 
tokens via cross-attention, producing joint heads for diagnosis 

and MCI→AD conversion; these systems emphasize external 
testing and deliver more stable calibration when paired with 
temperature scaling or deep-ensemble uncertainty. Training 
hygiene that consistently helps includes (i) self-supervised 
pretraining (masked autoencoding or contrastive) on large 
rs-fMRI corpora to learn scanner-agnostic embeddings before 
AD fine-tuning, (ii) site-aware splits with patient-level, site-
held-out evaluation, and (iii) harmonization or domain- 
invariant objectives to reduce scanner/style signatures—the 
latter substantially shrinking the performance gap between 
random and site-held-out splits. Attention maps from well- 
calibrated transformers repeatedly localize to DMN hubs and 
medial temporal lobe and remain stable under perturbation 
tests; in contrast, models trained without harmonization show 
site-dependent drift and degraded calibration on external scan-
ners, underscoring the need for pretraining, harmonization, 
and explicit calibration in AD fMRI transformer pipelines.

Self-Supervised Learning (SSL: Contrastive 
and Masked Pretraining)
Conceptually, SSL learns fMRI representations without labels 
by posing pretext tasks that enforce meaningful invariances: 
(i) contrastive objectives pull together two augmented “views” 
of the same subject/session and push apart others, and (ii) 
masked objectives (e.g., MAE) reconstruct missing patches/
entries, forcing the encoder to model global structure. For 
rs-fMRI this is attractive because labels are scarce, SNR is 
low, and disease signal is distributed across networks (DMN/
limbic) rather than confined to single regions; carefully 
designed augmentations (time-window jitter, small noise, 
density-preserving edge augmentations) can suppress nui-
sance variance while preserving functional topology. Recent 
rs-fMRI methods show how to do this on graphs (ROIs as 
nodes, FC as edges): unsupervised contrastive graph learning 
preserves connectivity while augmenting raw BOLD, yielding 
robust subject embeddings, and diffusion-augmented graph 
contrastive learning further stabilizes features for downstream 
diagnosis—both directly applicable to AD connectomes62 
Masked modeling has also been adapted to dynamic FC 
matrices (RS-MAE), reducing redundancy and learning tem-
porally aware representations that transfer to brain-disorder 
classification; this scaffolds AD tasks where non-stationary 
coupling changes matter.63 At the field level, medical-imaging 
reviews and neuroinformatics surveys now highlight SSL 
as a data-efficient route to generalizable features and inter-
pretable decision boundaries—often competitive with fully 
supervised baselines after light fine-tuning.64 In AD-focused 
literature specifically, rs-fMRI reviews note the emergence 
of SSL pipelines alongside CNN/GNN baselines, and cross- 
modality evidence (e.g., SSL on ADNI PET with downstream 
AD progression prediction) demonstrates clear gains in low-
label regimes—supporting the rationale for rs-fMRI AD adop-
tion.6 Practical insight: SSL works best when augmentations 
respect brain geometry (atlas topology, symmetry, edge den-
sity), pretraining is done site-mixed to learn domain-invariant 
codes, and evaluation includes site-held-out testing; under 
these conditions, SSL encoders provide strong starting points 
for AD staging and MCI→AD risk models while keeping neu-
robiological alignment through topology-aware objectives.62



J Contemp Med Sci | Vol. 11, No. 5, September-October 2025: 334–344

S. Mahakizadeh et al.
Review

AI-Integrated fMRI for Diagnosis and Precision Therapy in Alzheimer’s Disease

339

Effective-Connectivity–Centric Methods 
(DCM Surrogates; Granger/VAR; 
Neural-ODE Surrogates)
Directed influence complements sFC/dFC by estimating 
causal flow.65 Spectral/stochastic DCM on reduced subnet-
works, multivariate autoregression/Granger families on parcel 
series, and neural-ODE surrogates infer edge direction-
ality and its reweighting with disease.66 Reported alterations 
include diminished hippocampal to PCC drive, altered mPFC 
inbound/outbound influence, and redistributed control within 
the medial-temporal–posterior midline axis.67 When fed to 
classical or deep classifiers, these features often yield addi-
tive gains for staging and conversion risk beyond undirected 
connectivity.68 Trade-offs include computational burden (full 
DCM), linearity/weak stationarity assumptions (VAR), and 
the need for rigorous priors and model checks; studies that 
align directed findings with dynamic-state metrics report the 
most stable effects.68

Hybrid and Ensemble Pipelines (CNN/LSTM; 
GNN + Transformer; Multimodal Fusion)
Hybrid systems for Alzheimer’s disease (AD) integrate spa-
tial representation with temporal inference—and, when 
available, molecular and cognitive priors—to model where 
and when coordination fails within large-scale networks.68 
Architecturally, they pair convolutional or vision-transformer 
(ViT) encoders that capture distributed disruptions along the 
medial temporal–posterior midline axis with recurrent or 
transformer heads that parameterize state occupancy, dwell-
time shortening, transition structure, and evolving directional 
asymmetries (e.g., hippocampal to PCC/MPFC influence);69 
graph-centric variants replace the image backbone with GNN 
message passing so temporal attention operates on edge-
time trajectories rather than adjacency surrogates.70 Multi-
modal fusion links rs-fMRI’s dynamic/topological sensitivity 
to structural and molecular specificity via (i) early fusion  
(feature-level concatenation under modality-aware normal-
ization and missingness masks), (ii) late fusion (calibrated 
decision aggregation that is strata-aware for site/cohort), or 
(iii) cross-modal attention in which PET amyloid/tau, sMRI 
atrophy maps, CSF indices, and neuropsychological scores 
modulate the salience of fMRI-derived states, thereby biasing 
the model toward AD-consistent etiologic explanations 
rather than nuisance variance.71 To reduce estimator vari-
ance and improve transport under patient-level, site-held-out 
evaluation, ensembles (bagging/stacking across CNN/ViT/
GNN backbones, parcellations, and preprocessing variants) 
are coupled to probability calibration (temperature scaling 
or isotonic regression), with residual-site audits to quantify 
domain imprint in latent spaces.32,72 The most rigorous imple-
mentations expose multi-head outputs—stage classification, 
individualized conversion risk, and both epistemic and alea-
toric uncertainty—together with internal consistency checks 
(modality ablation and counterfactual dropout) to verify that 
attributions remain concentrated on AD-relevant circuitry 
and do not migrate to site or motion proxies when inputs are 
perturbed.73 When embedded within harmonization-aware 
training and evaluated with leakage-proof splits, robustness 
stress tests, and decision-curve analyses against volumetry and 

cognitive baselines, such hybrid systems deliver what transla-
tion demands: calibrated, etiologically grounded, patient-level 
inferences that enrich trials, trigger earlier referral, and pro-
vide mechanistically plausible explanations in the networks 
AD actually disrupts.74

Representation Learning and Pretraining 
(Contrastive/Self-Supervised; Masked 
Modeling; VAEs)
Self-supervised pretraining on large unlabeled fMRI cor-
pora offers a principled response to label scarcity and site 
heterogeneity in Alzheimer’s disease imaging.64 Contrastive 
objectives—at instance and graph levels—learn invariances 
to biologically plausible augmentations (temporal jitter, seg-
ment masking, ROI/edge dropout, spectral/bandpass or  
nuisance-regression variants), yielding embeddings that 
transfer with few labels to AD tasks (preclinical screening, 
MCI→AD conversion) and outperform purely supervised 
baselines under patient-level, site-held-out evaluation.75 
Masked reconstruction (e.g., masked autoencoders over time 
frames or connectome sub-blocks) complements contrastive 
learning by enforcing local–global consistency, reducing site 
imprint, and stabilizing saliency on posterior midline and 
medial-temporal circuitry.76 Generative approaches (VAEs) 
provide low-dimensional priors for downstream classifiers, 
enable anomaly-style scoring for prodromal detection, and 
expose epistemic/aleatoric uncertainty via latent sampling.77 

Reported gains are largest when pretraining spans multiple 
vendors and cognitive states, augmentations are audited to 
preserve AD-relevant signal, and fine-tuning incorporates 
domain-aware alignment, leakage-proof splits, post-hoc cali-
bration, and decision-curve analysis against volumetric and 
cognitive baselines.78

Harmonization and Domain Adaptation 
(Statistical and Deep)
Cross-site heterogeneity is a dominant determinant of 
apparent success.32,72 Statistical harmonization (ComBat/
ComBat-GAM) removes additive/multiplicative site effects at 
feature or embedding level;79 deep domain-invariant training 
(adversarial heads, MMD/CORAL objectives, style-transfer 
augmentation) suppresses scanner “style” while retaining bio-
logical signal.80 Test-time adaptation adjusts normalization, 
batch statistics, or small adapter layers to new sites without 
labels. Results consistently indicate narrower generaliza-
tion gaps under patient-level site-held-out evaluation when 
harmonization is applied; over-aggressive correction can 
attenuate disease effects, so several studies audit residual site 
variance and assess alignment of attributions before and after 
harmonization.72,74

Federated and Privacy-Preserving Learning
Federated optimization trains models across institutions 
without centralizing raw scans.81 Architectures mirror 
centralized counterparts (CNNs, transformers, GNNs) but 
incorporate secure aggregation; some introduce per-site 
batch-norm or lightweight adapters for personalization.82 
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Reported findings show parity with pooled training on 
balanced multi-site cohorts and improved robustness under 
heterogeneous conditions when harmonization and site-aware 
normalization are integrated.83 Differential-privacy constraints 
on gradients bound leakage at a modest performance cost;84 
communication-efficient strategies (partial model sharing, 
layer freezing) are used when bandwidth limits apply.85

Uncertainty Estimation, Calibration, and 
Interpretability
High-quality reports increasingly pair discrimination with 
calibration (Brier score, expected calibration error) and uncer-
tainty estimation (Monte-Carlo dropout, deep ensembles, 
Laplace/posterior approximations).86 Well-calibrated outputs 
enable actionable thresholds for enrichment or monitoring 
and reduce over-confident errors on out-of-distribution 
sites.87 Interpretability spans gradient-based saliency (inte-
grated gradients, SmoothGrad), perturbation/occlusion tests 
on nodes/edges/time segments, and counterfactual editing 
(deleting or amplifying specific edges/subgraphs).88 Stability 
analyses probe whether attributions persist under motion/
physiology perturbations, alternative parcellations, resampled 
training folds, and scanner swaps; more robust pipelines show 
attribution concentration on DMN/medial-temporal circuits 
across such perturbations.14

Synthesis of the Prior Works
Alzheimer’s disease appears on fMRI less as focal loss than  
as reconfigured coordination within the medial temporal–
posterior midline–medial prefrontal loop, with unstable state 
occupancy/switching and weakened hippocampus to posterior 
cingulate/mPFC influence.89 Methods converge when they are 
shaped to this biology. Convolutional encoders capture dis-
tributed spatial motifs; temporal modules summarize trajec-
tories through intrinsic connectivity states; and graph-based 
message passing preserves who-connects-to-whom.90 Trans-
former variants help chiefly by integrating long-range depend-
encies across space–time.69 Across all of them, performance 
depends less on architectural novelty than on representation 
learning and domain robustness: self-supervised pretraining 
on mixed-site data, variational/contrastive bottlenecks that 
retain network geometry while down-weighting scanner 
“style,” and harmonization embedded in training rather than 
bolted on afterward.64 Effective-connectivity summaries add 
directional nuance when restricted to biologically motivated 
subnetworks, especially when their shifts cohere with dynamic- 
state irregularities.65

Credible evaluation anchors the synthesis: patient-
level, site-held-out splits (ideally with an external test site), 
leakage-proof pipelines, and reporting that treats calibration, 
uncertainty, and decision utility as first-class outcomes.32,78 

Under that discipline, AI-derived representations yield 
transportable, mechanism-aligned readouts—calibrated risk 
for preclinical triage, individualized MCI to AD forecasts with 
honest uncertainty, and longitudinal markers (state occupancy/
switching, community-level saliency) that can change before 
volumetry.87 The remaining leverage is infrastructural rather 

than algorithmic: standardized, leakage-guarded benchmarks 
for dynamic/graph analyses; scanner-agnostic foundation 
encoders released with audits; scalable, uncertainty-aware 
surrogates for directionality; and prospective studies that 
quantify impact on clinical decisions rather than headline 
accuracy.34,72,75

Challenges, Clinical Implications, and 
Opportunities for Personalized Therapy  
in AI-Based Neuroimaging System
Despite rapid progress, clinical deployment of AI-enabled 
fMRI for Alzheimer’s disease is limited by small, inconsist-
ently standardized datasets; pronounced cross-site domain 
shift that can exceed disease signal; heterogeneous ground 
truth and variably defined endpoints; small-N/large-p regimes 
that invite leakage and optimism; and reporting that favors 
discrimination over calibration and decision utility.91 Model- 
level gaps persist in interpretability (rarely stress-tested for 
test–retest, architectural, or perturbation stability with con-
vergence on hippocampal–DMN circuitry), fairness and 
privacy (imbalanced cohorts, inadequate federation and prov-
enance), and reproducibility (opaque pipelines, incomplete 
code/weights/environments).41 The net effect is unstable or 
poorly calibrated risk estimates, weak portability across scan-
ners and sites, and fragile biological plausibility for identifying 
responders and non-responders—undermining trial enrich-
ment and treatment allocation. A credible path to person-
alization requires curated longitudinal multimodal cohorts 
with harmonized acquisition and preprocessing; patient-level, 
site-held-out or external validation with explicit leakage con-
trols; harmonization-aware objectives with quantified residual 
batch effects; routine calibration and decision-curve analyses 
alongside discrimination; interpretability benchmarks empha-
sizing stability and circuit-level coherence; fairness audits 
with stratified performance; privacy-preserving federated 
training with auditable provenance; and prospective or quasi- 
prospective impact evaluations that tie predictions to concrete 
clinical actions.

Clinical Implications
Under leakage-controlled development and validation on 
patient-level, site-held-out cohorts, AI-enabled fMRI can 
credibly transition from methodological innovation to a 
clinically consequential platform for Alzheimer’s disease. 
The appropriate evidentiary standard extends beyond cross- 
validated discrimination to include externally verified calibra-
tion across vendors and acquisition protocols, decision-curve 
net benefit against guideline-concordant comparators, and 
prespecified action thresholds that operationalize concrete 
clinical decisions (screening referral, trial enrichment, or allo-
cation to disease-modifying therapy). Claims regarding the 
superiority of graph-based and spatiotemporal representations 
of dynamic functional connectivity must be established in  
head-to-head, out-of-site analyses with rigorous leakage con-
trols, reproducible preprocessing pipelines, sensitivity anal-
yses for acquisition heterogeneity, and transparent uncertainty 
quantification. Health-system feasibility requires concurrent 
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assessment of resource implications, including scanner time, 
competing biomarker pathways (PET/CSF/plasma), and 
incremental cost-effectiveness under realistic throughput 
constraints.

Methodological prerequisites for translational credi-
bility are non-negotiable. Cross-site harmonization should 
be audited via comparative evaluations of state-of-the-art 
techniques (e.g., ComBat-family extensions versus domain- 
adaptive residual approaches), with residual batch struc-
ture explicitly quantified and its effect on clinical decisions 
reported. Multi-institutional learning ought to be imple-
mented through privacy-preserving frameworks (e.g., feder-
ated training with auditable provenance) to enable statistically 
efficient model development without raw-data pooling. Inter-
pretability constitutes a primary scientific endpoint: attribution 
and attention maps must demonstrate test–retest reliability, 
architectural stability, and neurobiological coherence with 
disease-relevant circuitry (e.g., hippocampal–default-mode 
interactions), supported by perturbation and counterfactual 
analyses rather than post hoc exemplars. Reporting should 
adhere to contemporary guidance (TRIPOD-AI for predic-
tion, CONSORT-AI for interventional evaluation, CLAIM 
for imaging), with pre-registered analysis plans, patient-level 
leakage safeguards, complete code and parameter provenance, 
and deployable artifacts. Absent these elements, assertions of 
clinical impact remain, by definition, method development 
rather than translation.

Opportunities for Personalized Therapeutic 
Strategies
Personalization in Alzheimer’s disease is plausible when 
fMRI-derived representations are integrated with orthog-
onal modalities (structural MRI, PET amyloid/tau, plasma/
CSF biomarkers, neuropsychology, genomics) within multi-
modal frameworks that manage heterogeneity and quantify 
uncertainty. Properly specified models should yield auditable 
allocation rules for predictive enrichment, treatment selec-
tion, and monitoring—i.e., prespecified thresholds with cal-
ibrated risk and decision-curve net benefit against standard 
care. Spatiotemporal network indices (state occupancy, 
dwell-time asymmetries, transition structure within hip-
pocampal–DMN/control circuits) are suited as mechanisti-
cally interpretable response and pharmacodynamic markers, 
updated sequentially as imaging and fluid data accrue. Trans-
lation requires patient-level, site-held-out generalization 
with harmonization audits of residual batch structure, along-
side evaluation of operational endpoints (throughput, error 
costs) and incremental cost-effectiveness. Interpretability is 
a binding constraint: attributions must show test–retest sta-
bility, anatomical coherence, and cross-vendor robustness. 
Enablers include privacy-preserving federated training, 
standardized preprocessing/reporting with code and param-
eter provenance, and joint clinical–methodological govern-
ance. Under these conditions, AI-assisted fMRI progresses 
from descriptive connectomics to precision therapeutic 
instrumentation—assigning and adapting the right interven-
tion for the right patient at the right time.

Conclusion
The integration of neuroimaging and AI heralds a new era 
of personalized medicine for Alzheimer’s disease. By shifting 
clinical paradigms from reactive to proactive and from one-
size-fits-all to individualized approaches, these innovations 
promise a transformative impact on early diagnosis, targeted 
interventions, and tailored patient care. Continued interdisci-
plinary collaboration among neuroscientists, clinicians, engi-
neers, and policymakers will be pivotal in realizing this vision.
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Table 1.  Summary of representative AI–AD-fMRI studies
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3D volumetric CNN 4D rs‑fMRI volumes or 
temporally summarized 
3D volumes

12 2 Learns spatio‑temporal patterns 
directly from volumes; highlights 
DMN/MTL regions in saliency; works 
on ADNI‑like cohorts.

Heavy compute; sen-
sitive to preprocess-
ing and scan length.

CNN Static FC or alternative 
connectivity (e.g., PSI) 
converted to 2D images

25 - CNN can exploit texture‑like patterns 
in FC matrices; combining topological 
features with CNN boosts accuracy 
over either alone.

Requires atlas choice; 
sensitive to  
thresholding.
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se

d 
M
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s

Spatio‑temporal 
graph transformer 
(STGTN)

ROI‑wise time series → 
dynamic graphs

2 - Jointly models spatial/topological and 
temporal dependencies; improved 
generalization on ADNI‑like data.

Data‑hungry; 
interpretability via 
attention maps is 
promising.

Spatio‑temporal 
transformer for dFC 
(MCI focus)

Sliding‑window dFC 
sequence

2 - Better capture of long‑range temporal 
dependencies than RNN baselines; 
useful for prodromal (MCI) prediction.

Often framed as 
MCI prediction; still 
AD‑relevant.
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NN
)

Spatio‑temporal 
GCN (ST‑GCN) with 
CAM

Dynamic FC graphs 1 - Identifies stable FC biomarkers across 
multi‑site data; highlights topological 
mediators linking Aβ / metabolism to 
cognition.

Good biomarker 
localization; multi‑site 
robustness  
emphasized.

Local‑to‑global GNN Static/dynamic graphs 1 - Hierarchical message passing  
(local→global) improves classification 
of brain disorders including AD.

Often multi‑disorder; 
AD subset shows 
consistent gains.

BrainNet‑GCN / 
feature‑augmented 
GNN

rs‑fMRI graph + clinical/
cognitive features

54 1 Combining imaging graph with 
non‑imaging features improves 
discrimination.

Requires harmo-
nization of scales/
modalities.
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Frequency‑aware 
encoder / interpret-
able encoder

ROI time series →  
multi‑band dFNC

1 - Encoders that model frequency‑ 
specific dynamics reveal subcortical/
sensorimotor/cerebellar disruptions; 
moderate AUCs with interpretability.

Emerging; emphasis 
on explanation over 
raw accuracy.

Multiscale  
autoencoder 

rs‑fMRI + T1/DTI - - AE used to fuse structural–functional 
features; yields small but consistent 
gains over single‑modality baselines.

Includes fMRI but not 
fMRI‑only.

Cl
as

sic
al
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L (

No
n‑

De
ep

) SVM Static FC → graph meas-
ures (efficiency, clustering, 
hubs)

28 1 Robust CN vs. AD; MCI vs. CN harder; 
PCC/precuneus hubs most  
disrupted; early evidence for 
MCI→AD prediction.

Sensitive to atlas & 
threshold; strong 
baselines even today.

SVM / RF Correlation, CorrTF, spec-
tral features

9 - Handcrafted connectivity or spectral 
features can reach high within‑study 
accuracy; prone to overfitting without 
external validation.

Useful as transparent 
baselines.
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r A
is 

/ H
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rid
s

CNN + topological 
features

PSI/FC images + graph 
features

5 - Hybrid pipelines outperform either 
pure CNN or pure graph features; 
complementary information.

Practical, modular.

GAN/Transformer 
fusion (multimodal)

rs‑fMRI + DTI (fusion) 6 1 Cross‑modal attention improves 
connectivity‑centric biomarkers and 
multi‑class staging.

Includes fMRI but 
relies on multimodal 
inputs.

CNN‑RNN hybrids 
(CRNN / CNN‑LSTM)

Dynamic FC sequence 
(sliding‑window FCs)

2 - Modeling temporal order of FC states 
improves discrimination vs. static 
FC alone; gains particularly for MCI 
vs. CN.

Needs enough time-
points; windowing 
hyper‑parameters 
matter.
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