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ARTICLE INFO ABSTRACT

Keywords: Artificial intelligence (AI) has not seen the clinical uptake that might be expected from a technology that has
Dementia received so much attention and investment. Coupled to neuroimaging, it is conceivable that Al algorithms can
Ne‘.‘r_"i'ma'gi“g' provide better performance in diagnosis and prognosis as well as optimize treatments in a precision medicine
:itllf;;aalbllztililgence regimen, all of which is focused on improving both the patient experience and clinical outcomes. But in
Mtﬁtimo dal fusion practice, little impact has been seen. Why might this be the case? This overview focuses on the possible
Responsible Al reasons. First, technical concerns: the way in which Al algorithms are developed and validated in the research
Medical ethics setting does not adequately prepare them for deployment in clinics and hospitals. Second, the importance

of asking clinical questions with AI algorithms that have meaning and value is often underplayed or not
considered. The outputs of Al algorithms mostly, but not always, also need to explain how decisions have
been made. Thirdly, operational and ethical considerations loom over the integration of Al algorithms into
electronic health record systems, clinical pathways, and legal frameworks. Above all these considerations is
the motivation for deployment and particularly whether it is primarily for patient benefit or service economics.

Clinical translation
Digital biomarkers

1. Introduction

Artificial intelligence has drawn enormous attention across
medicine, and work on dementia has moved with that current. Hun-
dreds of systems now classify disease stages, predict progression, or
extract biomarkers from neuroimaging at accuracies that would have
seemed far-fetched only a decade ago. Outside the controlled conditions
of a research study, however, their clinical footprint is slight. Very
few have been deployed, and fewer have altered how a patient is
actually assessed or managed. It is this distance between demonstrated
capability and clinical reality that concerns us here, and we prefer
to state it plainly at the outset rather than let it accumulate quietly
beneath the technical detail.

Why the gap exists is neither simple nor a matter of engineering
alone. Dementia already affects tens of millions of people, and its preva-
lence is climbing, from roughly 55 million in 2020 to a projected 78
million by 2030 (Alzheimer’s Disease International, 2024). No cure ex-
ists. The disease-modifying drugs that have recently reached approval,
among them lecanemab and donanemab for early-stage Alzheimer’s
disease, apply only to a narrow band of patients. The weight of the
condition falls not only on those who have it but on families, caregivers,
and health systems that are usually stretched thin to begin with, and in
that setting anything capable of pushing detection earlier, and making
it more precise, would count for a great deal. Here the appeal of
Al is easy to understand: it is good at finding structure in complex,
high-dimensional data that resists more conventional analysis, and
deep learning in particular has shown it can do this across biomedical
problems, dementia included (Cogswell and Fan, 2023; Bonomini et al.,
2024; Chen et al., 2023). The difficulty is not that the technology has

nothing to offer. It is that being relevant in a research paper and being
useful in a clinic are different achievements, and the field has at times
treated them as one.

Neuroimaging sits near the center of this tension. Structural and
functional Magnetic Resonance Imaging (MRI), together with Positron
Emission Tomography (PET), provide direct information about brain
structure, function, and pathology, and the high-dimensional datasets
they generate fit naturally with deep learning methods. Convolutional
neural networks, autoencoders, and transformer-based architectures
have all been applied to biomarker extraction, dementia subtype clas-
sification, and progression prediction, often with strong results (Gorriz
et al., 2023; Borchert et al., 2023). But strong results on benchmark
datasets are not the same as clinical trustworthiness, and this distinc-
tion matters more in medicine than almost anywhere else. A model
whose reasoning is opaque is difficult to integrate into clinical de-
cisions, regardless of its accuracy on held-out test sets (Kelly et al.,
2019; Afroogh et al., 2026). Interpretability is therefore not a secondary
concern that can be addressed after model development, it is one of the
conditions that determines whether a model has any practical value at
all. Part of what this article argues is that the field is beginning to take
this more seriously, and that more genuinely explainable approaches
are starting to emerge, though the evidence for their real-world impact
remains limited and the deployment gap is far from closed.

There is a further structural limitation worth naming. Neuroimaging
is almost always acquired once there is already clinical suspicion. A pa-
tient does not undergo MRI or PET without symptoms, family concern,
or a referral. This means that imaging, however powerful analytically,
tends to function as a tool for characterization and confirmation rather
than early detection in any meaningful sense. It is one of the reasons the
field has turned toward digital technologies. Wearable devices, mobile
applications, and forms of continuous passive sensing make it possible
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to collect behavioral and physiological data outside the clinic, in the
course of daily life. What those devices record, sleep quality, mobility,
speech, gait, can shift months or even years before anyone would think
to seek a formal diagnosis (Cepukaityté et al., 2024). None of this
replaces imaging, but it lengthens the window over which a person can
be observed, which imaging on its own does not do. Whether folding
these signals together with neuroimaging and clinical history actually
sharpens early detection is still an open question, and the evidence has
only begun to accumulate (Lee et al., 2024b). The shift also brings
problems that are not really methodological. As these systems edge
away from the clinic and toward continuous, passive collection of
data, keeping consent, privacy, and accountability on a sound footing
becomes correspondingly harder. These are not soft concerns that can
be appended to a technical paper. They determine whether a system
is ethically defensible in the first place, and in some cases whether it
should be deployed at all (Lekadir et al., 2025; Dino et al., 2025). The
clinical adoption of Al requires not only that a model performs well,
but that the rules governing its use are clear, that patients understand
what is being collected and why, that data are protected throughout,
and that responsibility for errors is unambiguous. These are questions
the field is still working through, and they will not be resolved by better
architectures alone (Andreoletti et al., 2024).

With that framing in mind, the sections that follow do not simply
survey what Al can do in dementia research. This is also what dis-
tinguishes the present overview from the reviews that already exist.
Those reviews have tended to treat the field in silos: some survey
neuroimaging-based detection (Borchert et al., 2023), others the per-
formance of explainability methods (Gorriz et al., 2023), others digital
and wearable biomarkers (éepukaityté et al., 2024), and even the most
recent single-domain surveys, whether of brain-imaging foundation
models (Ghamizi et al., 2026) or of explainable AI across biomedical
tasks (Hettikankanamage et al., 2025), remain within one strand. The
work that comes closest to an integrative view tends to treat multi-
modal fusion as a data-harmonization problem rather than a clinical
one (Jasodanand et al., 2025). To our knowledge, none reads across
neuroimaging, explainability and digital biomarkers together against a
single criterion: whether the resulting systems are usable in the clinic,
and whom their deployment is designed to serve. That criterion, rather
than any one method, is what organizes what follows. The following
sections examine what the technical literature reveals about the condi-
tions under which these methods succeed or fall short, and what that
implies for the path toward genuine clinical utility. Multimodal inte-
gration and deep learning architectures are considered first, followed
by explainability and digital biomarkers, before the article turns to the
translational and clinical applications and the ethical dimensions that
ultimately determine whether any of this work is fit for clinical use. The
argument, stated plainly, is that methodological progress is necessary
but not sufficient. What the field needs now, at least as much as better
models, is a clearer account of what it would mean for those models to
actually work in practice.

A note on scope is in order. This article is an overview linked to
the special issue it introduces, on early Al-based detection of dementia
through multimodal neuroimaging and related biomarkers, rather than
a systematic review, and it does not follow a PRISMA-style protocol.
Readers looking for an exhaustive, reproducible enumeration of the
field should treat it accordingly. Our starting point was the set of
contributions gathered in the special issue, which we then situated
within the broader and fast-moving literature on Al for dementia. To
do so we drew on targeted, non-exhaustive searches of PubMed/MED-
LINE, Scopus, IEEE Xplore and Google Scholar, supplemented by arXiv,
bioRxiv and medRxiv for very recent preprints, using combinations of
terms around dementia and Alzheimer’s disease, neuroimaging, multi-
modal fusion, explainability, digital biomarkers and clinical translation.
We placed particular emphasis on developments of the last few years,
while retaining older studies where they remain methodologically foun-
dational. Works were selected for their relevance to the organizing
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question of the review, the gap between technical performance and
clinical usability, for their representativeness of a methodological di-
rection, and for their recency, rather than for completeness. This is,
in other words, a curated and deliberately selective account: what we
chose to include reflects the argument the article is making, and we
have tried to be explicit about that argument throughout.

2. Multimodal integration

Combining information from multiple sources is one of the most
natural responses to the complexity of dementia. No single modality
captures the full picture: imaging reveals structural and metabolic
changes, but says nothing about daily functioning. Cognitive tests are
sensitive to early decline, but lack spatial resolution, whereas fluid
biomarkers reflect pathological load, but require invasive procedures.
Sociodemographic factors, including age, sex, and educational attain-
ment, are also routinely incorporated as they modulate both disease risk
and the interpretation of cognitive assessments. Multimodal models are
an attempt to use all of this together. The question worth asking at the
outset, however, is whether doing so actually improves things in ways
that matter clinically, or whether it primarily improves benchmark
scores on datasets that were never designed to reflect the messiness of
real clinical populations. The simplest approach, feature concatenation,
is still the most common starting point, and it does produce consistent
improvements in AD classification accuracy over unimodal baselines
(Feng et al., 2025; Arco et al., 2021). But concatenation also increases
computational cost substantially, which is not a trivial concern when
neuroimaging data alone can involve hundreds of thousands of features
per subject. One concrete response to this has been to work with
cortical rather than volumetric features (that is, surface-based measures
such as cortical thickness and gyrification patterns), rather than raw
voxel intensities or regional volumes derived from the full 3D image.
Duong et al. (2025) showed that a middle-fusion approach with cross-
attention over cortical representations achieves better results than the
volumetric alternative for early AD identification, while being consid-
erably more tractable computationally. That kind of trade-off (some
loss of raw information, better efficiency, similar or improved clinical
performance) is worth taking seriously as a design principle rather than
just a computational convenience.

More recent work has moved toward fusion strategies that explic-
itly model the dependencies between modalities, on the reasonable
assumption that imaging, biomarkers, and cognitive measures are not
independent of each other, so a model does better when it repre-
sents how they interact rather than treating them as separate channels
stacked together. Transformers lend themselves to this, since their
attention mechanism picks up cross-modal relationships that plain
concatenation leaves on the table (Zhang et al., 2023; Jasodanand
et al., 2025). Wang et al. (2025) give a clear illustration: they asked
how much structural MRI and polygenic risk scores add to a plasma-
biomarker baseline when predicting amyloid-beta burden, and their
model reached an R? of 0.64 against amyloid PET, holding up when
moved across cohorts. What such models offer is not only better pre-
diction. They can also expose dependencies that are invisible when
each modality is read on its own, for instance the way hippocampal
atrophy tracks with CSF tau abnormalities, which makes them useful
as instruments for analysis and not merely as classifiers (Abdelaziz
et al., 2025; Zhang et al., 2023). A parallel line of work drops below
the level of the whole structure to the subfield, on the observation
that hippocampal subregions are not equally vulnerable in early AD. Li
et al. (2026) pair quantitative susceptibility mapping (which is sensitive
to iron deposition) with structural T1 radiomics over 24 carefully
segmented hippocampal subfields, and build a composite Rad-score
that separates prodromal from dementia-stage AD, with an area under
the ROC curve (AUC) of 0.85 on an independent external cohort.
Most of that signal came from QSM texture in CAl and the dentate
gyrus granule cell layer, which points to iron-related microstructural
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disorganization in exactly the subregions that fail first, information that
volume measurements on their own do not capture.

Longitudinal analysis is where multimodal methods face perhaps
their hardest test. This sounds straightforward, but in practice most lon-
gitudinal cohorts are heavily unbalanced toward early stages, follow-up
intervals are irregular, and dropout is not random. Many studies track
patients over years, collecting neuroimaging, cognitive assessments,
and clinical profiles at each visit, with the aim of modeling trajectories,
that is, the probability of developing further symptoms or converting to
a more advanced stage. Recurrent and transformer-based architectures
have both been used for this purpose. Ding et al. (2023) developed
a multimodal Long Short-Term Memory (LSTM) model incorporating
demographic, neuropsychological, and neuroimaging data across five
time points in 347 Mild Cognitive Impairment (MCI) subjects from
Alzheimer’s Disease Neuroimaging Initiative (ADNI), and showed that
the longitudinal formulation outperforms cross-sectional baselines for
conversion prediction (AUC = 0.93 vs. 0.90). In a different direc-
tion, Moghaddami et al. (2025) proposed a transformer that processes
variable-length visit histories, with particular strength in identifying
subjects who will convert. Their appeal is not just a matter of accuracy.
Reasoning about a patient as a trajectory, a pattern that unfolds over
time rather than a single snapshot, is closer to how clinicians actually
reason. There is a wrinkle, though: decline is not a one-way street. A
fair number of MCI patients hold steady or drift back to normal cogni-
tion, and any model that treats conversion as the sole endpoint will get
that subgroup wrong, which matters clinically. Huang et al. (2026) take
this on directly, comparing five machine-learning algorithms across
stable, convertible, and reversible trajectory groups in more than 1100
ADNI participants. Random Forest handled the heterogeneity of the
continuum best, and the sharpest multimodal predictors turned out to
be amyloid PET in the parahippocampus and ventricles, plasma APOE4,
and neurofilament light chain.

A subtler hazard in multimodal modeling is the assumption that
more data must mean better inference. Each modality brings its own
biases, and stacking them together without accounting for those biases
can muddy the picture as easily as sharpen it. Condado et al. (2025) ex-
amined this directly in BrainAge models, which are trained on healthy
controls with chronological age as the target, and whose output, a
predicted biological age, is subtracted from chronological age to yield
a delta. Their feature-selection analysis found a division of labor:
neuroimaging features such as gray matter volume and hippocampal
atrophy track aging most strongly, whereas neuropsychological tests
carry most of the power to discriminate clinical groups. The difficulty
is that those imaging features are shaped by normal aging and by AD
progression alike, so the delta conflates the two. The trade-off is explicit
in their results: models optimized for age prediction yield deltas that
classify poorly, and models whose deltas are optimized for classification
predict age less accurately. A BrainAge model does not cleanly separate
aging from disease, and its delta cannot be read as though it did.
The lesson is that a multimodal model needs a hypothesis about what
each input actually contributes, revealing that concatenation alone is
not enough. Foundation models, pre-trained on large, heterogeneous
data to learn representations that carry across modalities, are one way
toward more principled fusion, and early results point to gains in
temporal consistency and robustness (Ghamizi et al., 2026). Whether
any of that survives contact with real clinical use, at scale, is still open.

Table 1 summarizes representative approaches to multimodal fusion
in the context of dementia detection, and Fig. 1 provides a conceptual
overview of how these systems integrate heterogeneous data.

3. Innovations in deep learning architectures

The number of deep learning architectures proposed for dementia
analysis has grown steadily, but growth in the number of methods
is not the same as progress toward clinical use. Many of the models
described in the literature achieve strong performance on standard
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benchmarks, yet few have been evaluated in conditions that resemble
clinical deployment: heterogeneous populations, missing modalities,
irregular follow-up, or hardware constraints in real hospital settings.
This section surveys some of the most relevant recent directions, while
keeping that gap in mind. Most of these architectures treat the brain
as a regular array of voxels and leave it to the network to discover
whatever structure lies within. Graph neural networks (GNNs) start
on a different intuition: the brain is a network of interacting regions,
not a set of isolated voxels. Casting it that way makes the topological
relationships between regions explicit, something standard connectivity
measures tend to flatten (Zubasti et al., 2024). Several groups have
since folded this kind of brain organization into disease-progression
models, with encouraging results for predicting how individual patients
will move along the continuum. That said, GNNs remain sensitive
to how the graph is constructed: a decision that is often made on
computational grounds rather than neurobiological ones, and that can
substantially affect what the model learns. Transformer-based architec-
tures offer a different kind of flexibility. Yao et al. (2025) proposed a
method that captures both local and global features in brain images
within a single framework, with competitive accuracy and reduced
computational cost. Speech-based approaches are also worth noting
here. For example, Pereira et al. (2024) presented a method using
large language models to process emotional content from speech, and
there is growing evidence that speech patterns carry diagnostically
relevant information for AD and related dementias at early stages
(Rezaii et al., 2025; Lv et al., 2026). Hybrid architectures that combine
convolutional and transformer components can consolidate some of
these gains, improving robustness in classification tasks by using each
component for what it does best (Muhammad et al., 2025).

A more persistent obstacle is data. Large, well-labeled, class-
balanced neuroimaging datasets for dementia are difficult to assemble,
and the disease stages most relevant for early intervention are typically
the least represented. Class imbalance of this kind is not unique to
neuroimaging, and the broader biomedical literature on feature se-
lection in large, high-dimensional and imbalanced datasets (including
work on microarray classification) offers methods the field can draw on
Karimi et al. (2025), Aliyu et al. (2025). Self-supervised Learning (SSL)
addresses part of this problem by extracting structure from unlabeled
data. Li et al. (2025) proposed an SSL architecture for modeling the
temporal dynamics of AD from neuroimaging that maintains strong
performance despite limited labels and high inter-patient variability,
two conditions that are the norm rather than the exception in clinical
data. Generative approaches such as Generative Adversarial Networks
(GAN) and variational autoencoders offer complementary tools. They
can synthesize realistic neuroimages to augment training sets, fuse the
features of existing modalities for classification (as in the coupled-GAN
of Choudhury et al. (2024), which combines MRI and PET rather than
generating one from the other), or perform genuine cross-modal trans-
lation, synthesizing PET from MRI when a tracer scan is unavailable
(Wang et al., 2026a). The latter is of particular interest for lower-
resource settings, where multi-tracer amyloid and tau PET are least
accessible, though, as discussed in the section on clinical applications,
the mapping from structure to molecular pathology is biologically ill-
posed and the synthesized images must be read with corresponding
caution (Baron et al., 2026).

Uncertainty quantification is a related concern that is underrepre-
sented in the literature relative to its practical importance. A model
that provides a prediction without any estimate of its own reliabil-
ity is difficult to use responsibly in clinical settings. Bayesian and
evidential approaches offer a way to attach confidence intervals to pre-
dictions, which matters more as these systems get closer to informing
real decisions (Tanveer et al., 2024; Gao et al.,, 2024). A comple-
mentary challenge is the validity of the evaluation itself. Standard
cross-validation is known to produce optimistic estimates in small-
sample regimes, which are the norm rather than the exception in
neuroimaging. Hernandez et al. (2026) address this directly through a
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Table 1

Comparison of recent studies for dementia detection using multimodal fusion technologies.
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Ref. Method Cohort Modalities Fusion Task and main
Size strategy results
Jasodanand Transformer- 12,185 (7 Multi- Intermediate Ap/7 status
et al. (2025) based cross- cohorts: sequence fusion classification: AUC
modal NACC, A4, SMRI, using 0.79 (Ap), AUC
attention OASIS- demographics, modality- 0.84 (1); findings
3, AIBL, cognitive specific consistent with
FHS, ADNI, tests, genetics, embeddings postmortem
HABS) clinical and a pretrained neuropathology.
history transformer
Han et al. AD-Diff: 3D 416 (OASIS) + sMRI, Cross-modal AD progression
(2025) diffusion with ADNI (sample synthesized MRI-PET prediction: Accuracy
Mamba size not FDG-PET, generation 94.40% (1-year), 88.77%
classifier specified) tabular followed (3-year).
cognitive by BiCross
assessments intermediate
pixel-level
fusion
Zhang et al. Multimodal 364 SMRI, Intermediate HC/MCI/AD
(2023) cross-attention (ADNI) FDG-PET, cross-attention classification:
network (MCAD) CSF fusion Accuracy 71.26%
(HC vs. MCI),
91.07% (AD vs. HC),
64.03% (three-class
classification).
Rallabandi and Inception- 1098 T1-weighted Image-level HC/MCI/AD
Seetharaman ResNet wrapper (OASIS) sMRI, FDG-PET fusion using classification:
(2023) with DWT discrete Accuracy 95.5%
fusion wavelet (HC vs. MCI),
transform 94.6% (MCI vs. AD),
95.7% (AD vs. HC).
Odusami et al. Modified 412 sMRI, Early feature MCI stage
(2023) ResNet18 (ADNI) FDG-PET fusion by classification:
concatenation Accuracy 73.9%
(eMCI vs. IMCI);
demonstrated
good control
compared with
oversized models.
Yu et al. (2024a) AD-Transformer: 1651 sMRI, clinical Intermediate AD/MCI
unified (ADNI) assessments, fusion via classification:
attention- APOE genotype Patch-CNN and AUC 0.993
based framework unified (AD vs. HC),
transformer AUC 0.845
(MCIs vs. MCIc).
Ahmed et al. Dual-stream ADNI, sMRI, Attention- AD classification:
(2025) 3D CNN with AIBL, FDG-PET guided late Accuracy up to
attention OASIS-3 fusion with 98.7% (AD vs. HC);
(sample size gating robust cross-cohort
not reported) mechanism performance;
inference time
<160 ms/subject.
Sheng et al. Hybrid KELM 202 SMRI, Intermediate HC/MCI/AD
(2024) with Harris Hawks (ADNI) Amyloid-PET fusion with classification:
Optimization (FBB), CSF simultaneous Accuracy 99.2%
(ILHHO-KELM) metaheuristic (AD vs. HC),
optimization 92.0% (AD vs. MCI),
94.6% (MCI vs. HC).
Lee et al. Graph convolutional 556 Amyloid-PET Intermediate HC/MCI/AD
(2024a) network (DAUH + ADNI) (FBB), graph-based classification:
(GCN-ED-com) clinical fusion using Accuracy 99.68%
indicators feature (AD vs. HC), 93.82% (MCI
similarity vs. HC),
populatio 90.43% (three-class
n graphs classification).
Arco et al. Siamese 251 (ADNI) SMRI, Intermediate HC/MCI/AD
(2023) neural network FDG-PET fusion via self- classification:
with self-attention attention in a Accuracy 96.0%
coupled latent space (AD vs. HC),

94.0% (MCIc vs. HC),
86.0% (MCIs vs. HC).

(continued on next page)
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Table 1 (continued).
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Abuhantash Fast random 814 Clinical Feature-level Time-to-conversion
et al. (2025) forest for (ADNI + AIBL) assessments, fusion prediction
survival cognitive tests, (HC to MCI):
analysis comorbidities C-index 0.84; age
and comorbidities
identified as key
predictors.
Saeed et al. Random Survival 837 (291 eMCI Cognitive Feature-level Prediction of
(2024) Forest (RSF) + 546 IMCI; tests, CSF, fusion conversion to AD:
ADNI) sMRI, FDG-PET C-index 0.90 (eMCI),
C-index 0.82 (IMCD);
cognitive assessments
provided the
highest
predictive
contribution.
Liu et al. (2025) Multimodal 89 (ADNI + SMRI, resting- Intermediate AD/HC classification:
Joint Attention public state EEG fusion through Accuracy 94.75%;
(MJA) network dataset) joint attention note that ADNI
does not routinely
acquire EEG data,
indicating
heterogeneous
cohort fusion.
Liu et al. (2024) InterFusion 307 sMRI, Intermediate MCI/HC
deep learning (BioFIND) resting- fusion using classification:
framework state MEG the InterFusion Accuracy 82.70%;
module with significantly
spatial-channel outperformed
cross-attention conventional
fusion
architectures.
Arco et al. Deep 251 sSMRI, Intermediate HC/AD
(2025) Siamese (ADNI) FDG-PET fusion in the classification:
autoencoder encoded latent AUC 0.88;
space biological
interpretability
confirmed
through occlusion
analysis.
Trinh et al. Supervised 1419 sMRI, CSF, Intermediate HC/MCI/AD
(2024) encoder with (NACC) clinical fusion using a classification:
dimensionality assessments supervised encoder Accuracy 89.50%
reduction for dimensionality (HC vs. MCI+AD),
reduction 84.1% (three-class
classification).
Liu et al. (2023) TriFormer: 1025 sMRI, clinical Intermediate MCI/AD
triple-branch (ADNI1, ADNI2) assessments fusion via three classification:
transformer coupled parallel Accuracy 91.47%
framework transformers (MCI vs. AD).

statistically agnostic regression (SAR) framework that bounds expected
risk without parametric assumptions, demonstrating that conventional
validation pipelines can overstate model reliability on ADNI data.
Naming the problem is not the same as fixing it, and it is fair to
ask what a more defensible practice would actually look like. Three
requirements do most of the work. The first is that data be split at
the level of the subject, never the scan: when 2D slices or 3D patches
from the same brain fall on both sides of the train-test boundary,
the model can memorize individual anatomy and scanner signatures
rather than disease, and the reported accuracy becomes an artefact.
The systematic evaluation by Wen et al. (2020) found that more than
half of the CNN-for-AD studies it examined were exposed to some form
of this leakage, a sobering figure for a mature subfield. The second
is nested cross-validation, with hyperparameter selection confined to
an inner loop and the outer loop touched only once, for estimation.
Without that separation, the test set quietly becomes part of the training
procedure. The third is that generalization be assessed across sites
rather than within one. Site-stratified or leave-one-site-out evaluation
(ideally combined with feature harmonization such as ComBat Fortin
et al.,, 2018) is the clearest way to show that a model has learned
biology rather than the idiosyncrasies of a single scanner (Kelly et al.,
2019). The SAR framework is useful here precisely because it reports

what a point estimate hides: a bound on expected risk rather than one
optimistic number (Hernandez et al., 2026).

Because these requirements are easy to endorse and easy to omit,
the field would benefit from stating them as an explicit minimum.
Table 2 sets out a short reporting standard for Al studies in dementia
neuroimaging, distilled from the established guidelines (TRIPOD+AI,
CLAIM, DECIDE-AI, CONSORT-AI and FUTURE-AI) but pared down to
the items that most often separate a result that will replicate from one
that will not (Collins et al., 2024; Tejani et al., 2024; Vasey et al., 2022;
Liu et al., 2020; Lekadir et al., 2025). None of this proposes a new
statistic; the point is only that these be treated as conditions for taking
a result seriously, not as optional good practice.

These safeguards matter because the failure modes they guard
against are not hypothetical, and the recent enthusiasm for foun-
dation models and self-supervised pretraining has tended to outrun
the evidence that they behave well under clinical conditions. Several
documented cases are worth stating plainly. The most uncomfortable
concerns shortcut learning, where a model arrives at the right answer
from the wrong cue: what Lapuschkin et al. (2019) call a Clever Hans
predictor. Tinauer et al. (2025) trained CNNs to classify AD on 1980
ADNI scans from 360 subjects, then stripped the images of their gray—
white matter contrast by binarising them. Accuracy barely moved:
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MULTIMODAL Al PIPELINE FOR DEMENTIA DETECTION & PROGRESSION

1. INPUTS 2. PROCESSES 3. OUTPUTS
1. Neuroimaging: MRI and PET Early Fusion: Feature Concatenation Disease Stage Classification

Brain volume —> . Merged HC MCI m
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Fig. 1. Multimodal AI pipeline for dementia detection. Heterogeneous data sources (neuroimaging, fluid biomarkers, cognitive assessments, and sociodemographic
variables) are integrated through early concatenation, cross-modal attention, and longitudinal trajectory modeling. Disease trajectories are shown as heterogeneous:
from a diagnosis of MCI, conversion, stabilization, and reversion to normal cognition are all possible outcomes. The output represents risk stratification in support
of clinical decision-making, not autonomous diagnosis.

Table 2
Minimum reporting standard proposed for Al studies in dementia neuroimaging, distilled from established
reporting guidelines. Anchors: (Wen et al., 2020) (leakage), Fortin et al. (2018) (harmonization), Herndndez
et al. (2026) (SAR), Kelly et al. (2019) (multi-site generalization), and the guidelines TRIPOD+AI (Collins
et al., 2024), CLAIM (Tejani et al., 2024), DECIDE-AI (Vasey et al., 2022), CONSORT-AI (Liu et al., 2020)
and FUTURE-AI (Lekadir et al., 2025).

# Reporting item What to report Guideline
anchor
1 Subject-level data No scans, slices or longitudinal CLAIM 19-
splitting visits from the same subject across 20; Wen et al. (2020)
train/validation/test sets
2 Nested cross- Inner loop for tuning; outer loop TRIPOD+AI
validation used once, only for performance 12c
estimation
3 External Independent cohort or leave-one- CLAIM 33; Kelly et al.
validation/testing site-out, not a held-out split of the (2019)
same sample
4 Site/scanner Manufacturer, field strength and n CLAIM 13;
reporting and per site; harmonization method Fortin et al. (2018)
harmonization (e.g. ComBat) and protected covariates
5 Uncertainty over Confidence intervals or risk bounds TRIPOD+AI
point estimates (e.g. SAR), not a single accuracy or 23a; Hernandez et al.
AUC (2026)
6 Subgroup Sensitivity and specificity by sex, TRIPOD+AI
performance age, and where possible ethnicity 23a, 14;
FUTURE-AI
(Fairness)
7 Missing-modality How incomplete multimodal cases TRIPOD+AI
handling were treated, and the effect on the 11
reported result
8 Quantitative If saliency or XAI is shown, report Metsch and Hauschild
explanation faithfulness and stability metrics, (2025), Gomez and
evaluation not only example maps Moucheére (2023);
FUTURE-AI
(Explainability)
9 Code and model Repository with preprocessing, CLAIM 43;
availability training pipeline and final model FUTURE-AIL
weights (Traceability)

the binarised skull-stripped variants scored between 78% and 82%,
against 81.63% for the reference model, whereas images that had not
been skull-stripped fell to between 62% and 78%. Layer-wise relevance
propagation showed the networks were keying on the brain contour

introduced by the skull-stripping itself rather than on any neurobiology.
A model can score well and be learning nothing of clinical interest.
Missing modalities produce a different and equally concrete failure.
The multimodal OmniBrain framework reached 92.2% accuracy with
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all modalities present but fell to 70.4% when only MRI was available at
test time (Sharshar et al., 2025), a drop of more than twenty points that
reflects how fusion layers co-adapt to the exact combination of inputs
seen during training. Self-supervised methods have their own char-
acteristic pathology: because brain scans are far more homogeneous
than natural images, contrastive objectives can drive representations
into a narrow, low-rank subspace, a dimensional collapse in which
apparently trained embeddings have quietly lost their discriminative
power (Hassanpour et al., 2024).

Scale does not automatically resolve any of this. In the FOMO25
clinical challenge, nineteen foundation models pretrained on 60,000
clinical brain volumes were evaluated on data drawn straight from hos-
pital workflows; the strongest entries were among the smaller models,
and neither added capacity nor longer pretraining bought a reliable
gain (Munk et al., 2026). In a separate benchmark, a tabular model
over handcrafted radiomics features (AUROC 0.92) matched or beat
every visual foundation model tested within cohort, BiomedCLIP (0.85)
and BrainDINO (0.82) among them, at predicting molecular status from
MRI (Hollet et al., 2026). Nor is the danger only lower accuracy: under
scanner shift, segmentation models for white-matter hyperintensities
become confidently wrong, producing high-probability false-positive
lesions unless explicitly regularized toward appropriate uncertainty
(Matzkin et al., 2025). None of them argues against foundation models
or self-supervised learning as such. They argue against deploying either
on the assumption that benchmark performance transfers, and they are
the concrete reason the reporting standard above insists on external,
cross-scanner evaluation rather than a single held-out split (see Table
3).

A fourth direction, less about architecture and more about what
models are built on, involves incorporating prior neurobiological
knowledge into the learning process. The underlying intuition is simple:
models that ignore what we already know about the brain are leaving
signal on the table. The challenge is that this prior knowledge is itself
incomplete and sometimes contradictory (Tuan et al., 2024), so the
question is not whether to use it but how. Yin et al. (2023) developed a
framework for brain age estimation that maps individual brain region
contributions explicitly, recovering sex- and disease-specific patterns
of neurological aging with stronger association to early AD signs than
chronological age alone. Zhang et al. (2025b) took a different route,
pre-training on over 9000 unlabeled MRIs to learn structural brain
priors before transferring that anatomical knowledge to downstream
cognitive impairment prediction. Yang et al. (2025) incorporated con-
nectivity constraints derived from known AD pathophysiology into a
graph convolutional network, achieving over 94% accuracy in AD clas-
sification while producing results that are consistent with established
neuropathological patterns. Wang et al. (2024) proposed an approach
that extracts domain knowledge from the AD literature automatically,
using it to guide graph learning without manual curation. These studies
differ in their design choices, but they share the view that domain
knowledge and learned representations are more useful together than
separately. Whether that combination will hold up across diverse
clinical populations (which look rather different from the ADNI cohorts
that dominate evaluation in this literature) is a question that has not
been answered adequately yet.

Several architectural directions sit at the edge of this literature and
are worth flagging, not because they are established but because they
address limitations the methods above do not. Vision-language models
are the most visible: rather than fusing imaging with tabular data
through concatenation, they align image-derived features with clinical
text and neuropsychological findings in a shared representation, which
can help resolve the common situation where imaging and cognition
point in different directions (Nie et al., 2026). Neural ordinary differ-
ential equations take a different problem seriously, namely that disease
does not progress in the discrete steps that recurrent and transformer
models assume. By modeling morphological change as a continuous
trajectory, they handle irregular follow-up more naturally and can
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Table 3

Documented failure modes of foundation models and self-supervised learning
in neuroimaging. Evidence is drawn from empirical studies in brain MRI where
available.

Ref. Failure mode Source of the problem

Tinauer et al.
(2025)

Shortcut learning
(Clever Hans)

Model keys on the skull-stripping
contour rather than gray-white
matter

texture; binarised skull-stripped
images

classify AD as well as full-contrast
scans

(ADNI; 1980 scans, 360 subjects).
In OmniBrain, fusion layers

Sharshar et al. Missing-modality

(2025) collapse co-adapt to
the training modality set: 92.2%
with
all modalities (ANMerge) against
70.4%
on MRI alone (ADNI), so
modality loss
and cohort shift compound.
Hassanpour Dimensional High anatomical similarity drives
et al. (2024) collapse (SSL) embeddings into a low-rank
subspace,
losing discriminative power.
Munk et al. Scale # Small pretrained models match or
(2026), Hollet generalization beat
et al. (2026) larger ones, and scaling capacity
or
pretraining brings no reliable
gain; within
cohort, a tabular model over
radiomics
beats every visual foundation
model
(AUROC 0.92 vs. 0.85
BiomedCLIP/
0.82 BrainDINO).
Matzkin et al. Overconfidence Confident false-positive WMH
(2025) under shift lesions
on unseen scanners unless
entropy-
regularized.

forecast progression from a single scan (Park et al., 2025). Object-
detection and weakly-supervised localization methods offer a route to
explanation that does not depend on post-hoc saliency, learning to
localize the atrophy that drives a prediction as part of the model itself
(Lian et al., 2022). And test-time adaptation addresses the scanner-
shift problem from the opposite end to harmonization, adjusting a
trained model to each incoming scan without retraining (Valanarasu
et al., 2024). None of these is mature: most have been demonstrated
on a single cohort, and their behavior under the conditions described
earlier in this section, heterogeneous populations, missing modalities,
real clinical noise, is largely untested. But they are the directions most
likely to matter next, precisely because each targets a limitation that
better benchmark accuracy alone will not fix.

Table 4 summarizes representative works using recent DL architec-
tures for AD detection.

4. Explainability and interpretability

Interpretability is sometimes presented as a technical feature that
can be added to a model once it performs well enough. That framing
understates the problem. In clinical settings, a model whose reasoning
is opaque is not just less convenient: it is genuinely difficult to integrate
into a decision process where the clinician is accountable for the out-
come (Afroogh et al., 2026). Whether an Al output should be trusted,
overridden, or flagged for review requires some understanding of how
it was reached. This is especially true in dementia, where the boundary
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Table 4
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Recent works using innovative DL architectures for the study of Alzheimer’s detection.

Ref. Model Modalities Innovative feature and
architecture results
EfficientNetV2BO0 sMRI (T1- Lightweight architecture (6.08M

Sheikh et al. (2025) weighted, parameters) for real-time

2D slices) inference; Acc 88.0% tri-class
(CN/EMCI/LMCI) on 102
ADNI subjects (5-fold CV)
; Grad-CAM++ and Guided
Grad-CAM++.

Alsaleh (2025) NeuroFusion- SMRI, Bi-directional cross-attention
ADNet: dual- FDG-PET with modality-specific encoders
path cross- (PWResNet, CADDLFCNet)
attention for joint ROI segmentation
network and classification; Acc 99.48%,

Dice 0.985 (NC vs. AD) on 381
ADNI subjects.

AbdelAziz et al. (2024) SECNN-RF sMRI Squeeze-and-Excitation channel
recalibration with a Random
Forest classifier; Acc 99.89%
(test) on balanced 4-class
dementia stages, Kaggle dataset.”

Olaimat et al. (2023) PPAD (RNN- Cognitive Handles irregular visit
based) scores, MRI- intervals by using patient age as

derived an indicator of elapsed time; MCI-
biomarkers, to-AD conversion validated on
demographics ADNI and NACC.

(20 features; ADNI)

Mahim et al. (2024) ViT-GRU sMRI (T1- ViT for spatial dependencies

hybrid model weighted) combined with GRU for
temporal correlations; Acc
99.53%
(4-class, Kaggle) and 99.26%
(3-class, ADNI); LIME and
SHAP.?

Zahedipour et al. (2026) GASHAP (3D- sMRI (3D T1- Genetic algorithm (a=0.025,

CNN + GA) weighted) $=0.975; 200 individuals, 500
generations) refines Deep SHAP
heatmaps into anatomically
interpretable brain masks; 85%
test accuracy (96% training),
CN vs. AD on ADNL

Zubair et al. (2025) EfficientNet + sMRI + Multi-layer U-Net gray-matter

U-Net + SVM segmentation segmentation (Dice 91.52%)
masks with multi-scale EfficientNet
features and an SVM classifier;
Acc 97.78% + 0.54% for 3-class
staging on ADNL

Alex et al. (2025) 3D-CNN + sMRI Two-stage framework: 3D-CNN
Fuzzy Logic (hippocampal hippocampal segmentation

volume) + plus fuzzy clustering of CSF

Elmannai et al. (2025) SSA-Net (self-

supervised)
Priyadharshini et al. ETT-SSL
(2026) (TabTransformer)

biomarkers to handle clinical
uncertainty; Acc 93.6% (NC vs.
AD), 93.7% (MCI vs. AD) on
ADNL

SimCLR-style contrastive
pretraining with a ResNet-50
backbone using attentive
activation;

Acc 99.7% vs. 98.1% for standard

CSF biomarkers

sMRI

ResNet-50 on KACD.*
Self-supervised TabTransformer
with tokenization, SMOTE class
balancing and SHAP-based feature
selection to mitigate class
imbalance; Acc 95.8%.

Tabular clinical
data (cognitive
assessments,
demographics)

2 Results on Kaggle-hosted datasets should be interpreted with caution: data provenance and written informed consent are often not traceable

for medical data shared via such platforms.

between normal aging and early pathology is not sharp, and where the
same imaging finding can carry very different implications depending
on context. Explainable AI (XAI) grew up under exactly this pressure,
as a set of techniques for prising open the reasoning of machine- and
deep-learning models so that a human can inspect it (Gorriz et al., 2023,
2020). The open question is whether what these techniques return is

genuinely informative, or only the look of transparency without much
behind it.

The two most common post-hoc methods, Grad-CAM (Selvaraju
et al.,, 2020) and SHAP (Sylvester et al., 2024), both point at the
parts of the input responsible for a prediction, one as a spatial map,
the other as feature attributions. On brain scans that usually takes
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the form of a color-coded overlay drawn over regions of interest.
When they are compared head to head, Grad-CAM tends to be the
more consistent and stable, locating hippocampal atrophy and medial
temporal structures reliably. SHAP resolves attributions down to the
voxel but pays for it in computation, whereas LIME (Local Interpretable
Model-agnostic Explanations), whose explanations hinge on how the
image is carved into supervoxels, is the most variable of the three
(Qin, 2025). When these explanations point to regions that align with
established neuropathological knowledge (e.g., as Song and Yoshida,
2024 demonstrated for the precuneus and hippocampus using 3D Grad-
CAM on resting-state fMRI) they provide some reassurance that the
model is learning something real rather than exploiting dataset arte-
facts. But biological plausibility in one cohort does not guarantee that
the same regions will be highlighted consistently across different sites,
scanners, or patient populations, which is a limitation that comparative
evaluations do not always examine carefully enough.

More recent work has moved toward embedding interpretability
into the model architecture rather than adding it afterwards. Ye et al.
(2024) proposed MAD-Former, a transformer with a traceable inter-
pretability module that uses attention-based selection and receptive
field tracing to identify the 3D regions driving its decisions, including
the fusiform gyrus as a contributor to AD recognition. Counterfactual
reasoning represents a different approach. Oh et al. (2025a) synthesized
structural MRIs depicting what a patient’s brain would look like under a
different diagnostic label, and used these to construct an AD-relatedness
index for each brain region, a more intuitive form of explanation
than a saliency map for many clinical users. Leonardsen et al. (2024)
showed that layer-wise relevance propagation can produce individual-
level explanation maps that carry prognostic value in longitudinal
MCI cohorts, going beyond classification output to characterize how
the disease manifests differently across patients. These are genuine
advances. It is also important to be clear that most of them have been
evaluated in controlled research settings, and their behavior in clinical
workflows (with real time pressure, mixed-quality data, and users who
did not design the system) remains largely untested.

Explainability is not confined to imaging. Zhang et al. (2025a)
proposed a multi-task speech-based framework fusing acoustic, linguis-
tic, and expert-knowledge features, leading to a classification accuracy
of 89.58%. SHAP analysis revealed that slower speech rate, reduced
syntactic complexity, and increased pause fillers are the most dis-
criminative features for AD. Pan et al. (2025) introduced a two-step
cross-attention system for speech-based detection that achieves com-
petitive results across DementiaBank, ADReSS, and IVA, showing that
self-supervised acoustic representations can outperform simpler fusion
strategies when combined with linguistic features. On the longitudinal
side, Kang et al. (2024) used a deep self-supervised framework to
disentangle AD-specific neuroanatomical patterns from normal aging
effects, identifying four subtypes with distinct biomarker profiles and
two separate progression pathways. Work like this suggests that in-
terpretability tools can do more than justify individual predictions:
they can generate hypotheses about disease heterogeneity that purely
predictive models would not surface. How robust those hypotheses are
across different cohorts and acquisition settings is, again, a question the
field has not answered systematically.

Recognizing that explanation methods need to be evaluated as rigor-
ously as the models they are applied to, several groups have developed
standardized benchmarking frameworks. Metsch and Hauschild (2025)
built BenchXAI, a package evaluating fifteen post-hoc XAI methods
across clinical, imaging, and biomolecular data, finding that Integrated
Gradients, DeepLift, and GradientShap perform consistently well, while
Guided Backpropagation and LRP-a,-f, struggle in certain tasks. Gomez
and Mouchere (2023) provided a tutorial-style evaluation of saliency
methods covering both faithfulness metrics and user protocols, with
an open-source implementation. Foundational work on layer-wise rel-
evance propagation (Montavon et al.,, 2018) continues to underpin
much of this evaluation literature. The value of this kind of systematic
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comparison is not only methodological: it is also a prerequisite for any
serious conversation about which explanation methods are suitable for
clinical use and under what conditions. Without it, the choice of XAI
method remains largely arbitrary.

To ground these observations rather than leave them at the level of
impression, Table 5 collects the quantitative evidence that is actually
available for the three methods the debate usually centers on. The
most directly relevant benchmark is that of Qin (2025), who ran Grad-
CAM, Deep-SHAP and LIME through a single 3D ResNet-50 pipeline
on structural brain MRI under identical preprocessing. Grad-CAM came
out most reproducible, with a consistency score of 0.764 and a stability
score of 0.684 on the dementia task (both above 0.90 on the easier
tumour task), while LIME showed the most pronounced variability, a
direct consequence of its reliance on super-voxel segmentation that
does not respect cortical boundaries. Deep-SHAP produced the most
anatomically detailed attributions but at a computational cost that
makes it impractical on full 3D volumes. A complementary analysis
by Martin et al. (2026) on the NACC cohort adds a twist worth
noting: across network architectures LIME and plain backpropagation
produced the most similar maps (Dice 0.67 and 0.64 between the
coronal CNN and ViT models), while for models trained on sagittal
slices no method retained appreciable overlap at all. The two findings
are not contradictory, but together they caution against treating any
single stability figure as definitive: a method can be volatile from run to
run and yet comparatively robust to a change of backbone, and which
property matters depends on how the tool is deployed. A third compar-
ison reaches a similar conclusion from another angle: (Persson et al.,
2026) map the attributions of DeepLIFT, Layer Gradient x Activation,
occlusion sensitivity and XGrad-CAM onto anatomical regions in ADNI,
and find that the methods converge on hippocampus and amygdala
for cognitively normal subjects but diverge once the target class is
Alzheimer’s disease, while regional relevance correlates only weakly
with amyloid and tau PET. On that evidence explanations are both
method- and class-dependent, and are better treated as complementary
than interchangeable.

One caveat should be made clear. Even the most systematic of
these benchmarks rely in part on augmented or repository-hosted MRI
collections rather than curated clinical cohorts, so the absolute scores in
Table 5 are better read as relative rankings than as values that would
transfer unchanged to a hospital population. That limitation is itself
part of the point: the evidence base needed to choose an explanation
method on clinical grounds is thinner than the sheer volume of XAI
papers would suggest.

Table 6 summarizes representative studies applying interpretability
approaches to AD detection and staging. Fig. 2 illustrates the prin-
cipal XAI strategies used in dementia research, from gradient-based
visualization to hybrid explainable frameworks.

5. Digital biomarkers and wearables

What is compelling about digital biomarkers is less the extra data
than where the observation happens. Neuroimaging catches a patient
at a fixed moment, under tightly controlled conditions. On the other
hand, a wearable or a phone records behavior and physiology as they
play out in ordinary life. Heart rate, respiration, gait, sleep, activity,
speech, the way someone uses a touchscreen or finds their way around,
these run continuously, sit close to real behavior, and can in principle
register changes that a single clinic visit would miss. In dementia that
matters, because early decline tends to be subtle and to come and go,
and because what a patient manages in a testing room and what they
manage at home are not always the same thing. The evidence that
such signals start to move years ahead of diagnosis is by now fairly
solid (Kourtis et al., 2019). Within RADAR-AD, remote monitoring has
picked up changes in physical activity, sleep, and gait that may mark
prodromal Alzheimer’s disease (Lentzen et al., 2025). Speech gives
another route in: slowing, prosodic shifts, and altered rhythm seem
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Table 5
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Quantitative comparison of the three most widely used post-hoc XAI methods on brain MRI, drawn from head-to-head
neuroimaging benchmarks. Consistency and stability scores for structural MRI are from Qin (2025) (3D ResNet-50
trained on 2D slice-based datasets under identical volumetric preprocessing); cross-architecture agreement is from
Martin et al. (2026) (NACC, CNN vs. ViT); anatomical failure modes draw additionally on (Chakroborty et al., 2025).

Absolute scores partly reflect augmented or repository-hosted data and should be read as relative rankings.

Method Consistency Cross- Run- Dominant failure
/stability on architecture time mode in 3D
sMRI (Qin, 2025) agreement neuroimaging

(Martin et al., 2026)

Grad- Highest of the Not among the Negligible Coarse maps;

CAM three: consistency most concordant; (single activations spread
0.764, stability only LIME and backward into non-brain
0.684 (dementia); backpropagation pass) regions; Grad-
>0.90 (tumour) (Qin, reached CAM++ unstable
2025) appreciable under Gaussian-noise

CNN/ViT overlap perturbation
(Martin et al., 2026) in DenseNet (Chakroborty
et al., 2025)

Deep- Anatomically Below LIME and High; exact Computationally

SHAP detailed attributions, backpropagation, Shapley impractical
but not the most the only methods with values scale at full 3D resolution;
reproducible appreciable exponentially, the kernel variant
(Qin, 2025) CNN/ViT overlap forcing requires very large

(Martin et al., 2026) kernel perturbation counts
approximations and failed to yield
on 3D volumes stable explanations
on 3D MRI (Chakroborty
et al., 2025)

LIME Most pronounced Highest, with Moderate Thin super-voxel
within-run variability, backpropagation: (repeated segmentation
attributed Dice 0.67 vs. perturbation with linear local
to super-voxel 0.64 (coronal sampling) approximation
segmentation (Qin, CNN/ViT) yields fragmented,

2025)

(Martin et al., 2026)

unstable regions

across slices (Chakroborty

et al., 2025)
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Fig. 2. Landscape of XAI methods for dementia detection, organized by timing (post-hoc vs. intrinsic) and output type (spatial visualization vs. feature attribution).
Color intensity reflects clinical validation status: most methods have been evaluated in research settings only (gray); limited evidence exists from real-world clinical
workflows (teal). Benchmarking frameworks are shown as a prerequisite for principled method selection.

to capture facets of decline that conventional tests measure poorly
(Oh and Park, 2025), and can occasionally tell dementia subtypes
apart (Oh et al., 2023). Longitudinal cohorts tell the same story from
a different angle: activity, sleep, and circadian measures track with
incident dementia risk (Raichlen et al., 2023), accelerometer patterns
carry predictive weight for later diagnosis (Zhao et al., 2025), and
UK Biobank work suggests wearable-derived features can add to, and
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sometimes beat, the usual risk factors (Chan et al., 2025). That the
picture holds together as well as it does, across such varied devices
and populations, is itself worth something.

Smartphones push this further still, since they need no dedicated
hardware. If you can read cognitive change off the way someone moves
through a virtual space, handles a timed task, or taps a screen, then
monitoring at scale over long stretches becomes far more practical. Sea



J.E. Arco et al.

Hero Quest is still the clearest case. Built as a navigation game and
released widely, it showed that spatial navigation can flag preclinical
change and separate people by genetic risk for Alzheimer’s disease even
when standard neuropsychological testing turns up nothing (Coughlan
et al., 2019). What earns that result attention is not the headline
accuracy but what it says about sampling: cognition measured again
and again, in natural conditions, over time, may hold information
that a formal assessment misses for the very reason that it is formal.
Nicosia et al. (2023) reported reliable and valid cognitive measures
from smartphone-based assessment in at-risk older adults, which sup-
ports the practical feasibility of this kind of monitoring outside clinical
settings, though feasibility and clinical utility are not the same thing
and the distinction matters. Beyond assessment, a broad ecosystem of
mobile-health applications has been developed to support people with
dementia and their carers in daily life, and surveys of this space convey
both its breadth and its unevenness (Yousaf et al., 2019). The machine-
learning frameworks underlying continuous health-care monitoring are
themselves an active area of development (Kurdi, 2026).

Still, this is one of those areas where the enthusiasm can outrun
the evidence, and we think it is worth being precise about the actual
state of the field. Standardization is limited, validation frameworks
are still developing, and results across studies are difficult to compare
because acquisition conditions, populations, and outcome definitions
vary considerably (Iulita et al., 2025; Lott et al., 2024). Signals acquired
in daily life are noisy and shaped by many factors that have nothing
to do with neurodegeneration, which means that distinguishing the
disease-relevant component from contextual variation is harder than
the reported performance figures sometimes suggest. Most current dig-
ital biomarkers are better understood as promising candidates than
as clinically established markers, and translational claims should be
proportionate to that Lentzen et al. (2025), Kourtis et al. (2019).
Progress will require not only better preprocessing and harmoniza-
tion, but also analytical approaches that connect digital features to
interpretable cognitive or behavioral mechanisms rather than treating
the signal as a black box at a different level of abstraction. There is
also a representational problem that deserves more attention than it
typically gets. Many digital biomarker studies draw on relatively homo-
geneous populations, and a model trained under those conditions may
not transfer to groups with different social, cultural, or technological
backgrounds (Azizan et al., 2025). In smartphone- and wearable-based
research specifically, access, adherence, and patterns of device use are
themselves unevenly distributed, which means the populations most
likely to be underserved by the healthcare system may also be the
least represented in the training data. For us, the central question is
not whether these technologies can contribute to dementia monitoring
(they clearly can). The harder question is whether they will do so in
a way that is robust, interpretable, and equitable enough to deserve
clinical trust. That is not yet answered.

Assessing added value fairly means comparing these signals with
established neuroimaging on equal terms, and that turns out to be
harder than it looks. Most studies report an AUC from a single cohort, a
single task and a single validation scheme, and placing those numbers
side by side invites a false equivalence that is easy to fall into and
difficult to justify. Table 7 keeps what can be compared apart from what
cannot. The clearest evidence comes from studies that acquire several
modalities in the same participants. In one such study, Caro et al.
(2026) evaluated 33 patients with AD and 33 controls and found that
a speech-based classifier reached an AUC of 0.84, statistically indistin-
guishable from structural MRI (0.90) and from episodic memory testing
(0.90), and clearly above functional connectivity (0.65). Within a single
sample, then, speech carried roughly as much diagnostic information as
a structural scan. Across studies the picture is more measured: pooling
21 cohorts, Jafari et al. (2025) report a speech AUC of 0.78 (95%
CI 0.70-0.86) for separating MCI from unimpaired controls, moderate
rather than striking, but obtained without imaging, contrast agents or
a hospital visit.
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Gait and wearable signals belong in a different column, and it
is worth resisting the temptation to merge them. Their evidence is
prognostic rather than diagnostic: they indicate who is likely to de-
cline, not who already carries a given pathology. Slow gait speed is
associated with incident all-cause dementia (hazard ratio 1.53, 95% CI
1.42-1.65) but only weakly with Alzheimer’s disease in particular (HR
1.03), tracking vascular and non-AD dementias more closely (Beauchet
et al., 2016). Wearable-derived activity behaves similarly: in more than
90,000 UK Biobank participants, the amount and timing of daily move-
ment predicted incident dementia over almost eight years of follow-up,
with a hazard ratio of 0.44 for AD in the most active morning group
(Ning et al., 2025). These are real associations, but they are hazard
ratios accrued over years rather than areas under a diagnostic curve,
and reading them as interchangeable with an imaging AUC would
misstate both. The relevant non-imaging benchmark for diagnosis is
molecular: plasma p-tau217 now outranks other plasma assays across
the disease continuum (Chen et al., 2026), and sets the standard any
digital biomarker with diagnostic ambitions will eventually have to
meet.

Taken together, these numbers suggest that digital signals do not
displace neuroimaging, and for the most part are not intended to.
Their contribution is complementary and temporal: speech approaches
imaging-level diagnostic performance at a small fraction of the cost,
while gait and wearables extend the window of observation backwards,
marking risk before a scan would ordinarily be requested. What re-
mains missing, and what the gaps in Table 7 make visible, is a body of
work that measures digital and imaging markers in the same individuals
under a common validation protocol. Until that exists, comparisons
across modalities are better treated as indicative than as settled.

Table 8 summarizes representative recent studies in this field, and
Fig. 3 provides an overview of the main wearable- and mobile-derived
sources of digital biomarkers for dementia monitoring and prediction.

6. Clinical applications and translational impact

It is already known how to build dementia AI models that look
convincing on paper. What remains unsolved is how to make them
useful in practice. That distinction is not a minor one. A tool is clinically
useful not when it achieves a high AUC on a held-out test set, but
when it answers a question a clinician actually has, in a form they
can act on, within the constraints of how care is actually delivered. By
that standard, most dementia Al systems are still at an early stage. In
most countries, these tools remain confined to pilot studies or research
settings, and in many they have not yet entered serious implementation
discussions (Rahamtalla et al., 2025). That gap between technical
achievement and clinical adoption has been documented repeatedly,
with regulatory, organizational, and workflow-related barriers consis-
tently identified as the reasons why uptake remains slow (Ahmed et al.,
2023; Nair et al., 2024).

The gap persists partly because research and clinical deployment
reward different things. A tool that lightens a radiologist’s load and
raises diagnostic rates is plainly worth having, but only when it is
built to back the clinician’s judgment rather than stand in for it. The
distinction is anything but academic. Flag a subset of scans for a
second human look and the clinician stays inside the decision loop, with
outcomes improving at the margin. Have the model issue the primary
diagnosis and leave the clinician to catch its mistakes afterward, and
the relationship flips: the human now works for the system, carries
its liability, and the system keeps the efficiency for itself (Suleman
et al., 2025). That second arrangement can be attractive on the balance
sheet and still be wrong clinically and ethically, and it goes some way
toward explaining why clinicians remain wary of Al tools even when
the numbers look good.

The pull of earlier detection in Alzheimer’s disease and related
dementias is genuine. Catching risk sooner can improve the timing of
treatment, allow care to be planned ahead rather than in reaction, and
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Table 6

Comparative analysis of high-impact XAI research in the study of AD.
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Ref.

XAI technique

Modalities

Main results and notes

Lozupone et al.
(2024)

Alsaleh (2025)

Song and
Yoshida (2024)

Al-Bakri et al.
(2025)

AbdelAziz et al.

(2024)

Leandrou et al.
(2023)

Jahan et al.
(2023)

Soft Attention

LIME/
Attention

Grad-CAM
(3D)

SHAP + Grad-
CAM

Adaptive
attention

SHAP

SHAP/LIME

sMRI

MRI + FDG-
PET

fMRI

sMRI + 14
clinical
features

sMRI

MRI
radiomics

Clinical,
Psychological,
MRI

AXIAL: Attention-based voxel-
level maps from 2D CNNs on 3D
MRI; Acc 85.60% and MCC 0.712

(HC vs. AD) on ADNI; highlights
hippocampus, amygdala,
parahippocampal gyrus

, and inferior lateral

ventricles; demonstrates

high spatial consistency

across Cross-

validation runs.
NeuroFusion-ADNet: Dual-path
fusion network with joint ROI
segmentation and classification;
Acc 99.48% and Dice 0.985 (HC
vs. AD); attention heatmaps
consistently focus on
hippocampus,

entorhinal cortex, and basal
ganglia.

Grad-CAM applied to 3D-
VGG16-GAP on resting-state
fMRI activity maps (ALFF, ReHo,
fALFF, VMHC);

maximum Acc 96.4% (average
combined Acc 87.90%);
highlighted

precuneus and hippocampus as
key ROIs for AD subjects; GAP
layer preserves spatial coordinate
integrity.

HXAI framework combining
clinical variables (MMSE, nWBV,
SES, age) and sMRI ResNet50
features via logistic regression
meta-model ensemble; 83.61%
explainability accuracy for SHAP
feature-based removal tests and
58.16% for Grad-CAM visual
explanations.

SECNN-RF: Squeeze-and-
excitation blocks for channel-wise
feature prioritization combined
with Random Forest classifier;
Acc 99.89% on RGB normalized
images; integrates saliency maps
for local visual explanations.
XGBoost with SHAP on
hippocampal and entorhinal
texture

features; F1-score 0.949 (NC vs.
AD), 0.818 (NC vs. MCI), 0.810
(MCI vs. AD); capturing texture
patterns beyond standard
volumetric measurements.
Five-class prediction (Cognitively
Normal, AD, Non-AD Dementia,
Uncertain Dementia, Others)
using data-level fusion on
OASIS-3;

RF classifier achieved 10-fold CV
Acc 98.81%; local explanations
compared via LIME and SHAP to
ensure attribution stability.
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Table 6 (continued).
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Yi et al. (2023)

AlMansoori et al.
(2024)

Chattopadhyay
et al. (2024)

Bhattarai et al.
(2024)

Zahedipour et al.
(2026)

Chakroborty
et al. (2025)

Bloch et al.
(2026)

SHAP

SHAP

Grad-CAM/
OSA

Deep-SHAP

Genetic

Algorithm SHAP

(GASHAP)

Multiple

gradient-based

and model-
agnostic

interpretability

methods

SHAP,
High-level
radiomics

explanations

Clinical,
neuropsychological,
SMRI,

genetics

Genetic +
clinical +
blood
biomarkers

T1-weighted
MRI

MRI + PET

sMRI

sMRI

MRI r
adiomics +
clinical

XGBoost-SHAP framework fo
r NC vs. MCI vs. AD classification

incorporating APOE-¢4 status,
CDRSB, and ADAS scores;
achieved Acc 87.57% (AUC
0.91) on ADNI and Acc 80.52%
(AUC 0.88) on external validation
(NACC) under extreme class
imbalance.

Support Vector Machine with
Mutual Information feature
selection trained on blood gene
expression, SNPs, and clinical
data;

achieved Acc 95.00% (0.95) and
AUC 0.94 (CN vs. AD/MCI
spectrum) on 623 ADNI
participants;

SHAP identified genetic
biomarkers

linked to axon myelination.
DenseNet architecture with Grad-
CAM and Occlusion Sensitivity
Analysis (OSA) on pre-processed
T1lw MRI scaled to 91 x 109 x 91
isometric voxel grid; feature
localization

consistent across different
cohorts;

resolves features at different
scales.

Deep-SHAP mapping multivariate
relationships; sMRI identified
insula, lateral occipital, temporal
pole, and occipital fusiform
gyrus; PiB-PET identified inferior
temporal, parahippocampal, and
lateral frontal gray matter as key
predictors of cognitive decline.
Novel GASHAP framework
integrating Genetic Algorithms
with Deep SHAP to generate
localized

brain masks for 3D-CNN; genetic
algorithm initialized with SHAP
scores; 3D-CNN classification of
AD vs. cognitively normal
controls reached 85% test
accuracy

(96% on training data), narrowing
the explanation to 11 brain
regions.

Structured evaluation of 8 XAI
methods (gradient-based and
model-agnostic) on 3D DenseNet,
ResNet-18 and a Swin hybrid;
assessed via faithfulness (model-
reinitialization sanity check),
robustness (Gaussian noise and
blur), and alignment with known
AD regions; Guided
Backpropagation

confined saliency to the brain,
whereas Grad-CAM++

proved unstable.

Time-to-event survival models
with Radiomics features; SHAP
revealed complex microstructural
associations including

tissue texture in left entorhinal
cortex, irregular shape of right
amygdala, and fine texture in left
middle temporal gyrus; validated
on

ADNI, AIBL, and OASIS-3.
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Table 7
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Quantitative comparison of digital biomarkers against established neuroimaging and molecular references.
AUCs from different cohorts are not directly comparable; hazard ratios (HR) are prognostic (future risk) rather
than diagnostic. A P-score is a ranking probability from a network meta-analysis and is not a measure of
diagnostic accuracy. The gaps reflect the scarcity of same-sample, same-protocol head-to-head studies.

Modality Representative Task/cohort Metric and
quantitative result comparability
Speech AUC 0.84 vs. structural AD vs. HC; AUC — directly
(same- sample MRI 0.90 (n.s., 33/33 (Caro et al., comparable (same
benchmark) p> 0.14); fMRI 0.65 2026) sample)
Speech AUC 0.78 MCI vs. CU; AUC — pooled;
(meta-analytic) (95% CI 0.70-0.86) 804/1134, cohorts differ from
21 studies (Jafari imaging
et al., 2025)
Gait speed HR 1.53 (95% CI Incident HR — prognostic,
1.42-1.65) any dementia; dementia (Beauchet not diagnostic;
1.03 (95% CI 1.01-1.05) et al., 2016) weak for AD
AD; 1.79 (95% CI 1.51-2.12)
vascular
Wearable HR 0.44 (95% CI Incident HR — prognostic
activity 0.22-0.86) AD; 0.60 dementia; UK over ~7.9-year
(95% CI 0.40-0.90) Biobank median follow-up
all-cause (morning n=90,329 (Ning
activity) et al., 2025)
Structural MRI AUC 0.90 (95% CI AD vs. HG; AUC — imaging
(reference) 0.81-0.95) same sample as reference
speech (Caro et al.,
2026)
Plasma Top-ranked assay AD continuum; Ranking (P-score)
p-tau217 (mass spectrometry): network meta- — not comparable
(non-imaging P-score 0.86 analysis (Chen with AUC or HR;
reference) (Ap detection), 0.91 et al., 2026) molecular benchmark
(Tau-PET staging),
0.82 (progression)
Preclinical window Clinical
. A threshold

@' Sleep & circadian rhythms

Integration with

...' Gait & physical activity

I

‘Wr Speech & langu

BM

clinical data

Neuroimaging
(MRIPET)

Fluid Risk
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Spatial navigation
& cognitive apps
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Clinical
history
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diagnosis
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Fig. 3. Temporal landscape of digital biomarkers for early dementia detection. Signal tracks illustrate when behavioral and physiological measures begin to
deviate from baseline relative to clinical diagnosis. The output is framed as risk stratification in support of clinical decision-making. Most signals have been
validated in research settings only; clinical generalizability and equity of access remain unresolved.

make better use of scarce specialist time, all the more so as disease-
modifying therapies mature (Khude and Shende, 2025; Davis et al.,
2023). Tie Al into electronic health records and other patient-level
data and it can help shape more individualized care pathways and
better-informed decisions at the level of the whole system (Saxena and
Khan, 2025b; Khachaturian et al., 2023). Socially assistive robotics
and affective computing show a different kind of worth again, using
emotion-aware models to lift engagement and quality of life where
the relational side of care counts for as much as diagnostic accuracy
(Hsieh et al., 2023). Every one of these gains, though, rests on a single
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condition: the system has to bend to the clinical setting it serves,
not the reverse (Wang et al., 2023). Tools built without real input
from the clinicians meant to use them, or delivered in a form that
does not match how decisions actually get made, seldom get past
the demonstration stage whatever their technical merit. That is why
clinicians cannot be brought in only at the end. Leave physicians out
of the design and the result can be accurate and still fail, because it
answers the wrong question, presents its output unusably, or does not
fit the tempo of routine work (Kapadia et al., 2024). Trust depends
on clinicians grasping what the system is doing and why it reached
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Comparison of recent studies for dementia prediction using digital biomarkers and wearables.

Ref. Biomarker

domain

Technology

Main results and notes

Butler et al. (2025) Cognitive/

activity

Rigny et al. (2024) Sleep

architecture

Lima et al. (2025) Voice/speech

Badawi et al. (2025) Physiological/

motion

Multimodal
functional

Lentzen et al.
(2025)

Cardiovascular
/HRR

Wei et al. (2025)

Tian et al. (2025) Spatial

navigation

Multi-sensor
passive

Bafaloukou et al.
(2025)

Chernov (2025) Handwriting/

motor

Bayat et al. (2021) Behavioral/

driving

Apple Watch/
iPhone

Under-mattress
sensor

Smartphone
audio

EmbracePlus
wristband

Fitbit/Axivity
AX3

ECG (UK
Biobank)

Serious game
(iPad)

Sleep/light/
temperature
sensors

Digital tablet

GPS sensors

Remote observational study of
23,004 adults over 24 months;
proof-of-concept MCI
classification from

routine device use,

with ~52% adherence to
cognitive assessments.
Unsupervised clustering of
NREM, REM, light-sleep and
WASO features identified three
sleep phenotypes, one
predominantly

of people living with

dementia.

Lexical markers of analytical
thinking and disfluency used for
automated risk stratification.
Real-time prediction of agitation
episodes at least 6 min in
advance via multimodal biometric

fusion.

Tracking of real-world functional
decline; AUC 73.0% for
prodromal AD identification.
Heart rate response/recovery
index from a submaximal exercise

test; higher HRR associated

with reduced all-cause dementia
risk (HR 0.72, 95% CI 0.54—
0.94) in 46,348 participants.
Mini-SPACE serious game for
unsupervised screening; prediction

of MoCA scores improved
with repeated measures.
Interpretable ML (LightGBM);
key predictors of agitation were
low nocturnal respiratory rate,
heightened alertness during
sleep and increased indoor
illuminance.

Longitudinal analysis of 41
handwriting features identified
markers for early detection of
CI/AD.

GPS-based driving patterns
serve as a scalable and non-
invasive digital biomarker for
preclinical AD.

a given conclusion (Dymm and Khalid, 2025): a model that cannot be
questioned is hard to fold into a decision process that stays, rightly, a
clinical responsibility. And deployment is not the finish line. A system
that performs well at validation can drift as documentation habits,
acquisition protocols, or institutional conditions shift, so it has to be
watched for that drift before it does harm (Wells et al., 2025).
Framing Al as a source of diagnostic readouts also understates the
range of roles it can play. Some of the most plausible near-term contri-
butions are supportive rather than diagnostic, and they fit the “system
for the clinician” model more naturally than autonomous classification
does. Triage is the clearest example: convolutional models that flag
likely-abnormal head MRIs immediately after acquisition can reorder
the reporting queue, and in one large deployment halved the reporting
time for abnormal scans (from 28 to 14 days at one network, 9 to 5 at
another) across more than 70,000 examinations (Wood et al., 2022).
In primary care, low-cost speech screening can play the analogous role
of deciding who warrants confirmatory imaging rather than making
a diagnosis at all. Conversational assistants are a second role: large
language models can summarize records for clinicians and translate
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instructions for caregivers, though evaluations in dementia care find
accuracy and safety still under-characterized and hallucination a real
hazard for vulnerable users (Oh et al., 2025b). Automated report gener-
ation is a third: on a multicentre benchmark of 4293 brain-MRI reports,
a large language model placed the correct diagnosis among its top
three suggestions for 97.6% of patients when working from structured
findings, though that figure drops to 87.1% once it must commit to
a single diagnosis (Wang et al., 2026b). The same class of models is
diagnostically unreliable when asked to read the scans themselves: a
systematic audit of seven vision-language models found fabricated or
misidentified content in 74.4% of readings, and MRI was the modality
they handled worst, at 13.9% diagnostic accuracy (von der Stiick et al.,
2026). The pattern is consistent: these systems are useful when they
support a human who remains accountable, and unsafe when trusted
to act alone.

Cross-modal synthesis deserves separate mention because it is where
the supportive framing is most tempting and most fragile. Generating
PET from structural MRI would, if it worked, bring molecular readouts
to settings without a cyclotron, and recent diffusion-based models
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produce visually convincing multi-tracer images (structural similarity
above 0.87) with measurable gains when combined with MRI for clas-
sification (Wang et al., 2026a). But amyloid and tau accumulate years
before the structural changes MRI captures, which makes the MRI-to-
PET mapping mathematically ill-posed: a model trained across disease
stages tends to regress toward an average that can invent or erase
focal pathology, and standard image-quality metrics do not detect this
(Baron et al., 2026). The risk is concrete enough that nuclear-medicine
bodies have begun to formalize it, defining Al-fabricated abnormalities
that are visually plausible but factually false as a distinct failure class
requiring governance (Xia et al., 2025). Synthetic modalities may still
have a place, particularly when conditioned on independent molecular
signals such as plasma biomarkers, but they illustrate the general point
of this section: the value of these tools depends less on what they can
technically produce than on whether their outputs are trustworthy in
the hands of the people who must act on them.

It is worth being concrete about what has actually reached the
clinic, because the regulatory record gives a sharper picture of AI’s
current role than performance figures do. The Al tools cleared for
use in dementia are, almost without exception, quantitative and assis-
tive rather than diagnostic. A number of automated brain-volumetry
packages (NeuroQuant, icobrain, Quantib ND and others) hold FDA
clearance or CE marking. They segment structures such as the hip-
pocampus and report volumes against age- and sex-matched normative
databases, and a systematic review of these commercial tools confirms
that their value lies in standardizing measurement rather than ren-
dering a diagnosis (Pemberton et al., 2021). Lesion-detection software
has followed the same pattern: icobrain aria, cleared by the FDA in
2024, is the first tool approved to detect and grade amyloid-related
imaging abnormalities in patients on anti-amyloid antibodies, and in
its validation study it raised radiologists’ sensitivity for ARIA-E from
71% to 87%, without removing the radiologist from the decision (Sima
et al., 2024). In every case the approved system measures or flags, but
the clinician still decides.

Direct evidence of the disease itself still comes from methods that
are not Al at all. Amyloid PET tracers (florbetapir, flutemetamol and
florbetaben) and the tau tracer flortaucipir have been approved for a
decade and bind the pathology directly, and their diagnostic impact
is well documented (Jovalekic et al., 2024). The most consequential
recent change is not an imaging algorithm but a fluid assay: in May
2025 the FDA cleared the first blood test for Alzheimer’s diagnosis, a
plasma pTau217/Ap42 ratio with reported concordance around 92%
with amyloid PET (Hu et al., 2025). Where Al has won approval, its
job is to quantify structure and help with interpretation. Where what
is needed is a direct read of the pathology, the approved tools are
molecular. That is less a failing of AI than an honest map of where each
approach has so far earned clinical trust, and it echoes the through-line
of this section: the systems that make it into practice are the ones that
support the clinician, not the ones that try to supplant the evidence
clinicians work from.

What holds back routine use is rarely one thing; it is several, and
they feed on each other. Generalizability draws the most comment: a
model tuned to one set of technical and organizational conditions can
behave quite differently once it is moved to a center with other imaging
pipelines, other diagnostic protocols, or a different patient mix (Kelly
et al.,, 2019). In dementia that kind of variability is the rule, not the
exception. Everyone agrees multicenter validation is needed, and yet
governance rules, legal constraints, and poor interoperability between
systems keep getting in its way (Rieke et al., 2020). Regulation piles on
another layer: showing that a system is safe, robust, and reproducible
across settings is increasingly the expectation, but it is hard to pull off
anywhere except a tightly controlled environment (Liu et al., 2020).
The honest reading is that translation is not a technical problem waiting
on a technical fix. It turns on institutional coordination, on regulatory
clarity, and on a willingness to build systems around how clinical
practice actually works rather than around the logic of a research
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pipeline (Topol, 2019). In the end, how health systems choose to deploy
these tools, and whose interests that deployment mainly serves, will
count for as much as anything the tools can technically do.

Table 9 summarizes representative studies that address the gap
between Al research and real-world clinical application in Alzheimer’s
disease and related dementias.

7. Ethical and translational challenges

Primary among all the ethical issues around the deployment of Al
tools for AD diagnosis, or indeed any other predictive technology based
on machine learning, is the manner in which it is implemented. First is
the context. MRI scans are a relatively expensive examination involving
a high-technology resource of limited capacity. For this reason alone,
MRI would not be used as a population screening technique to identify
pre-symptomatic individuals, something that the typical case-control
comparison approximates and commonly appears in research articles of
prototype Al systems. Instead, in the neurodegenerative context, MRI
is usually reserved for patients who already have cognitive difficulties
to the extent that have prompted them to seek medical advice. Here
MRI might be used to exclude serious immediately life-threatening
illness, such as brain tumours or stroke, for differential diagnosis,
or prognosis of cognitive outcomes. When developing an Al system,
researchers should articulate the application in mind and what value
this might have to patients within existing health services and design
their experiments accordingly.

Success at increasing diagnostic rates comes with its own consider-
ations. We can all recognize the appeal of estimating future dementia
risk, especially years before it becomes distressing. The emotional
impact and influence on everyday life that such a prediction might
have on a patient and their family is greater than articles published
in technical journals acknowledge. A probabilistic prediction is only
an estimate, yet for patients and families it may alter how the future
is imagined, planned, and feared, and researchers should also provide
measures of uncertainty in the prediction to allow accurate and propor-
tionate communication of an elevated risk of further cognitive decline
in some future period. These problems are compounded when there is
no prospect of a disease-modifying treatment, as is the current case with
dementia, or when waiting-lists for treatments are already at capacity,
with further referrals, not all of whom will develop cognitive deficits,
only serving to increase pressure on health services. Excessive empha-
sis on early detection for prevention can also threaten the provision
of reactive capacity to treat those with disease (Nuffield Council on
Bioethics and Predicting, 2024).

What truly sets Al systems apart from statistical models of empirical
data already used to make diagnoses and prognoses is their absolute
dependency on the datasets on which they are trained. The likelihood
of developing dementia is best assessed from multi-domain data com-
bining peripheral blood biomarkers, genetics, cognitive testing, and
imaging where available. In a hospital or clinic, these disparate sources
are accessible and cross-referenced by electronic health record systems
(EHRS) designed and procured to actively promote data security and
patient confidentiality. Al systems need free access to large datasets
for training. To make clinical data available requires its transfer from
the intentionally restrictive EHRS to more accessible storage. And this
is not a single event. Procedures evolve and acquisition devices are
upgraded or replaced, leading to data drift where models become unre-
liable over time due to a divergence between the statistical properties of
the training dataset and the day-to-day data on which clinical decisions
are made. Detecting data drift by a worsening of patient outcomes is
obviously undesirable and continuous monitoring and model retraining
on the most recent data is the safest, albeit most resource-intensive, ap-
proach. The risk to patient privacy is therefore elevated by the frequent
transfer of patient data away from the designed-in security of the EHRS.



Table 9

Comparison of recent studies for clinical application and translational impact in dementia care.

Ref. Application Setting Key translational outcome
focus

Saxena and Khan Clinical decision Hospital Multi-omic, clinical, and

(2025b) support workflow environmental data integration
framework supporting
personalized care delivery
and administrative resource
mobilization.

Alex et al. (2025) Multi-biomarker Clinical Hybrid model combining 3D-

Bafaloukou et al.
(2025)

Lukkien et al.
(2024)

Lekadir et al. (2025)

Khude and Shende
(2025)

Lima et al. (2025)

Zajac et al. (2025)

Bortty et al. (2025)

Saxena and Khan
(2025a)

detection

Agitation
monitoring

Responsible
co-design

FUTURE-AI

guidelines

Personalized drug

therapy

Spoken language
screening

Clinician-in-the-
loop Al

IoMT-based
diagnosis

Intelligent
chatbot

memory care

Home-based
care

Collaborative
R&D

Multi-
institutional
collaboration

Healthcare IT
systems

Telemedicine/
home monitoring

Global radiology

practice

Remote
monitoring

Patient-centered
care

CNN segmented hippocampal
sMRI and fuzzified CSF
biomarkers achieved 93.7%
accuracy for MCI vs AD
classification.

LightGBM model tracking
passive in-home sensors
combined with a traffic-light
alert system achieved 90.3%
specificity, supporting non-
pharmacological interventions.
Identified six conditions for
responsible design and
deployment: protecting privacy,
preventing cognitive overload,
providing transparency,
empowering caregivers to be in
control, safeguarding accuracy,
and training users.
International consensus
establishing six core principles
and 30 best practices for safe,
trustworthy, and deployable
Al in general healthcare.
Narrative review of Al-driven
clinical decision support for
medication selection and
personalized drug therapy,
integrating multi-omic data to
predict adverse drug reactions
and reduce trial-and-error
prescribing.

Random Forest on linguistic
features enabling scalable
screening and risk-stratified
triage; 69.4% sensitivity and
83.3% specificity on the main
cohort (N = 291), falling to
70.0%/52.5% on a small in-
residence pilot (N = 22).
Identification of five visions of
AI support grounded in radiology
practice across the Global
South and North, prioritizing
professional expertise and
contextual awareness.
Optimized ensemble of ViT-
B16, ResNet152V2 and
EfficientNetV2B3 achieving
97.31% accuracy on the
OASIS MRI database (obtained
via Kaggle) for IoMT-based
services.?

Practicality assessment of a
proposed NLP conversational
agent to support patients and
informal caregivers in daily care.
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2 Results on Kaggle-hosted datasets should be interpreted with caution: data provenance and written informed
consent are often not traceable for medical data shared via such platforms.
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Anonymization of patient data does not mitigate against triangulation
attacks when the datasets contain such diverse and extensive sources
of information which can be combined in ways that are unique to
individuals. In short, Al systems cannot operate safely long-term if
they do not have continuous access to recently acquired clinical data,
requiring a fundamental rethinking of the principles of EHRS design
and associated data access procedures.

Arguably, most critical to the successful and sustainable deployment
of Al systems is how they are embedded within the existing care
pathways and the multidisciplinary team that manages the patient’s
care. It is important to recognize here the potential tension between
marketing and sales imperatives of Al system vendors and the best
interest of patients and practitioners. Vendors have a legitimate need
to sell systems to customers (mostly healthcare providers) and so must
find the most effective means of motivating the purchase of an Al
system over other possible options. Consider the following fictional
vignette: a hospital is offered an Al system for the automated reading
of MRI to determine dementia. The system might be implemented in a
way that it asks the human radiologist to take a second look at certain
scans and in doing so improves diagnostic rates by 5% but reduces the
number of scans seen per day by 1%-2%. Most people would agree that
this is desirable and is an improvement over current practice. However,
the system could also be implemented in a way in which the Al makes
the diagnoses, and it is the human radiologist who must a posteriori
re-read scans when there are requests for a second opinion or other
information contradicts the outcome. Now the human is working for
the AI and taking the responsibility for its mistakes, rather than the
vendor.

In times of financial insecurity, there is clear reasoning for the
second approach in that a smaller number of highly paid human spe-
cialists are needed, which more than offsets the cost of the AI system,
in contrast to the augmentation of human specialists which improves
patient outcomes but increases overall spending. Of course, there are
situations where an Al system might offer new capabilities beyond
those currently achievable with human specialists, but the manner of
implementation remains crucial for sustainable changes to procedures
that lead to better outcomes for patients and no deterioration in the
working conditions of practitioners. Researchers have some culpability
in fostering the conditions where these kinds of decisions are motivated
by the replacement rather than the augmentation of humans (Anderson
et al., 2024). Research outputs on prototype Al systems are frequently
focused on achieving a higher detection rate or equivalent than an
“expert” human operator, usually in an opportunistic dataset without
the demographic complexity of the target clinical population. This adds
to a general sense that Al systems easily surpass the performance of
human operators and the subsequent fallacy of an appeal to authority
is difficult to avoid during procurement. Relatively little work has been
done on combining Al system outputs with human operators who are
also susceptible to appeal to authority fallacy when interacting with AI
systems (Bernstein et al., 2023; Yu et al., 2024b).

Accountability for the decisions of Al systems remains unresolved,
and the rhetoric is often cleaner than the reality. A frequent narrative
is that AI will “support” clinicians rather than replace them, although
such statements do not solve the practical question of who takes re-
sponsibility when an error occurs (Gerke et al., 2020; Sujan et al., 2023;
Price et al., 2024; Borchert et al., 2023). How responsibility for deci-
sions is apportioned is unclear but is shared by the attending clinician,
vendor, and the institution in which it is operating. Clarity is needed
here to ease the translation pathway. The Medical Device Regulation
(MDR, 2017/745) and the Artificial Intelligence Act (Regulation (EU)
2024/1689) have established stricter obligations for high-risk systems,
including clinical decision-support tools, particularly in relation to data
governance, human oversight, and post-market surveillance (Busch
et al., 2024; Aboy et al., 2024). Nevertheless, an Al system compliant
with regulatory requirements may still have failure modes, and it is

19

Neurolmage 339 (2026) 122142

essential that researchers effectively communicate these limitations to
build and then sustain confidence in the application of the Al system.

Outright failures, though important to clearly articulate, are not
necessarily the most insidious errors generated by Al systems. These
systems are trained on data, and from the data they may discover
patterns that the human eye is incapable of detecting. The danger is
that these patterns may not be related to the disease, but to artefacts
or other physical characteristics that covary with its incidence. More
subtly, training datasets, even when obtained from the clinics in which
the AI system might subsequently be deployed, will not accurately
represent the demographic profile of those who suffer from the disease
(Seyyed-Kalantari et al., 2021). Socioeconomic status, ethnicity, age
and gender are all factors in how late an individual may seek help
when concerned about symptoms (Scott and Hoskin, 2024; Ho et al.,
2025; Wilm et al., 2024; Hogg et al., 2023), and this is reflected in the
datasets. Furthermore, the demographic composition of communities
geographically varies. Al systems trained on datasets where there is, for
example, an underrepresentation of early disease associated with par-
ticular demographics can result in false-negatives in these individuals,
exacerbating existing health inequalities. Solutions require identifying
uneven health outcomes across communities and then sampling larger
datasets to produce training datasets suitable locally, although the long-
term solution is the promotion of health literacy for everyone, but
particularly in hard-to-reach communities.

Fig. 4 draws these threads together across the deployment lifecycle,
marking where risk enters the pipeline, the structural tensions that fol-
low from it, and the conditions that responsible deployment requires. Al
systems have enormous potential in narrow, specialist roles to improve
the health outcomes of patients. Ageing populations make dementia
and other neurodegenerative disease a priority. Careful consideration
of the purpose of a putative Al system, the target populations, and
how it is embedded into existing care pathways is necessary at the
very beginning of algorithm development and should be part of the
academic reporting.

8. Conclusion

The literature reviewed here suggests that dementia research no
longer lacks Al methods. What it still lacks, in many cases, is a clear
path from methodological success to dependable clinical use. That
is perhaps the most important conclusion to draw, and it is worth
stating plainly rather than burying it in caveats. Al is now applied well
beyond isolated classification tasks: multimodal models, longitudinal
architectures, digital biomarker research, and decision-support systems
are all active areas, and the scope of what is being attempted has
broadened considerably. In a disease that unfolds over time, affects
multiple domains, and is only partially captured by any single source
of data, that broadening is not a research indulgence, but a reasonable
response to the nature of the problem.

The field has also reached a point where better numbers on bench-
mark datasets are no longer sufficient to count as progress in any
meaningful sense. The literature repeatedly presents models with strong
performance under controlled conditions, while questions of external
validation, interpretability, and routine usability remain partly unre-
solved. A model that performs well in a curated cohort but cannot be
trusted across sites, or cannot be understood by the clinicians expected
to use it, has limited value regardless of its accuracy. Robustness,
clinical usability, and interpretability should now be treated as central
criteria for evaluating work in this field, not as secondary refinements
to be addressed once the model is built.

Multimodality deserves a closer look, not for solving these problems
but for being truer to what dementia is. Neuroimaging is not going any-
where, yet speech, gait, sleep, wearable signals, and everyday behavior
are stretching both the timeline and the settings over which the disease
can be observed. The aim is not to crown one dominant biomarker
but to work out how these different kinds of evidence fit together in
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Al System Development

Data collection ——— X

A Who is represented? Who is excluded? A Validated in research cohorts only

.. Model training )
& validation

Deployment
decision

~

A Compliance # trustworthiness

Privacy & Governance
Re-identification risk in linked datasets
Federated learning # full solution
Accountability blurs in distributed systems

Bias & Fairness
Hidden until underserved groups are tested
Sex, race, SES shape who benefits
Must be built in, not corrected later
'

v

Where ethical risk enters

What responsible deployment requires

Predictive harm
Probabilistic score, existential impact
Model assigns risk; cannot absorb consequences
Limited therapeutic options amplify burden

Accountability & Liability
Error may be shared: clinician, developer, institution
MDR 2017/745 and EU Al Act impose obligations
Regulation addresses compliance, not judgment
'

v

Conditions for responsible deployme!|

Early c an
involvement

nt & caregiver
participation

Heterogeneous
training data

. Clear accountability
frameworks

Not less ambition — more discipline.

Fig. 4. Ethical and translational challenges across the Al deployment lifecycle in dementia research. Warning indicators mark where risk enters the pipeline:
representational gaps in data, overconfidence in research only validation, and conflation of regulatory compliance with trustworthiness. Four structural tensions
are shown: privacy and governance, predictive harm, bias and fairness, and accountability and liability. Required conditions for responsible deployment are listed

at the base. Closing statement reflects the normative position of this article.

ways a clinician can use. Plenty stands in the way: standardization is
thin, sharing data across centers is still awkward, acquisition protocols
differ, and in most places the frameworks for validation are not mature
enough to underwrite confident translation. The ethical and regula-
tory questions cannot be peeled away from the methodological ones.
Privacy, fairness, accountability, and the responsible handling of data
collected around the clock are not bolt-on concerns; they are part of
what decides whether any of this is credible enough to put into practice.

Beneath all of it sits a question the field tends to skirt: who is the
deployment of these tools mainly meant to benefit? A system that helps
clinicians decide better is not the same as one that trims institutional
costs by shifting clinical responsibility onto the people least able to
push back. Medicine could go either way with Al, and the algorithm
does not settle which; that is settled by how deployment is organized,
governed, and judged. If success is measured by patient benefit rather
than throughput, the evidence bar ought to be set accordingly. Our
optimism about what AI can bring to dementia research and care is
real, but it comes with conditions: models that survive outside con-
trolled settings, explanations clinicians can genuinely use, translational
strategies that take the messiness of real health systems seriously, and
deployment choices that put patient welfare, not the economics of the
service, first. Whether those conditions are met is not, in the end, a
technical question, but one of priorities.
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