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Abstract

Explainable Artificial Intelligence (XAl) is gaining popularity in early diagnosis and monitoring of dementia.

Herein, we recommend the incorporation of the National Institute of Mental Health's Research Domain Criteria
(NIMH-RDoC) framework with XAl-informed diagnostic protocols to help establish diagnosis at early stages of
Alzheimer’s disease (AD). RDoC has a dimensional structure that extends across units of analysis from genes and
molecules to circuits, physiology, behavior, and introspection. By restructuring diverse features as inputs including
apolipoprotein E (APOE) genotype, amyloid and tau biomarkers, computational neuroimaging-informed cortical
atrophy, Positron Emission Tomography (PET) hypometabolism, quantitative electroencephalography (qEEG)
rhythms, cognitive tests, and digital behavioral markers), onto RDoC units provides more insightful and inclusive
models. In this context, data-driven approaches such as XAl can achieve not only increased interpretability but

also enhance their mechanistic validity. Such an innovative approach places data-driven model outputs within
neurobiologically based domains such as Cognitive Systems, Negative Valence, and Arousal/Regulatory Systems.
Our synthesis suggests that a ‘converging RDoC and XAl approach may help bolster the coherence of AD
biomarkers, promote model exploration in clinical decision-making. This approach is also expected to provide a
strategic roadmap for translational neuroscience and personalized medicine. Another major aim of this study is

to critically analyze current XAl approaches used in dementia research, particularly the diagnostic and prognostic
aspects. By explicitly grounding explanations in RDoC cognitive domains and paradigms, the framework also aims
to make model outputs meaningful in terms of specific mental functions (e.g., episodic memory, cognitive control),
thereby supporting neuropsychologically-informed diagnosis, categorization, and communication with patients and
caregivers.
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1 Introduction

Pathologically, Alzheimer’s disease (AD) is characterized
by the abnormal accumulation of amyloid and tau in the
A/T(N) model. Here, “A” represents amyloid p (i.e., CSF
AP42 or PET amyloid) and “T” represents aggregated tau
(i.e., cerebrospinal fluid-CSF p-tau or tau PET) and “(N)”
represents neurodegeneration or neuronal injury (i.e.,
Fluorodeoxyglucose-FDG- or PiB-PET, Magnetic Reso-
nance Imaging (MRI) atrophy or CSF total tau) [1, 2].
While this source of biomarker classification has revolu-
tionized diagnostic specificity, it also faces the shortcom-
ing of limiting AD to its molecular identity.

Parallel to these advances, The Research Domain Cri-
teria (RDoC) framework by the National Institute of
Mental Health (NIMH) is a dimensional and integrative
approach to mental and neurocognitive disorders that
focuses on a broad range of levels of analysis [3]. Instead
of traditional categorical frameworks, RDoC organizes
research into fundamental functional domains. Each
domain is analyzed by units of analysis, which include
several variables ranging from genes and molecules to
circuits, physiology, behavior, and self-report. In neu-
rodegenerative disorders such as Alzheimer’s disease,
RDoC offers a clear way to associate the biological mech-
anisms behind such manifestations with observable cog-
nitive and behavioral patterns, enabling us to develop
more accurate, mechanistically based, and transdiag-
nostic models for the characterization of diseases. RDoC
promotes research through six domains including Nega-
tive Valence, Positive Valence, Cognitive Systems, Social
Processes, Arousal/Regulatory Systems and Sensorimo-
tor Systems. The levels of analysis that cut across units
range from genes to molecules to circuits to physiology
to behavior to self-report to paradigms [4, 5].

In this context, Explainable Artificial Intelligence (XAI)
is an emerging area of methodological and framework
efforts to make the decision-making of artificial intel-
ligence systems transparent, interpretable, and clini-
cally meaningful. Following model training, post-hoc
explainability methods [such as SHapley Additive exPla-
nations (SHAP) and Local Interpretable Model-agnos-
tic Explanations (LIME)], are used to clarify the role of
features in the prediction process of the model, with-
out changing the underlying architecture. Meanwhile,
intrinsically interpretable models, such as linear models,
decision trees, and rule-based systems, are transparent
by design, through which their decision-making logic can
be inspected directly. In clinical settings like Alzheim-
er’s disease diagnosis, XAl holds significance as it con-
nects predictive accuracy with interpretability and thus
increases clinician trust, assists with regulatory compli-
ance, and promotes the translation of diverse multimodal
data into actionable, cognitively meaningful insights [6,
7].
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In essence, Artificial Intelligence (AI) is a broad disci-
pline of computational methods used to model or simu-
late intelligent behavior, with Machine Learning (ML)
specifically as a sub discipline that is trained to learn pat-
terns using data. Deep Learning (DL) is a subset of ML
that employs multi-layered artificial neural networks
to model complicated, high-dimensional relationships.
Although DL models have showcased impressive capa-
bilities around neuroimaging and disease prediction, they
tend to be characterized by limited interpretability. This
hierarchy is key for explaining the role of XAl in improv-
ing the transparency and interpretability of these model-
ing methods in a clinically relevant manner [6-8].

Given recent advances in Al-driven medical research,
it is timely to incorporate XAl into this paradigm. Black-
box AI models based on artificial neural networks like
deep learning discover patterns in high-dimensional bio-
marker data, but frequently lack clinically meaningful
explanations [6, 7].

Beyond its underlying molecular and imaging signals,
AD is principally expressed as a disruption of cognitive
systems. Clinically, patients present with characteris-
tic patterns of impairment across episodic and semantic
memory, language, executive control, visuospatial skills,
and social cognition. These profiles evolve over time,
from preclinical stages through prodromal mild cogni-
tive impairment (MCI) to dementia, and are influenced
by factors such as cognitive reserve, comorbid pathol-
ogy, and the compensatory strategies adopted by indi-
viduals. RDoC’s domains, particularly Cognitive Systems,
Arousal/Regulatory Systems, and Social Processes, there-
fore, provide a set of biological categories and concepts,
together with a principled way of characterizing the cog-
nitive features that emerge from the underlying circuit
and molecular disruption.

Integrating XAI with RDoC for AD therefore provides
two significant benefits: first, linking multilevel bio-
markers to RDoC units of analysis, and second, enabling
model outputs to be framed in terms of cognitive con-
structs that are directly observable in neuropsychologi-
cal assessment and everyday functioning (e.g., “episodic
memory retrieval’;, “cognitive control’, “affective regula-
tion”). This multilevel mapping is critical as it provides a
shared language across neurology, psychiatry, neuropsy-
chology, and data science, and ultimately places explana-
tions within the clinical cognitive space, allowing model
outputs to be understood as statements about changes in
specific mental functions rather than less interpretable
combinations of features.

The embedding of RDoC in existing data-driven mod-
els integrated with XAI methods provide two key advan-
tages. It places discovered features within established
neurobiological and behavioral constructs, and links
molecular markers to the observed cognitive-behavioral
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changes. Hence, AD can be conceptualized as a multi-
level syndrome in which amyloid pathology (Mole-
cules) relates to hippocampal circuit deficits (Circuits),
translated into memory disturbances (Cognitive Sys-
tems/Behavior), captured by neuropsychological tests
(Reports/Paradigms) [8]. The already-established bio-
marker-driven classification renders an accurate view
of the disease in addition to the clinical symptoms and
facilitates early diagnosis and classification throughout
what is now recognized as the Alzheimer’s continuum.
Meanwhile, Alzheimer’s clinical syndrome includes
those individuals who demonstrate cognitive impairment
either in the amnestic type, single or multiple domains.
The presence of abnormal AP but not tau biomarker
marks “Alzheimer’s pathologic change,” as a minimally
advanced point along the continuum. BBoth ‘Alzheimer’s
pathologic change’ and ‘AD’ fall underthe AD spectrum
including preclinical, prodromal, and demented phases
of the disease [9]. This terminology comprises both the
early and more severe stages of disease and is consistent
with what was previously referred to as “possible” or
“probable AD Yet, clinical syndrome is not adequate to
diagnose AD and neuropathological or biomarker confir-
mation of (amyloid and tau) pathology is ideally needed
to label “AD” This emphasizes the applicability of bio-
marker-guided diagnostics that are based on a biologi-
cal hierarchy of staging and that support more targeted
approaches [10].

In the context of the A/T(N) model, the three groups
of biomarkers are binarized as positive (+) or negative
(-), resulting in eight possible biomarker profiles. Then,
these profiles are classified in one of three main bio-
marker categories: (1) normal AD biomarker [A-T-(N)-],
(2) Alzheimer’s continuum [any A+ profile], and (3) non-
Alzheimer’s pathologic change, known as Suspected
Non-Alzheimer’s Pathophysiology or SNAP [A-T+(N)-,
A-T-(N)+, or A-T+(N)+] [11, 12].

Despite the progress brought by the A/T(N) frame-
work and the biomarker-based classification, there are
still major challenges left for the implementation of these
approaches into everyday clinical care. Heterogeneous
sources of data vary greatly in the level of granularity
and detail, and range from neuroimaging, CSF assays,
cognitive scores to behavioral markers [13]. The com-
plexity and richness of information across the modali-
ties make the integration of findings a formidable task
for clinicians. In addition, early and precise diagnosis,
especially in preclinical or prodromal phases, is widely
impeded by overlap between the symptomatology,
restricted accessibility of advanced tests for biomarkers
and lack of scalable strategies for personalized prognosis
and intervention. In this regard, Al and Machine Learn-
ing (ML) methods provide promising solutions. ML can
improve the accuracy of diagnosis, risk stratification, and
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longitudinal monitoring disease progression by integra-
tion of multimodal-heterogeneous high-dimensional
data [14, 15].

While there is increasing evidence supporting explain-
able AI in Alzheimer’s disease, its incorporation into
the RDoC framework remains largely unexplored. This
systematic review presents a novel synthesis that evalu-
ates XAl applications for AD diagnosis and monitoring
through the lens of RDoC domains and constructs. By
aligning transparent ML techniques with mechanistic
cognitive-affective processes, the review aims to pro-
mote the development of clinically relevant, interpretable
models that translate multimodal biomarkers into action-
able clinical insights.

The remainder of this paper is organized as follows.
The clinical diagnostic process of Alzheimer’s disease,
including staging and biomarker-informed frame-
works, is described in Sect. 2. In Sect. 3, we describe
the search methodology, along with XAI approaches
leveraged for dementia research. Current evidence from
XAlI-based studies of key neuroimaging and multimodal
domains is synthesized in Sect. 4. In Sect. 5 we pres-
ent the proposed RDoC-XAI integration framework,
where multilevel biomarkers are mapped onto cognitive
and neurobiological domains. The clinical implications,
interpretability considerations, and implementation chal-
lenges of XAI in Alzheimer’s disease, including limita-
tions and reliability concerns, are discussed in Sect. 6.
Finally, Sect. 7 presents conclusions and future direc-
tions for advancing explainable, clinically meaningful Al
applications in neurodegenerative disease.

2 AD dlinical diagnosis process

The clinical diagnosis of AD is based on a staged, struc-
tured workflow, and in accordance with recent medical
recommendations. Stage I represents minimal clinical
manifestation and maximal subclinical burden. It starts
with a full clinical evaluation comprising cognitive test-
ing, neurological exam, and medical history, in many
cases employing standardized investigations such as the
Mini-Mental State Examination (MMSE) or Montreal
Cognitive Assessment (MoCA) [16]. Structural brain
changes and alternative causes of cognitive impairment
are excluded with the assistance of neuroimaging such as
MRI or computed tomography (CT) scans. Biomarkers
have increasingly been integrated into diagnosis, where
levels of amyloid-beta, tau proteins can be identified by
PET scans, by CSF testing and through plasma assays as
well as via the biological definition of AD [17, 18]. A set
of criteria for the 2024 National Institute on Aging and
the Alzheimer’s Association (NIA-AA) guidelines pro-
poses that a diagnosis of AD can be established when
there is clinical evidence of cognitive decline and when
the biomarkers indicate AD pathology [19].
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The progression of AD is a continuum and passes
through a series of defined stages, as described in the
NIA-AA 2024 biological and clinical framework. In the
preclinical stage, there are silent pathologic changes,
amyloid-beta build-up, and tau tangles, that come before
obvious symptoms, and that can only be detected by
biomarkers (Leon, Ghahremani et al. 2025). During the
development of neurodegeneration, subjects progres-
sively can enter the prodromal stage also known as mild
cognitive impairment (MCI) in the Diagnostic and Sta-
tistical Manual of Mental Disorders, Fifth Edition (DSM-
5) or Mild Neurocognitive Disorder (Mild NCD) in the
Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition, Text Revision (DSM-5-TR) attributable
to AD, in which the onset of memory deficits can be
observed, while daily life is still preserved. Lastly, in the
dementia phase, the level of dependence posed by cog-
nitive impairment is severely high and classified as mild,
moderate, and severe stages based on functional deterio-
ration. These stage definitions are based on clinical and
objective biomarker measures, and represent a move
toward a biologically based spectrum of AD progression
[13, 20].

Of importance, cognitive status and neurobehavioral
symptoms also contribute to staging. Cognitively unim-
paired individuals can possess the biomarker signature of
AD, even in preclinical stages. Others may present with
metabolic syndrome or transitional cognitive impairment
which includes subjective cognitive complaints, early
subtle cognitive decline on serial testing, or neurobehav-
ioral symptoms of anxiety, apathy or depression. Identi-
fication and classification of patients according to these
dimensions are important not just for diagnosis, but for
monitoring the course and evaluating treatment response
[21]. Within this dynamic context, machine learning
(ML) methods have emerged as an effective tool to ana-
lyze multimodal biomarker and cognitive data, and thus
to help determine diagnosis and prognosis throughout
the Alzheimer’s continuum [15, 22] (Fig. 1).

3 Search methodology and XAl background in
dementia diagnosis

To ensure a structured literature review methodol-
ogy and and to assess the reporting quality of included
studies, our literature search method complied with
the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) and STROBE (Strengthen-
ing the Reporting of Observational Studies in Epidemi-
ology) guidelines. Digital databases, including PubMed,
Scopus, Web of Science, IEEE Xplore were analyzed, cov-
ering publications from January 2013 to October 2025.
The search strategy integrated Medical Subject Headings
(MeSH) and free-text terminology of AD as well as XAIL
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The search was conducted using the following keywords
and Boolean combinations:

I.  Main search terms: “Alzheimer’s disease’,
“dementia’, “MCI’, “mild cognitive impairment”.

II.  Artificial Intelligence/Machine Learning keywords:
“machine learning’, “deep learning’, “artificial
intelligence”.

III. Interpretability and Explainability: “explainable AI’,
“interpretable AT, “SHAP’, “LIME’, “transparent

models’, “white-box models’, “decision rules’,
“saliency maps”

In total, 528 articles were obtained from the primary
keyword search. After excluding 112 duplicates, 416
records were screened by the titles and abstracts. Among
them, 297 publications were excluded for being irrel-
evant, in review nature, or not focusing on explainabil-
ity. The other 119 full text articles were screened by the
inclusion criteria including: 1-original research studies,
2-application of XAI or interpretable ML to AD dataset
(Alzheimer’s Disease Neuroimaging Initiative-ADNI),
3-addressing classifications, diagnoses, staging, progres-
sion, and predictions, and 4-adequacy of methodological
transparency and outcome measures.

After full-text analysis, 63 articles were excluded for
presenting non-interpretable methodology, poor descrip-
tion, or non-applicability to AD. A total of 56 studies were
ultimately included in this systematic review (Fig. 2).

ML can be an effective tool to augment early diagno-
sis of AD as it has been shown to effectively explore hid-
den dependencies within high-dimensional data, which
cannot necessarily be captured by classical statistical
approaches. Recent investigations by Dansereau and col-
leagues [23, 24] have applied data-driven algorithms such
as support vector machines, and others on the ADNI2
datasets to develop the HPS (Human Performance
Score), which achieved high predictive accuracy perfor-
mance in MCI conversion to AD diagnosis.

In the same vein, more recent works constructed an
ensemble-based model that combined genomic and
imaging traits to generate a multimodal dementia risk
score where the model yielded robust prediction (86%)
of conversion risk of cognitively normal individuals [25].
Another research study by Yamada et al. (2022) proposed
a data-driven approach to investigate digital drawing
patterns in tablet-based evaluation [26]. The approach
achieved an AUC (area under the curve) of 0.909, and
had significant correlations with clinical MMSE scores.

The clinical application of ML models is limited in
part by the fact that many state-of-the-art models such
as deep neural networks are “black box” models, i.e.
decision-making processes are not interpretable [10].
XAI includes post-hoc explanation methods including
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Diagnostic Process and Progress Assessment in Dementia of Alzheimer’s Type
and Alzhiemer’s Disease
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Fig. 1 The A/T(N) classification of AD was proposed by NIA-AA for the early diagnosis and tracking of AD and dementia of the Alzheimer’s type. This
model integrates clinical assessments (C), biomarker measures (A): amyloid, (T): tau, (N): neurodegeneration, and structural/functional imaging in the clas-
sification of individuals across the AD trajectory. The A/T(N) system, thus, allows distinguishing among normal biomarkers, Alzheimer’s-related changes,
and non-AD pathological changes. The combination of quantitative, functional neuroimaging (e.qg. FDG-, PiB-PET, and volumetric and Voxel-based mor-
phometric MRI) increases the early detectability of neuronal cell damage. Machine learning (ML) metrics applied across stages provide personalized pre-
diction, classification, and staging by aggregating multi-dimensional data (cognitive, imaging, molecular). This increases accuracy of diagnosis, preclinical

detection is supported, and the disease course can be monitored over time

SHapley Additive exPlanations (SHAP) and Local Inter-
pretable Model-Agnostic Explanations (LIME), as well as
prototype-based learning. The integration of XAI meth-
ods in neuroimaging analysis has recently enhanced the
interpretability of complex ML models in AD research.
Two popular solutions among them are for model deci-
sions, interpretations, and learning biologically relevant
features from high-dimensional imaging. SHAP and
LIME are model-agnostic explainability methods that
provide local interpretations of individual model predic-
tions by estimating the contribution of input features.
While LIME focuses on local surrogate approximations,
SHAP offers both local and aggregated global explana-
tions grounded in cooperative game theory [27].

SHAP is based on cooperative game theory and calcu-
lates the contribution of each input feature (e.g., brain
region voxel intensity, cortical thickness) by approximat-
ing Shapley values, providing a consistent, additive fea-
ture attribution technique that can be used across model

types. Applied to neuroimaging data in AD, SHAP can be
used by researchers and clinicians to interrogate which
brain regions have the most impact on a model’s predic-
tion of disease status or progression (e.g., hippocampal
atrophy, or temporal lobe hypometabolism). By giving
both global and local explanations, SHAP enables not
only the verification of biologically plausible model dis-
coveries but also the personalization of diagnostic infer-
ences for patients. This approach has proven useful in
validating the classification of ML approaches for staging
AD based on MRI and PET features [28, 29].

On the other hand, LIME provides a local comple-
mentary interpretability technique that approximates
the complex model by an interpretable surrogate model
(usually linear or decision tree-based) in the vicinity of a
prediction. It introduces data perturbation (anomalies) to
the input and examines which changes in neuroimaging
features most strongly drive individual predictions. LIME
is especially suitable in a clinical environment when



Nami et al. Brain Informatics (2026) 13:28

Page 6 of 18

Records identified through
database searching (n = 528)

Duplicates

Records screened

(n =416)

® emoved

(n=112)

Records excluded
based on

.

Full-text articles assessed for
eligibility (n =119)

2 title/abstract

(n=297)

Full-text
- articles

Studies included in final

review (n = 56)
Fig. 2 PRISMA Flow Diagram : XAl in AD Diagnosis

providing explanations for individual decisions, such as
why a patient’s scan was labelled as MCI or early AD.
Such transparency is important for establishing clinician
confidence in automated systems, as well as for providing
direction towards any follow-up inquiries or interven-
tions. The model-agnostic methodology of LIME makes
it applicable to a wide range of ML architectures used in
brain imaging analysis [30, 31].

These approaches help the clinician to better under-
stand which features are more responsible for diagnostic/
therapeutic decisions and hence increase the personaliza-
tion of machine learning predictions. The above approach
potentially encourages compliance with such laws and to
facilitate collaboration between Al systems and health-
care professionals [32]. Applied to the context of AD,
XALI allows the transparent tracking of diagnostic deci-
sions down to the level of cognitive, neuroimaging, and
genetic risk factors. For instance, Geddes et al. (2018) and
Yamada et al. (2023) have shown that interpretable mod-
els that offer accurate prediction on diagnoses can be
used to describe the networks established between neu-
rofunctional and behavioral information [26, 33].

Later in this review, we further explore the potential
role of XAI techniques for early detection, disease pro-
gression, and patient stratification in AD, with emphasis
on empirical work using real-world, quantitative clini-
cal data. Particular attention is given to studies utilizing

excluded

(n=63)

explainable or interpretable Al to interpret neuroimaging
results, digital phenotyping measurements, and genetic
data, frequently with the ADNI data [34]. The pres-
ent report highlights the role of XAI in bridging the
gap between diagnostic accuracy and clinical use in the
real-world, rather than solely adding a review of Al in
dementia to existing extensive supplementary literature.
Through targeted analysis of experimental investigations,
the review highlights the importance of interpretability
in improving early screening strategies and personal-
ized healthcare. This paper also presents existing medi-
cal diagnostic models for AD and dementia, as well as an
overview of the state-of-the-art XAl approaches in the
context of dementia research with the application to mul-
timodal clinical aids. Key findings and open challenges
in Al-augmented diagnosis are summarized, and recom-
mendations are provided.

4 Research themes and discussion

4.1 MRI-based XAl studies

Several studies have applied XAI methods to struc-
tural and functional MRI, particularly using ADNI brain
imaging data for the early detection and progression of
dementia. For example, Coluzzi et al. (2025) performed
regional volume-based analysis on T1-weighted MRI and
then applied SHAP method to identify hippocampus,
entorhinal cortex, and ventricles as critical predictive
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markers [35]. Similarly, Nigri et al. (2020) applied Convo-
lutional Neural Networks (CNNs) with saliency maps to
visualize which brain areas impacted classification per-
formance highlighting the significance of medial tempo-
ral lobe regions [36].

A recent study by Lozupone et al. (2024) provided
interpretability to MRI data-driven models through
their XAI attention framework by projecting attention
weights over 3D scans to derive area specific predictions
that are associated with clinical knowledge. The derived
data-driven model reached an 88% accuracy for CN-MCI
cohort classification [37]. In the same research arena,
Anjomshoae and Pudas (2024) applied XAI methods
within a graph CNN to extract predictive substructures
of AD from connectome features echoing the importance
of modeling inter-regional brain relationships [38].

Galazzo et al. (2022) and Amoroso et al. (2023) inves-
tigated beyond classical anatomical features and used
microstructural signatures such as Accelerated Micro-
structure using Robust Acquisition (AMURA) and aging
brainprints. These techniques when embedded into deep
learning algorithms like CNNs with integrated Gradient-
weighted Class Activation Mapping (Grad-CAM) can
reveal more early-stage biomarkers such as frontal and
parietal diffusivity patterns. The inclusion of such fea-
tures represents a major advance in MRI-based AD diag-
nostics [39, 40].

The use of Grad-CAM is potentially useful in explain-
ing complex class distributions and is mainly used for
visualizing which segments or regions of input data
significantly influence the predictions of deep learn-
ing architectures, especially CNNs. Grad-CAM exploits
gradient information that enters the final convolutional
layers, providing class-centered heatmaps that surface
relevant features leading to that prediction. For study
towards neuroimaging in the context of Alzheimer’s dis-
ease, Grad-CAM allows the detection of disease-relevant
brain regions, like the hippocampus or posterior cingu-
late cortex, which in turn allows for the interpretation of
model outputs to align with well-established neurobio-
logical signatures [40].

In longitudinal modeling studies like Bapat et al.
(2024), the authors used MRI-based CNN-based algo-
rithms trained on a 4-year follow-up dataset showing
91.3% accuracy in predicting progression from CN to
AD [41]. Recently, Dolci et al. (2025) integrated genom-
ics with MRI in a generative XAI methods. The authors
maintained strong interpretability by ensuring that SHAP
method scores remained clinically relevant even after
fusion [42]. This model aligns well with the work of Amo-
roso et al. (2023) who studied brain connectivity metrics
as supplementary input. The attention-based XAI pro-
posed model identified disrupted long-range connections
as early predictors of conversion to MCI thereby linking
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functional MRI connectivity to structural degeneration
patterns noted in voxel-based studies [39].

The stability of MRI-based XAI was assessed in Lom-
bardi et al. (2022) in which a framework was introduced
to assess reliability as a metric for evaluating the robust-
ness of saliency maps. The study particularly showed that
while hippocampal features were consistently detected;
however, specific regions like the precuneus fluctuating
as they rely on the data split [43]. Their findings largely
corroborated the work by El-Sappagh et al. who com-
pared a few XAI methods on the same MRI features and
revealed that Integrated Gradients provided more stable
attribution maps compared to LIME or plain saliency
[44].

Studies like Svenberg (2025) and Lozupone et al. (2024)
supported visualization by creating pipelines that clini-
cians could interpret directly. For example, Svenberg
used 3D rendering tools with XAI overlays thus allow-
ing experts to validate model behavior, which is essen-
tial in bridging AI and neurology [37, 45]. Their findings
directly align with Odusami et al. who combined MRI
and PET features and showed how XAI visualizations
enhance clinical confidence [46].

Overall, the MRI studies show a convergence on the
hippocampus, entorhinal cortex, posterior cingulate,
and lateral temporal regions as markers of early disease.
These findings are consistent across 2D CNNs [47], 3D
volumetric models [48], and attention-based networks
[37], with explainability tools providing consensus on
their importance.

4.2 PET-related XAl studies

Studies applying XAI to PET imaging in dementia focus
on FDG-PET and amyloid PET with a shared aim of
identifying early regional changes in brain metabolism
or plaque deposition. A study by De Santi et al. applied a
CNN framework on 18 F-FDG PET images and achieved
an AUC of 0.92 highlighting consistent hypometabolism
in the posterior cingulate, precuneus, and inferior pari-
etal cortex. Their maps matched known early metabolic
decline areas thus strengthening the model’s clinical
alignment [49].

Jiang et al. used deep SHAP on radiomic PET features
to predict progression from early AD stages. The authors
found that regional PET uptake values especially in the
temporoparietal junction and medial parietal regions
were important. SHAP values allowed for individualized
interpretation of each patient’s progression probability
[8]. Further, Rasi et al. applied SHAP to FDG-PET sub-
regions and validated their results across ADNI subsets.
The reported results showed 87.4% accuracy for AD clas-
sification and confirmed that the posterior cingulate con-
sistently emerged as a predictive subregion [50].
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Odusami et al. (2023) proposed a multimodal approach
fusing PET and MRI within a deep fusion network aug-
mented by Grad-CAM. Their explainability layer revealed
that PET data primarily drove classification in early
stages (CN-MCI) whereas MRI contributed more promi-
nently to later stages (MCI-AD) [46]. This temporal shift
in modality utility echoes findings by Weatheritt et al.
(2021) who revealed that saliency maps of PET alone cap-
tured more features in early progression than MRI-based
ones [51]. Beer et al. further improved PET explainabil-
ity by incorporating genetic risk via Aquaporin 4 (AQP4)
polymorphisms. The proposed XAI method linked geno-
type variation to increased amyloid PET burden thereby
mapping spatial PET changes in at-risk individuals [52].

An earlier investigation also incorporated latent multi-
modal features including PET, and employed layer-wise
relevance scores to understand contribution of each
modality. The authors revealed that PET had the highest
salience scores in differentiating CN from MCI and used
a modified SHAP approach to display region-wise influ-
ence [53].

Overall, PET-based XAI studies focus on posterior
cingulate, precuneus, and lateral parietal cortex as core
regions of early AD pathology. XAI methods such as
SHAP, Grad-CAM, and integrated saliency models domi-
nate the interpretability toolkit. PET data offers strong
predictive value in preclinical and prodromal stages and,
when integrated with MRI or genomics, can significantly
enhance diagnostic models without compromising inter-
pretability [54].

To ensure consistency and comparability across stud-
ies, Table 1 focuses on investigations utilizing the ADNI
dataset, given its standardized data acquisition protocols,
multimodal richness, and widespread use as a benchmark
in Alzheimer’s disease research.

Table 1 Explainable/Interpretable Al evidence Using ADNI
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The studies reviewed demonstrate a range of interpre-
table machine learning/deep learning methodologies
for the task of AD diagnosis and progression predic-
tion, enabled by the rich multi-modal data in the ADNI
repository (Table 1). Dansereau et al. also used a SVM
and logistic regression for subtype clustering reaching
high precision (90%) and specificity (97%) for MCI-to-
AD progression, but low sensitivity (47%) suggesting that
they might struggle to identify true converters [23]. This
compromise emphasizes a frequent drawback of subtype-
based models: they do well on “easy cases” and not as
well on less obvious clinical variation. In contrast, Jo et
al. integrated 16 deep learning publications performed
on the CNN, SAE, and RNN networks to obtain 96%
diagnostic accuracy in AD and 84.2% in predicting MCI
progression, illustrating the power of multimodal neuro-
imaging and nonlinear feature construction at the cost of
lower interpretability in comparison to classical models
[55].

Meanwhile, Pelkmans et al. applied grey matter net-
work measures and logistic regression to categorize
subjects as to likely clinical progression, highlighting
structural brain network degeneration as a discrimina-
tory measure. While performance measures are moder-
ate (accuracy 65-72%), within the organ geometry map
(OGM) framework, the approach has more interpret-
ability and clinical relevance compared to batch learning
black-box techniques [56].

Among the reviewed reports, some proposed a
genomics-coupled neuroimaging model via an ensemble
method and feature selection to predict dementia con-
version and determined that the genetic features of the
model played a more significant role in early risk stratifi-
cation (86% accuracy) than the imaging features. Where
biologically informative and stratified, the complexity of

Title Methods used

Source
reference

Data used Evaluation metrics

A brain signature predictive of future progres-
sion to Alzheimer’s dementia

SVM (Support Vector

subtype clustering
Deep learning in Alzheimer's disease: diagnostic  CNN, SAE, RNN (DL)

classification and prognostic prediction

Machine)+Logistic Regression;

RNN: Recurrent Neural Network
SAE: Stacked Autoencoder

ADNI2 dataset Precision (90%), Specificity [23]

(sSMRI+fMRI) (97%), Sensitivity (47%)
ADNI (sMRI, PET, Accuracy (96% AD), MCl con-  [55]
multimodal) version prediction (84.2%)

SVM: Support Vector Machine

Grey matter network markers identify individu-
als with prodromal Alzheimer’s disease who will
show rapid clinical decline

Logistic Regression

Machine learning-based multimodal neuroim-
aging genomics dementia score for predicting
future conversion to Alzheimer's disease

stratified risk modeling

Grey matter network analysis+

ML ensemble, feature selection,

ADNI+Amsterdam
Dementia Cohort

Accuracy (65-72%), AUC [56]
(Area Under the Curve),

ROC ( Receiver Operating
Characteristic), AIC (Akaike
Information Criterion)

ADNIT (MRI+521,017 Accuracy (86% genetics), [57]
SNPs+APOE) stratified evaluation

SNP: Single Nucleo-

tide Polymorphism
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the SNP-based models may have practical implications
for routine clinical application [56, 57].

Collectively, such a body of evidence paints a clear pic-
ture of the trade-off between performance (i.e., how well
models work in practice or at what level of performance)
and explainability (i.e., clarity of the underlying decision
logic) for models where simpler models offer greater
explainability but less performance, and deep learning
provides improved accuracy, suggesting that hybrid tech-
niques that take the best of both (but not all) may be the
best road forward for translational AD research (Table 2).

The NIA-AA has established guidelines for Alzheim-
er’s Disease diagnosis which divide the disease progres-
sion into three stages: preclinical AD, mild cognitive
impairment due to AD and Alzheimer’s dementia [67].
The diagnosis process in clinical practice relies on neu-
ropsychological assessments together with structural
and functional neuroimaging (MRI, PET) and fluid bio-
markers extracted from CSF or plasma [63]. The AT(N)
framework which includes amyloid (A), tau (T) and neu-
rodegeneration (N) markers has become widely used for
distinguishing between disease stages and forecasting
disease progression risk.

The standard diagnostic process includes biomarkers
and clinical methods which follow current guidelines as
shown in Table 3.

5 RDoC and XAl integration approach

To provide conceptual clarity, this section introduces the
RDoC-XAI integration as a theoretical framework for
mapping multilevel biomarkers onto interpretable cog-
nitive and neurobiological domains. This would make it
possible to design a systematic architecture where data-
driven model outputs are not presented in a vacuum but
closely link up with RDoC units of analysis from genes
and circuits to behavior and self-report. By embedding
XAI outputs within this dimensional framework, the
approach facilitates a mechanistically informed interpre-
tation of AD, linking underlying biological processes to
observable cognitive and clinical phenotypes across lev-
els of organization [4].

5.1 Genes and molecules

Genomic indices (including APOE &4, SNP panels) and
proteomic signatures of AD directly align with RDoC’s
molecular level of analysis. XAI methods based on SHAP
or LIME can potentially identify APOE e4 as a first-
ranked feature, further substantiating its mechanistic sig-
nificance in the disease conversion process. Meanwhile,
recent proteomic studies demonstrate convergence with
systemic metabolic pathways, even more closely linking
AD risk to RDoC’s Arousal/Regulatory Systems domain
[8].
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5.2 Cells and circuits

Based on the structural/functional MRI and PET find-
ings, atrophy of the hippocampus and entorhinal cortex
(medial temporal lobe-MTL), as well as the posterior cin-
gulated cortex (PCC) hypometabolism and its impaired
functional connectivity are amongst the key findings in
AD. These model-specific neurocircuit traits correspond
to RDoC’s “Cognitive Systems” (declarative memory,
executive function). Maps depicting saliency from XAI
techniques can robustly illuminate MTL and PCC struc-
tures and bridge the black-box model outputs and biolog-
ically interpretable circuits [8].

5.3 Physiology

Electrophysiological and autonomic indices (QEEG slow-
ing, HRV dysregulation, sleep disturbance) are evidence
of abnormalities in RDoC’s Arousal/Regulatory Systems.
XAI when applied to EEG topographies can single out
theta-beta imbalance as predictive of early AD. By estab-
lishing connections between physiology and higher-order
behavior, these models move beyond static imaging and
enable dynamic disease states to be included [68].

5.4 Behavior and self-report

From a cognitive science perspective, behavioral and
ecological measures are not simply neutral readouts
but operationalizations of specific cognitive processes.
Digital drawing, speech, or gait measures are valuable
because they can be collected ecologically, but they are
also ‘process-impure’ as performance depends on a mix-
ture of visuospatial skills, motor planning, attention,
working memory, language, and motivational factors.
Treating such tasks as pure indicators of a single RDoC
construct (e.g., ‘Cognitive Systems: memory’) risks mis-
interpretation. A key advantage of the RDoC framework
is that it encourages explicit decomposition of tasks into
these underlying constructs (e.g., separating visuo-con-
struction from planning and error monitoring within a
drawing task). When XAl identifies a particular feature as
predictive, mapping it to a specific RDoC cognitive con-
struct helps to avoid task impurity and provides a more
precise, mechanistic account of why behavior changes in
early AD. This also creates a principled basis for select-
ing or designing new digital tasks whose interpretation is
cognitively transparent, rather than simply maximizing
predictive performance [8].

Cognitive assessments [Mini-Mental State Examination
(MMSE), MoCA (Montreal Cognitive Assessment), and
Repeatable battery for the Assessment of Neuropsycho-
logical Status (RBANS)] and ecological digital biomark-
ers (speech fluency, drawing kinematics, gait quality)
represent observable behavior. Yamada et al., employed
XAI for tablet-drawing data and found that hesitation
time and stroke fluctuation are associated with memory
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Table 2 Summary of key studies on explainable Al and biomarker-based approaches in Alzheimer's disease diagnosis and prognosis

Title-source reference

Methods used

Data used

Evaluation metrics

Results summary

Alzheimer’s disease and type 2
diabetes mellitus: A systematic

review of proteomic studies
[58]

Is Alzheimer's disease a type 3
diabetes? A review
[59]

Is Alzheimer's disease a Type 3
Diabetes? A critical appraisal
[60]

Type 3 Diabetes and Its Role
Implications in Alzheimer’s
Disease

[61]

A brain signature predic-
tive of future progression to
Alzheimer’s dementia

[23]

Automated analysis of drawing

process for detecting prodro-
mal and clinical dementia
[62]

Biomarkers in Alzheimer’s

disease, role in early and differ-
ential diagnosis and recognition

of atypical variants
[63]

Conceptual framework for the
definition of preclinical and
prodromal frontotemporal
dementia

[64]

Systematic review of plasma/
serum proteomic studies
using LC-MS, MALDI-TOF,
SOMAscan, iTRAQ, etc.
MALDI: Matrix Assisted Laser
Desorption lonization

Literature review based
on PubMed database and

Literature review and mech-
anistic analysis integrating
molecular pathways, insulin
resistance, and oxidative

Extensive literature review
of T3D and AD pathological
mechanisms and insulin
resistance pathways

Machine Learning
(SVM+Logistic Regression);
Subtype clustering from
ADNI dataset (SMRI+fMRI
multimodal analysis)

Machine Learning (Logistic
Regression, Random Forest,
SVM) on digital drawing
features from tablet tasks

Comprehensive review

of biomarkers (CSF, PET,
plasma) for AD subtypes and
atypical presentations

Conceptual framework re-
view for defining preclinical/
prodromal Frontotemporal
Dementia (FTD)

22 AD and 12 T2DM pro-
teomic studies; 1,185 AD
cases, 1678 controls; 834
T2DM cases, 2500 controls

Epidemiological studies,
meta-analyses, and biologi-
cal pathways literature

Preclinical and clinical
studies, molecular pathway
analysis, insulin signaling,
AB and tau pathways

Literature from clinical, mo-
lecular, and animal studies
connecting T2DM, T3D, and
AD pathology

ADNI2 dataset - SMRI, fMRI
data of CN, MCl, and AD
patients; 79 MCl cases

145 Japanese older adults
(46 CN, 67 MCl, 32 Demen-
tia); Drawing tasks digitized
via Wacom tablet

Literature review+clinical
cohort data on typical and
atypical AD subtypes

Review of genetic fronto-
temporal dementia (FTD)
cohorts, longitudinal studies
(GENFI, ARTFL/LEFFTDS),
biomarkers (NfL, MR,
FDG-PET)

ARTFL: Advancing
Research and Treatment
for Frontotemporal Lobar
Degeneration

GENFI: Genetic Frontotem-
poral Dementia Initiative
LEFFTDS: Longitudinal
Evaluation of Familial
Frontotemporal Dementia
Subjects

QUADOMICS quality
score; network biology
with STRING; pathway
enrichment (p <0.05)
QUADOMICS: Quality
Assessment of Diagnos-
tic Accuracy Studies for
OMICS

STRING: Search Tool for
the Retrieval of Interact-
ing Genes Proteins
Relative risk, odds ratio
from studies (pooled

RR 1.57); confidence
intervals

Mechanistic compari-
son; no explicit evalua-
tion metric - theoretical
model building

Descriptive synthesis
of molecular pathways
and mechanistic links

Precision (90%), Speci-
ficity (97%), Sensitivity
(47%) for MCl to AD
progression predic-
tion; Cross-validated
performance

Nested Cross Validation,
AUC, R2, accuracy,
sensitivity, specificity,
F1; permutation tests

Narrative synthesis;
highlights biomarker
specificity and chal-
lenges in phenotype-
based prediction

Conceptual model; no
explicit metric; em-
phasizes need for bio-
marker standardization

|dentified 17 common
plasma proteomic biomark-
ers for AD and T2DM; high
overlap in pathology

T2DM increases dementia
risk (RR 1.57); supports ‘Type
3 Diabetes’ hypothesis

AD and T2DM share insulin
resistance, oxidative stress,
mitochondrial dysfunction;
insulin regulates AR and tau
metabolism

Demonstrated bidirectional
relationship of insulin resis-
tance and AB pathology;
Proposed T3D as a unifying
concept for AD progression
Developed Highly Predictive
Signature (HPS); 90% preci-
sion in identifying MCl likely
to progress to AD within 3
years

75.1% accuracy multi-class
(CN, MCl, dementia); AUC
0.909; MMSE R2=0.491; MTL
atrophy R2=0.293

MTL: Medial Temporal Lobe
AD biomarkers essential for
early diagnosis and detect-
ing atypical variants (PCA,
CBS); need for combinatorial
biomarker use.

CBS: Corticobasal Syndrome,
PCA: Posterior Cortical
Atrophy

Defined biological pre-
clinical stage and prodromal
FTD; emphasized lack of reli-
able early FTD biomarkers
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Title-source reference

Methods used

Data used

Evaluation metrics

Results summary

Deep Learning in Alzheimer’s
Disease: Diagnostic classifica-
tion and prognostic prediction
[55]

Duration of Preclinical, Prodro-
mal, and Dementia Stages of Al-
zheimer's Disease in Relation to
Age, Sex, and APOE Genotype
[65]

Grey matter network markers
identify individuals with prodro-
mal Alzheimer's disease who
will show rapid clinical decline
[56]

Machine Learning-Based
Multimodal Neuroimaging
Genomics Dementia Score for
Predicting Future Conversion to
Alzheimer’s Disease

[57]

Prevalence and Risk of Progres-
sion of Preclinical Alzheimer’s
Disease Stages: A systematic
review and meta-analysis

[66]

Grey matter network markers
identify individuals with prodro-
mal Alzheimer’s disease who
will show rapid clinical decline
[56]

Systematic review of 16 DL
studies on AD classification/
prediction using sMRI, PET,
multimodal neuroimaging

Multistate modeling of
disease stage durations
(preclinical, prodromal,
dementia) based on age, sex,
APOE, CSF tau

Grey matter network
analysis +ROC+Logistic
Regression using ADNI

and Amsterdam Dementia
Cohort (ADC) cohorts
Machine Learning ensemble
with feature selection on
multimodal (MRI+genomics)
data; stratified risk modeling

Systematic review and
meta-analysis of 36 studies
on preclinical AD prevalence
and progression risk

Grey matter network analy-
sis, Logistic Regression, ROC
using ADNI and Amsterdam

ADNI dataset used in 16 DL
studies; SMRI, PET, multi-
modal imaging datasets

Combined 6 cohorts
(n=3,268) including ADN|,
AIBL; APOE €4, CSF tau
biomarkers

Amsterdam Dementia
Cohort (n=244)+ADNI
(n=247); MRI, CSF p-tau,
hippocampal volume

ADNI1 dataset (n=543);
521,017 SNPs+MRI brain
features; APOE genotype

36 studies (n=6602); PET,
CSF biomarkers, cognitive
stages, SCD, MCl progres-
sion risk

SCD: Subjective Cognitive
Decline

ADNI+Amsterdam Demen-
tia Cohort; MRI, CSF p-tau,
hippocampus volume

Accuracy (96% AD), MCI
conversion prediction
(84.2%), evaluation
across 16 reviewed
studies

Hazard ratios from
multistate models,
confidence intervals,
mortality adjusted

AUC, ROC, accuracy,
specificity; model com-
parison with Akaike
Information Criterion
(AIQ)

Accuracy (86% genet-
ics), stratified evalua-
tion, ensemble learning
performance

Meta-analysis statistics,
pooled RR, prevalence
rates, 12 heterogeneity

AUC, ROC, accuracy, AlC
model comparison

DL (CNN, SAE, RNN)
achieved 96% AD clas-
sification, 84.2% MCl-to-AD
prediction; multimodal
imaging+ biomarkers im-
proved accuracy

AD total duration: 24 years
at 60y, 15 years at 80y;
APOE €4, tau shorten stage
duration

GM network metrics predict
fast decliners (65% accu-
racy); combined model with
p-tau, hippocampus (72%
accuracy)

Genetics better predicted
Dementia of Alzheimer’s
Type (DAT) in normals (86%
accuracy), MRI better in
sMCl; multimodal improved
overall predictions
Prevalence of preclinical AD
22%; Stage 3 preclinical AD
had 73% progression risk,
equal to MCl risk

72% accuracy combin-
ing GM network + p-tau;
strong predictors of rapid
progression

Table 3 Diagnostic framework across preclinical, prodromal and
clinical dementia stages

Stage Diagnostic Common Clinical notes
methodologies biomarkers

Preclinical ~ PET, CSF, genetic AB, APOE €4 Asymptomatic,
screening risk profiling

Prodromal  MRI, MMSE, cogni- Tau, AB42, Mild symp-

(MCI) tive tasks hippocampal toms, unclear

atrophy progression
Clinical Neuropsych tests, AR, tau, NfL Irreversible
dementia  FDG-PET, plasma impairment, con-

tests firmed diagnosis

and executive functions [62]. Within RDoC, such behav-
iors provide a bridge from circuit-level pathology to daily
functional impairment.

5.5 Reports and paradigms (Cognitive Tasks)
Experimental tasks (n-back working memory, emotional
face recognition, Stroop test) present structured para-
digms which are quantifiable in terms of specific RDoC
domains. Combined with XAI frameworks, performance
metrics can be related to circuits and molecular biomark-
ers which deliver interpretable cross-level predictions.

Crucially, many of these paradigms have a long history
in experimental cognitive psychology and neuropsychol-
ogy, and their sensitivity to specific cognitive processes
such as interference control, updating, or sustained atten-
tion is well documented. Utilizing this prior knowledge
within the RDoC-XAI framework allows performance
in these tasks to be interpreted not only as “better” or
“worse’; but as reflecting selective impairment in particu-
lar computations (e.g., proactive interference resolution
vs. maintenance, set-shifting vs. response inhibition).
As a result, when XAI identifies n-back performance
as a key feature for example, clinicians can understand
whether the model is effectively tracking working mem-
ory load, speed-accuracy trade-offs, or executive control
under distraction. Embedding such cognitively informed
task decompositions into the mapping between features
to RDoC domains strengthens construct validity and
reduces the risk that highly predictive tasks are misinter-
preted by clinicians.
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6 Explainable Al: interpretability and clinical
integration

Based on the previous section’s conceptual basis, this sec-
tion proposes a clinical and operational link through XAI
and within the RDoC framework. An RDoC-XAI frame-
work for Alzheimer diagnostics is summarized in Table 4.
Interpretable AI outputs are demonstrated to contrib-
ute to better clinician decision-making, promote clini-
cian trust, and improve communication with patients
and caregivers. Particular emphasis has been assigned to
operational issues, such as workflow integration and ethi-
cal and regulatory considerations, and on the reliability
and generalizability of XAI methods for real-world clini-
cal settings (Table 4).

The essential approach of XAI provides interpretability
and feature interaction insights that traditional black-box
models, such as deep learning models, cannot readily
offer. The application of XAl in clinical research provides
explanations about model output features which leads
to improved clinician trust and enables ethical decisions
based on informed choices. Common XAI methods such
as SHAP and LIME analyze models to identify important
features to maintain thorough insights. The approaches
show particular value in AD diagnostic applications,
as demonstrated by Yamada et al. who established rela-
tionships between tablet-drawing digital biomarkers
including stroke pressure and hesitation and cognitive
performance [62].

Further, the research by Dansereau et al. used sub-
type clustering and SVM to develop neurofunctional

Table 4 The RDoC-XAl framework for Alzheimer diagnostics. The
schema describes the mapping of RDoC units of analysis (left), to
clinical domains (middle), via XAl outputs (right). Arrows indicate
the bridging function of XAl to connect biological variety

with clinical phenotype and accordingly build a mechanistic,
interpretable dementia diagnostics framework

RDoC unit of analysis Clinical domain XAl mapping /example
output

APOE €4, proteomics:
SHAP feature ranking

MRI hippocampal atro-
phy, PET hypometabo-
lism: Saliency maps

Genetic/Risk
domain

Cogpnitive systems

Genes/Molecules

Cells/Circuits

Physiology Arousal/Regulatory gEEG slowing, HRV reduc-
systems tion: Attribution analysis
Behavior Cognitive+Social  Tablet-drawing, speech,
processes cognitive scores: SHAP/
LIME outputs
Self-report Negative/Positive  Patient/caregivers
valence report (anxiety, sleep
disturbance): Explainable
classifiers
Paradigms Cognitive control/  Task performance

Executive function  (n-back, Stroop): XAl

paradigm analysis
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biomarkers which provided biological explanations for
model prediction results. XAI methods meet the ethi-
cal standards of data privacy regulations including the
Europian Union’s General Data Protection Regulation
(EU’s GDPR) because they ensure explainability in algo-
rithmic decision-making. More essentially, XAl serves
as an essential requirement for both regulatory compli-
ance and responsible AI deployment in medical settings
beyond its role in model transparency enhancement [23].

A further level of interpretability arises when model
explanations are explicitly cast in terms of cognitive con-
structs rather than only in terms of low-level features or
neuroanatomical regions. Clinicians and neuropsycholo-
gists reason about patients using concepts such as epi-
sodic memory, semantic fluency, divided attention, or
executive dysfunction. When XAI outputs are combined
within RDoC domains and linked to specific paradigms,
they can be translated into this cognitive language (for
example, “reduced Cognitive Systems, memory domain
score driven by delayed recall errors and medial temporal
atrophy”).

Such cognitively framed explanations align better with
clinicians’ existing mental models of AD and support
greater trust as they allow clinicians to recognize when
the model is making a plausible claim about a known pat-
tern (e.g., memory-related AD) compared to when it sug-
gests a more unusual cognitive pattern that may trigger
the need for caution and further investigation. In addi-
tion, explanations at the cognitive level can be commu-
nicated to patients and caregivers more readily than raw
biomarker values, thereby supporting shared and better-
informed decision-making.

Figure 3 demonstrates a flowchart whereby the inter-
face of RDoC and XAI can be further explored.

To operationalize the framework in Fig. 3; Table 5
shows how feature-level attributions from our models are
normalized and aggregated into RDoC domains. For each
unit we list example AD measures, typical model fami-
lies, XAI artifacts, and an explicit aggregation rule that
maps features to domains via a binary matrix.

An overarching challenge in dementia-related research
is to bridge biological heterogeneity to clinical presen-
tation. Conventional approaches, such as A/T(N), pro-
vide important biomarker stages but are insufficient for
bridging molecular change and behavior. This void can be
filled by RDoC, which provides a dimensional framework
that extends from genes to paradigms and XAl serves as
the computational means to link these levels [69].

Within this combined framework, cognitive science
plays a central mediating role. RDoC domains such as
Cognitive Systems and Social Processes already encode
theoretical commitments about how memory, atten-
tion, language, and social cognition are organized, and
how these systems interact with arousal and motivation.
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RDOC XAl Model
Units of Analysis Outputs
Cognitive
Genes/ Moleculgs Systems — SHAP
APOE e4, amyloid, APOE e4: top
tau, proteomic markers feature

Arousal/
Cells/ Circuits Regulatory Saliency maps
- Systems ST
Hippocampal atrophy, Yy Highlighting
PCC hypometabolism, hippocampail
disrupted connectivi , atrophy
Negative/
Physiology Colsmve —» Attribution maps
qEEG theta-beta imbalance aeree ‘Theta-beta ratio’
HRV reduction weighs heavily
sleep disturbance
Behavior
Self-Report — LIME / SHAP
Anxiety, apathy, Cognitive feature
sleep disturbance Self-Report importance
mood scales
XAl paradigm
analysis
Mood-symptom
outcomes

Clinical Decision Dashboard

Integrated Risk Score
Preclinical = MCI — Dementia

Clinical
Explainable Output ___ Monitoring

Fig. 3 A unified RDoC-XAl architecture for interpretable precision diag-
nostics on Alzheimer’s disease. The figure shows how multi-level data
(from molecular to circuit level biomarkers, physiological and behavioral
assessments), are mapped onto computational transparent models (i.e.
SHAP, LIME, saliency maps, and attribution maps). These outputs in turn
inform a clinical decision dashboard that produces explainable risk scores
and facilitates longitudinal tracking across preclinical-dementia stages.
This integrative pipeline reflects the future trend of Alzheimer’s study, to-
ward explainable and multimodal personalized diagnostic systems

By aligning XAI-derived feature attributions with these
domains and with specific paradigms, the proposed
architecture moves beyond descriptive biomarker pro-
filing toward mechanistic accounts of how particular
circuit-level and molecular abnormalities give rise to
observable cognitive attributes in AD. This is particularly
important as AD is a disorder with a range of different
presentations (e.g., dominated by memory, language or
visuospatial deficits) and their combinations, and where
categorization by cognitive profile may therefore be as
clinically valuable as that by biomarker status.

Future empirical work should therefore not only test
the predictive performance of RDoC-informed XAI
methods, but also their ability to recover meaningful cog-
nitive categories and measurement trajectories. Longitu-
dinal studies combining neuroimaging, fluid biomarkers,
and repeated cognitive assessments could examine
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whether changes in RDoC domain scores derived from
XAI correspond to theoretically expected patterns of
decline, and whether these trajectories improve the accu-
racy of prognoses compared to biomarker-only models.
In parallel, evaluations including clinicians, neuropsy-
chologists, and patients will be needed to assess whether
cognitive-level explanations enhance diagnostic deci-
sions, levels of confidence, and acceptance of Al-assisted
tools in real clinical settings. These cognitive-science-
informed validation strategies are crucial if RDoC-XAI
frameworks are to move from conceptual description to
robust, valuable clinical implementation.

For instance, if an interpretable model emphasizes
posterior cingulate hypometabolism, this will load onto
RDoC’s Cognitive Systems domain (memory retrieval),
elucidating how it relates to performance deficits on epi-
sodic recall tests. Similarly, in the SHAP analysis if SHAP
values suggest less HRV to be predictive this aligns with
the Arousal/Regulatory Systems domain and another
pathway from autonomic physiology to patient-reported
sleep [26, 62, 69, 70].

Through this tactical diagnostic scaffold, the RDoC-
XAI matrix, we can expect multi-level outputs in relation
to a language that clinicians already use to think about
psychopathology and neurocognitive systems. This builds
trust, decreases epistemic opacity and guarantees that
model outputs are mechanistically based.

While the A/T(N) framework has provided a biologi-
cally anchored taxonomy of Alzheimer’s disease, clini-
cians often struggle with the heterogeneity of clinical
presentations. XAl frameworks serve as a bridge here,
enabling not just prediction but the translation of bio-
marker constellations into clinically digestible patterns.
This shift from black-box analytics to interpretable out-
puts is pivotal in ensuring trust and wider adoption in
clinical workflows [6].

A further refinement in the current landscape is the use
of hybrid models that combine symbolic reasoning with
deep learning. Symbolic AI provides rule-based trans-
parency, while neural networks excel in pattern recog-
nition across high-dimensional data. When fused, these
architectures not only enhance predictive performance
but also allow clinicians to interrogate decision paths.
For example, multimodal studies fusing PET, MRI, and
genomics under interpretable layers have highlighted
hippocampal atrophy and APOE &4 status as synergistic
predictors of disease conversion [71].

Another critical frontier concerns digital biomark-
ers and ecological assessments, such as speech patterns,
gait dynamics, or digital drawing tests. Unlike traditional
imaging and CSF measures, these are scalable, inex-
pensive, and more readily deployable in primary care
settings. Recent evidence shows that integrating tablet-
based drawing features with XAI methods achieved high
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Table 5 RDoC-XAl crosswalk for AD: units, exemplar measures, model families, XAl artifacts, and the matrix M used to aggregate
feature-level attributions into RDoC domain scores

RDoC unit Exemplar AD Typical model XAl artifacts Aggregation to RDoC domains Validity checks and clini-

of analysis measures families (granularity) cian readout

Genesand  APOE genotype; Logistic/ SHAP or Permuta-  Map molecular features primarily to Faithfulness (infidelity/

molecules  polygenic risk; CSF/ LASSO/ENet; tion Importance  Arousal/Regulatory Systems (homeosta-  feature ablation); stability
plasma AB, t/p-tau,  GBT (feature-level); sis) and Cognitive Systems-Memory via (bootstrap top-k); readout:
NfL coefficient paths  matrix M; normalize attributions before “Biomarker-weighted risk

summation contribution”

Cells and Structural con- GNN; CNNWVIT  Grad-CAM/oc- Assign ROls/edges to Cognitive Systems Sanity checks (weight ran-

circuits nectomes; rs-fMRI on connectivity clusion (region/ subdomains (Memory, Cognitive Control);  domization); ROI plausibility
functional connectiv- images; SYM on edge-level); SHAP  average or weighted sum by atlas parcels  audit with experts; readout:
ity; EEG/MEG source  graph metrics  on graph statistics “Networks most driving the
power decision”

Physiology  Sleep PSG (spindles,  GBT; temporal ~ SHAP/PI (feature), Route autonomic/sleep indices to Arousal/ Counterfactual perturbations
arousals); HRV; gait CNN/Trans- temporal occlu- Regulatory; map speech/gait motor (time-warp, jitter); test-retest
variability; speech former; HMM  sion (segment) indices to Sensorimotor Systems (motor stability; readout: “Physiologi-
prosody action/habit) cal subsystems contributing”

Behavior Digital pen/ Random forest/ TreeSHAP (fea- Map error/latency features to Cognitive Faithfulness via feature
clock-drawing GBT; temporal  ture); sequence Systems-Working Memory/Cognitive Con-  removal; subsample Jaccard
kinematics; reaction ~ CNN saliency trol and to Sensorimotor Systems when stability; readout: “Top behav-
times; error types motor execution dominates joral factors and direction”

Self-report  ADL/IADL, mood/ Ordinal logistic; SHAP (item-level)  Group items to Negative/Positive Valence,  Differential item functioning
cognition items GBT Cognitive Systems, or Social Processesas  checks; readout: “Question-

appropriate; aggregate via M naire items influencing risk”

Paradigms  n-back, Stroop, Mixed-effects ~ SHAP/PI Map conditions to Cognitive Systems- Manipulation checks (load/

(tasks) Trail-Making (laten- GLM; GBT; tem-  (condition-level;  Working Memory/Cognitive Control; congruency); readout: “Task
cies, errors) poral CNN occlusion of time  aggregate over trial types conditions most informative”

bins

diagnostic accuracy, while retaining interpretability for
clinical validation [62]. This indicates that digital pheno-
typing could complement conventional biomarkers, par-
ticularly in under-resourced environments.

Equally important is the longitudinal perspective.
Many AI models still operate cross-sectionally, predict-
ing conversion based on a snapshot of data. However,
dementia is inherently progressive, with neurodegenera-
tion unfolding over years or decades. Longitudinal XAI
approaches that track changes in imaging, plasma, and
cognitive measures are emerging as powerful tools to
capture trajectories of decline. Such methods align better
with clinical monitoring needs, allowing for personalized
forecasts and proactive interventions [71].

From a methodological standpoint, issues of reproduc-
ibility and generalizability remain pressing. Model per-
formance is often inflated when trained and validated
on the same dataset, as seen in ADNI-centric studies.
Moreover, explainability tools like SHAP and LIME must
themselves be evaluated for stability, as attribution maps
may vary with dataset shifts. Establishing consensus met-
rics for XAI reliability is therefore an urgent need in the
field [72].

Ethical and regulatory considerations also come to the
fore. Healthcare Al systems are increasingly scrutinized
for bias, fairness, and compliance with frameworks such
as GDPR and FDA regulations. Interpretable models

can alleviate some of these concerns by making deci-
sion pathways auditable. However, ethical dilemmas per-
sist, for instance, in communicating probabilistic risks of
conversion to patients who may face stigma or anxiety.
Embedding XAI outputs within shared decision-making
models could enhance both transparency and compas-
sion in clinical encounters [73].

Looking ahead, the integration of multi-omics data,
including proteomics, metabolomics, and transcrip-
tomics, into XAI methods may yield deeper insights into
disease mechanisms. Early evidence suggests that plasma
proteomic markers overlapping with type 2 diabetes
pathways share significant predictive power for dementia
risk. Such integrative approaches may redefine dementia
not merely as a neurodegenerative entity but as a sys-
temic, multi-organ disorder, requiring interdisciplinary
management [74].

Finally, there is a need to consider the implementa-
tion science dimension: how these models can be trans-
lated from research labs to clinics. Human-in-the-loop
designs, clinician training on XAI tools, and iterative
feedback loops will be essential. Pilot trials embedding
XAl-driven decision support in memory clinics could
provide evidence for real-world feasibility and impact.
Without careful translation strategies, even the most
sophisticated models risk remaining academic curiosities
rather than transforming dementia care [75].
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6.1 Challenges and limitations: reliability of XAl methods
in clinical contexts
With their increasing application, XAI approaches have
limitations important to be noted when being used in
clinical practice. An important challenge is the instability
of attribution methods where a feature importance rank
may vary across model runs, data splits, or preprocess-
ing pipelines, limiting reproducibility. Moreover, com-
mon visualization techniques, such as saliency maps, are
prone to false positives and may also identify regions that
are not causally related to the model’s prediction [72].
The emergence of suppressor variables and complex
feature interactions can further muddy interpretation.
The influence of individual predictors may rely on the
wider feature space in non-intuitive manners. Most XAI
techniques will give correlational explanations, rather
than causal explanations, and so these can limit their
mechanistic inference in clinical neuroscience. In addi-
tion, many of such models are trained and validated
on specific datasets. ADNI, for instance, is subject to
potential concerns about the generalizability and data-
set dependency if applied to heterogeneous real-world
populations. Meeting these challenges necessitates com-
mon evaluation standards for XAI reliability; integrated
robustness and stability measures and more focus on
evaluating externally from different cohorts that support
appropriate clinically meaningful and trustworthy utili-
zation of the technology [73, 75].

7 Conclusion and future directions

Taken together, the future development of Alzheimer’s
diagnostics will emerge from the combination of multi-
omics data integration with AI and human interpret-
ability. The growing use of diverse modalities in ML
algorithms including neuroimaging and genomics and
digital behavioral assessments makes explainable systems
increasingly necessary. The requirement for explainabil-
ity stands as an absolute necessity for deploying systems
in clinical settings. Models need to perform predic-
tions while simultaneously providing explanations and
justifications and integrating with clinical operational
processes. The combination of deep learning pattern
recognition with symbolic reasoning or rule-based logic
through hybrid AI architectures shows great potential
for developing robust clinical solutions. The advance-
ment of XAI in neurodegenerative disease research will
enable both new biomarker discoveries and better clini-
cian decision support and enhanced patient communi-
cation. Human-in-the-loop systems that enable experts
to validate and modify predictions through interactive
processes will be essential for achieving real-world util-
ity. Machine learning tools for Alzheimer’s diagnostics
require Explainable AI integration to reach their maxi-
mum clinical value.
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In future, incorporation of RDoC into XAl-informed
AD diagnostic processes offers many research and clini-
cal fronts:

1. Cross-level dashboards: For instance, patient-specific
outputs could project predictions through RDoC
units (e.g., APOE &4 into hippocampal atrophy,
into episodic memory impairment and then slowed
Stroop).

2. Longitudinal modeling: By following people over
time across RDoC domains, longitudinal disease
trajectories could be linked to interpretable XAI
features to enhance personalized prediction.

3. Implementation science practitioners can be taught
to understand XAI outputs in terms of RDoC-
related constructs, thereby facilitating uptake and
communication with patients.

4. Ethical implications: In terms of translation, the
contextualization onto RDoC lessens the risk of
dehumanizing predictive outputs by situating them
in observable human functions (e.g., memory,
emotion arousal).

In sum, by nesting RDoC within XAI, Alzheimer’s diag-
nostics moves from a piecewise biomarker activity into a
holistic, dimensional and person-centered platform. This
is a strategic decision to maximize explainability, clinical
validity and translational readiness.
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