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Abstract: Dementia with Lewy bodies (DLB) is a clinically and biologically
heterogeneous neurodegenerative disorder characterised by cognitive
impairment together with variable combinations of cognitive fluctuations,
recurvent visual hallucinations, rapid eve movement sleep behaviour
disorder, parkinsonism, autonomic dvsfunction, and other neurological and
neuropsychiatric manifestations. Diagnostic uncertainty remains substantial
because DLB overlaps clinically with Alzheimer  disease (AD), Parkinson's
disease dementia, vascular cognitive impairment, and other
neurodegenerative disorders, while mixed neuropathology is commaon.
Artificial intelligence (Al), including machine-learning and deep-learning
approaches, offers an opportunity to integrate heterogeneous clinical,
neuropsychological, newroimaging, molecular, electrophysiological, and
longitudinal data. Current research has investigated Al for differential
diagnosis, newroimaging analysis, multimodal biomarker integration,
prodromal risk prediction, prognosis, and digital monitoring. More recently,
multimodal biomarker studies in mild cognitive impairment with Lewy bodies
have suggested that combinations of MRI, EEG, and plasma markers may
provide additional prognostic information beyond cognitive testing alone.
However, these findings should not be interpreted as evidence that Al is ready
[for autonomous clinical diagnosis. Explainable Al may improve transparency
and facilitate clinical interpretation, but explanations themselves require
validation and should not be regarded as evidence of causality. Future
research should prioritise large multicentre longitudinal cohorts, biologically
informed reference standards, multimodal and federated learning, calibrated
probabilistic prediction, digital biomarkers, and prospective evaluation of
clinical utility.
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1. Introduction

Dementia with Lewy bodies (DLB) is one of the major neurodegenerative causes of
dementia and is characterised by a combination of cognitive impairment, fluctuations in attention
and alertness, recurrent visual hallucinations, rapid eye movement sleep behaviour disorder (RBD),
spontaneous parkinsonism, autonomic dysfunction, and other supportive clinical manifestations.
The clinical phenotype is heterogeneous, and the relative contribution of cognitive, motor, sleep,
autonomic, and neuropsychiatric manifestations varies considerably between individuals (McKeith
et al., 2017; Neupane & Hortobagyi, 2025).

This heterogeneity creates substantial diagnostic challenges. DLB may overlap clinically
with Alzheimer’s disease (AD), Parkinson’s disease dementia (PDD), vascular cognitive
impairment, frontotemporal degeneration, and other causes of cognitive decline. In addition,
patients may present with mixed neuropathology, particularly combinations of Lewy body and
AD-related pathology. Consequently, the clinical diagnosis does not necessarily correspond to a
single underlying pathological process (McKeith et al., 2017; Barba et al., 2024).

The development of biomarkers has progressively changed the diagnostic landscape.
Neuroimaging, dopamine-transporter imaging, cardiac sympathetic imaging, electrophysiological
measures, and, more recently, a-synuclein seed amplification assays have provided additional
evidence supporting the identification of Lewy body disease. The emergence of a-synuclein seed
amplification assays is particularly important because these methods aim to detect pathological
a-synuclein directly rather than relying exclusively on clinical manifestations or indirect biomarkers
(Kuang et al., 2024; Bregendahl et al., 2025; Kaya et al., 2026). Recent meta-analytic evidence
indicates encouraging diagnostic performance of a-synuclein seed amplification assays, although
substantial methodological variation remains between laboratories and sample types (Hasoon et al.,
2026).

At the same time, the increasing availability of multimodal clinical and biological
information creates a computational challenge. Conventional clinical assessment requires clinicians
to integrate numerous variables that may differ in reliability, timing, and biological meaning.
Artificial intelligence (AI) may assist by identifying complex relationships between variables and by
combining information from multiple domains (Borchert et al., 2023; Hefnawy et al., 2025).

Al encompasses a broad range of computational methods, including classical machine
learning (ML), deep learning, neural networks, ensemble methods, and other approaches capable of
extracting predictive patterns from complex datasets. In DLB, these techniques have been
investigated primarily for diagnosis and neuroimaging analysis, but their potential applications
increasingly extend towards prodromal detection, prognostic prediction, biomarker integration,
explainable decision support, and longitudinal monitoring (Borchert et al., 2023; Diab et al., 2025;
Hefnawy et al., 2025).

The objective of this review is not to present Al as an established diagnostic solution, but to
examine its potential role across the DLB disease continuum while emphasising the methodological
and clinical limitations that must be addressed before widespread implementation.

This article presents a narrative review of current and emerging applications of Al in DLB.
The literature was selected to provide a clinically oriented overview of studies addressing
Al-assisted differential diagnosis, neuroimaging analysis, integration of clinical and biomarker data,
early detection, prognosis, and potential applications in precision neurology. Particular emphasis
was placed on DLB-specific studies and recent publications illustrating the methodological and
clinical challenges of applying Al in this population. Relevant literature was identified through
targeted searches of major biomedical databases and reference tracking. The literature search was
conducted between July 2025 and August 2026 using PubMed/MEDLINE, Scopus, and Web of
Science, complemented by Google Scholar searches. Studies were selected based on their relevance
to the scope of this narrative review, with priority given to peer-reviewed publications addressing
Al, machine learning, neuroimaging, biomarkers, prognosis, and clinical aspects of DLB.
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2. Clinical and Biological Complexity of Dementia with Lewy Bodies

DLB is characterised by a distinctive but heterogeneous clinical syndrome. The fourth
consensus report of the DLB Consortium identified fluctuating cognition, recurrent visual
hallucinations, REM sleep behaviour disorder, and spontaneous parkinsonism as core clinical
features (McKeith et al., 2017).

The recognition that Lewy body disease can become clinically apparent before dementia has
also led to the concept of prodromal DLB. Research criteria include mild cognitive impairment with
Lewy bodies (MCI-LB), delirium-onset presentations, and psychiatric-onset presentations (McKeith
et al., 2020).

The biological substrate of DLB is similarly complex. Pathological a-synuclein
accumulation represents a defining feature of Lewy body disease, but amyloid-f and tau pathology
may coexist and may influence clinical phenotype and progression. Recent biomarker studies have
demonstrated that AD and Lewy body pathology can be identified concurrently in vivo, including in
patients whose clinical presentation may initially suggest only one disease process (Baiardi et al.,
2024; Barba et al., 2024).

This heterogeneity creates an important opportunity for Al. A conventional diagnostic
framework may ask whether an individual fulfils clinical criteria for DLB. A multimodal AI model
could provide a more nuanced output, estimating separately the probability of synucleinopathy, AD
co-pathology, a DLB clinical phenotype, and future cognitive or functional decline. Such an
approach would be particularly relevant to patients with mixed pathology. Rather than forcing an
individual into a single diagnostic category, Al could generate a multidimensional biological and
prognostic profile (Scott et al., 2022; Borchert et al., 2023; Simuni et al., 2024).

3. Current Applications of Al in DLB

3.1. AI-Assisted Differential Diagnosis

One of the most extensively investigated applications of Al in DLB is automated differential
diagnosis. Machine-learning algorithms have been applied to clinical variables, neuropsychological
measures, neuroimaging, EEG, and combinations of these data (Borchert et al., 2023; Hefnawy et
al., 2025).

A feasibility study by McCombe et al. (2022) demonstrated that machine-learning
approaches could distinguish DLB from AD using heterogeneous clinical and biological
information. Importantly, the investigators used interpretable association-rule-based classifiers
rather than relying exclusively on a black-box deep-learning model. This illustrates the potential
value of models that can identify combinations of clinical characteristics contributing to
classification.

The clinical relevance of such approaches lies primarily in difficult differential diagnoses
rather than in distinguishing advanced DLB from healthy controls. In practice, the most useful Al
system would be expected to assist with cases in which the clinical phenotype is incomplete or
overlapping (Borchert et al., 2023; McKeith et al., 2017).

Table 1 summarises selected representative studies investigating Al and ML approaches for
the diagnosis and differential diagnosis of dementia with Lewy bodies. The studies were selected to
illustrate key methodological approaches explored in this field, including interpretable machine
learning based on heterogeneous clinical and neuropsychological data, deep learning applied to
18F-FDG PET imaging, and deep-learning approaches addressing diagnostic heterogeneity and
mixed pathology. The table is intended to provide an illustrative overview of the current evidence
rather than an exhaustive systematic summary of all published studies.
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Table 1. Al-based approaches for diagnosis and differential diagnosis of DLB

September 2026
Volume 17, Issue 3

Study Population Data / AI approach Clinical Validation Main performance /
question finding
McCom | 33 participants | Clinical, DLB vs AD | LOOCYV; no Accuracy 94%;
beetal. | (17DLB, 16 neuropsychological external out-of-sample accuracy
(2022) AD) and validation 80.5%. Feasible
biological/imaging discrimination using
data; interpretable heterogeneous features
ML
Etminani | 757 18F-FDG PET; 3D DLB vs AD, | 90% AUC 96.2%; sensitivity
et al. participants deep learning MCI-AD and | development / 86%; specificity 100%; F1
(2022) controls 10% independent | 92%
test set; no
external
validation
Kim et 277 18F-FDG PET; deep | AD vs DLB | 20% independent | AUROC 0.90 for DLB;
al. participants; learning ensemble vs mixed test set; external | performance decreased in
(2026) additional pathology vs | validation in the biomarker-defined
ADNI cohort controls ADNI ADNI cohort
(n=618)

3.2. Neuroimaging-Based Al

Neuroimaging is particularly suitable for computational analysis because it contains
high-dimensional spatial information that may be difficult to evaluate consistently using visual
inspection alone. FDG-PET has been one of the most extensively investigated modalities (Kim et
al., 2026). Etminani et al. (2022) developed a three-dimensional deep-learning model using
FDG-PET to distinguish DLB, AD, MCI due to AD, and cognitively normal individuals. In an
independent test set, the model achieved an area under the ROC curve of 96.2% for DLB
classification. The investigators also examined spatial patterns contributing to model predictions,
providing an initial link between computational classification and neurobiologically interpretable
imaging patterns (Etminani et al., 2022).

These results are encouraging but require careful interpretation. The model was developed in
a retrospective research setting using data derived from established cohorts. Performance in routine
clinical populations, particularly among patients with atypical presentations or mixed pathology,
may not generalise beyond the cohorts in which the model was developed. The ability to visualise
the regions contributing to a prediction is nevertheless important. If a model consistently identifies
brain regions compatible with established DLB metabolic patterns, this may increase confidence
that it is learning biologically meaningful information. Conversely, unexpected areas of importance
may indicate potential confounding or dataset-specific artefacts (Bruckert et al., 2020; Borchert et
al., 2023).

3.3. Clinical and Neuropsychological Data

Al is not limited to imaging. Clinical variables may provide important information that is
less expensive and more accessible than advanced imaging. The major advantage of combining such
features is that individual clinical manifestations that have limited diagnostic specificity may
become more informative when considered together.

However, models based on clinical features are highly dependent on the quality and
completeness of clinical documentation. Symptoms may be inconsistently recorded, and the
apparent absence of a symptom may reflect failure to document it rather than true absence (Bruckert
et al., 2020; Goldfarb & Teodoridis, 2022).
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4. Multimodal AI and Biomarker Integration

The increasing availability of molecular biomarkers creates an opportunity to move Al
research beyond syndromic classification towards biological characterisation. a-Synuclein seed
amplification assays are particularly important in this context. These methods detect seeding activity
associated with pathological o-synuclein and may provide a more direct indication of
synucleinopathy than conventional clinical biomarkers. Recent reviews and meta-analyses support
their potential diagnostic value, while also highlighting methodological differences in substrates,
replicates, positivity thresholds, and biological specimens (Kuang et al., 2024; Bregendahl et al.,
2025).

Nevertheless, multimodal integration presents substantial methodological challenges.
Different data types have different distributions, missing-data mechanisms, measurement errors, and
acquisition standards. Large sample sizes are required to estimate interactions reliably. In small
datasets, increasing the number of modalities may actually worsen model stability. Consequently,
multimodal Al should not be interpreted as inherently superior to simpler models. The appropriate
model complexity depends on dataset size, quality, structure, and clinical objective (Kelly et al.,
2019; Acosta et al., 2022; Borchert et al., 2023).

5. Al for Early Detection and Prognosis

The potential value of Al in DLB extends beyond established dementia. Because Lewy body
disease may become clinically apparent years before dementia, Al could contribute to identifying
individuals at increased risk and characterising prodromal disease (McKeith et al., 2020). Prodromal
manifestations may include RBD, autonomic dysfunction, hyposmia, subtle motor abnormalities,
neuropsychiatric symptoms, and MCI-LB. However, individual clinical manifestations are not
sufficiently specific to predict DLB in every patient. Al may provide a framework for integrating
several weak or moderate predictors into a single individualised risk estimate (McKeith et al., 2020;
Borchert et al., 2023).

Table 2 summarises clinical and biological studies that provide a foundation for future
Al-based approaches to early detection and prognostic assessment in DLB. These studies illustrate
the increasing importance of multimodal information, including neuroimaging, EEG, plasma
biomarkers, a-synuclein-related biomarkers, and longitudinal clinical features. Importantly, the
studies listed are not presented as validated Al or machine-learning models. Rather, they provide
clinical and biological predictors that may serve as candidate inputs for future predictive models and
help define relevant targets for Al-based prognostic assessment.

Table 2. Clinical and biological studies informing future Al-based early detection and prognostic modelling
in DLB

Study Population Study type Biomarker / Outcome Main finding
/ data approach
Postuma Isolated Non-Al Longitudinal Phenoconversion RBD identifies individuals at
et al. RBD longitudinal clinical substantial risk of future
(2019) study assessment synucleinopathy
McKeith | Prodromal | Non-Al clinical | Clinical research Prodromal Established MCI-LB and other
et al. DLB criteria study criteria discase prodromal presentations that can
(2020) support early identification
Hasoonet | MCI-LB Non-Al MRI + EEG + Dementia Multimodal MRI, EEG, plasma
al. (2026) multimodal plasma progression biomarker, and cognitive measures
biomarker/progn biomarkers + improved prognostic assessment and
ostic study cognition may provide candidate features for
future Al-based prognostic models
Barbaet | Lewy body Non-Al Amyloid/tau + Cognitive AD co-pathology contributes to
al. (2024) disease biomarker/clinic clinical data outcome clinical heterogeneity and may be
al study relevant to future biological
stratification
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5.1. REM Sleep Behaviour Disorder

Isolated RBD represents one of the strongest clinical markers of an underlying
synucleinopathy. Longitudinal studies have demonstrated that a substantial proportion of individuals
with idiopathic RBD eventually develop Parkinson’s disease, DLB, or multiple system atrophy
(Postuma et al., 2019).

The long latency between RBD and overt neurodegenerative disease creates an important
potential window for prediction. However, RBD does not determine the final phenotype. Some
patients develop predominantly parkinsonian disease, whereas others develop dementia or combined
motor and cognitive manifestations. Al could integrate sleep characteristics with demographic,
neurological, olfactory, autonomic, cognitive, imaging, and molecular information. Such an
approach may also be relevant to disease-modifying trials, in which identification of biologically
enriched individuals before substantial clinical deterioration could be important. However,
long-term follow-up is essential. Short follow-up periods may classify individuals as non-converters
simply because they have not yet developed clinically recognisable disease (Postuma et al., 2019;
McKeith et al., 2020; Simuni et al., 2024).

5.2. Mild Cognitive Impairment with Lewy Bodies

MCI-LB represents another important population for predictive Al. Individuals already
demonstrate measurable cognitive impairment but may not yet have progressed to established
dementia. A particularly relevant 2026 study by Hasoon et al. investigated multimodal biomarkers
in MCI-LB using MRI, EEG, plasma biomarkers, and cognitive assessment. In probable MCI-LB,
smaller hippocampal and posterior cortical volumes were associated with shorter dementia-free
survival, while EEG abnormalities and plasma biomarkers were also associated with progression.
Importantly, combining biomarkers across modalities improved prognostic models compared with
individual measurements alone (Hasoon et al., 2026). These findings do not establish a clinically
validated Al system, but they provide an important biological rationale for multimodal prognostic
modelling.

5.3. Prediction of Cognitive Decline

Prediction of cognitive decline is one of the most clinically relevant potential applications of
Al in DLB. Cognitive decline in DLB shows substantial variability in its rate and pattern. AD
co-pathology may contribute to this heterogeneity, with amyloid and tau pathology potentially
associated with greater cognitive burden and different trajectories (Barba et al., 2024).

A prognostic model could incorporate baseline cognition, disease duration, motor severity,
hallucinations, RBD, autonomic dysfunction, AD biomarkers, a-synuclein biomarkers,
neuroimaging, and longitudinal changes. The advantage of Al lies in its ability to model interactions
among predictors. However, a statistically significant association does not necessarily translate into
clinically useful prediction (Steyerberg et al., 2010; Collins et al., 2015).

6. Explainable AI and Clinical Decision Support

A model may achieve excellent classification performance while relying partly on
characteristics unrelated to disease biology. In neuroimaging, for example, an algorithm could
inadvertently learn scanner-specific or centre-specific characteristics rather than disease-associated
metabolic patterns. This is commonly referred to as the black-box problem (Bruckert et al., 2020;
Borchert et al., 2023).

Explainable Al has therefore become an important component of clinical Al research.
Explainability can improve transparency, facilitate model auditing, and help clinicians determine
whether predictions are based on clinically plausible information (Amann et al., 2020; Ghassemi et
al., 2021).
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In neuroimaging, saliency maps and activation-based approaches can identify regions
contributing to a model's prediction. In FDG-PET, for example, such methods may help determine
whether computational models are focusing on regions compatible with known DLB-associated
metabolic abnormalities. Feature-based models can use approaches such as permutation importance
or local surrogate explanations to estimate the contribution of individual variables (Ribeiro et al.,
2016; Lundberg & Lee, 2017).

7. Limitations and Challenges

DLB datasets are generally smaller than those available for AD. This creates a mismatch
between the complexity of some algorithms and the number of available patients. When a model
contains many parameters relative to the number of observations, it may learn dataset-specific
characteristics rather than generalisable disease patterns. Cross-validation and regularisation can
reduce overfitting but cannot compensate completely for inadequate sample size (Collins et al.,
2015; Wolff et al., 2019; Borchert et al., 2023).

One of the most important weaknesses of current Al research is the limited use of
independent external cohorts. A random train-test split within one dataset does not demonstrate
generalisability to another hospital, geographic region, scanner, or clinical population. This is
particularly important for neuroimaging because differences in scanners, acquisition parameters,
preprocessing, reconstruction, and demographic characteristics can affect model predictions. The
promising performance reported by individual imaging studies should therefore be interpreted
within the context of their validation strategy (Etminani et al., 2022; Hefnawy et al., 2025).

A model developed in a specialised movement-disorders clinic may perform well in a
population enriched for typical DLB but poorly in general practice. This is known as spectrum bias.
It is particularly relevant to DLB because the intended clinical population is likely to include
patients with early, atypical, and mixed presentations. If a model is trained using a clinical diagnosis
that is itself incorrect in some individuals, the algorithm may learn to reproduce diagnostic errors.
Biologically informed reference standards may improve this situation. a-synuclein seed
amplification assays provide an important opportunity in this respect, although assay methodologies
and clinical interpretation are still evolving (Bregendahl et al., 2025).

Mixed pathology remains one of the greatest challenges. A patient may have evidence of
both a-synuclein and AD pathology. Binary classification may therefore be biologically
inappropriate. Future systems should increasingly use multilabel or probabilistic approaches capable
of representing concurrent pathological processes (Simuni et al., 2024).

Standardised reporting is required to improve reproducibility and facilitate meaningful
comparisons. A model may demonstrate excellent discrimination but provide little additional value
to clinicians. For example, distinguishing established DLB from healthy controls may be technically
impressive but clinically less important than distinguishing DLB from AD in an ambiguous patient
(Collins et al., 2015; Wolff et al., 2019).

Future studies should therefore assess whether Al improves diagnostic accuracy, time to
diagnosis, biomarker utilisation, prognostic decisions, treatment selection, or patient outcomes. Al
requires large datasets, creating important privacy and governance challenges. Bias may also arise if
datasets do not adequately represent different demographic or clinical populations. Furthermore, Al
systems may experience model drift as clinical practice, imaging technology, patient populations,
and diagnostic criteria evolve. Clinical Al should therefore be regarded as a system requiring
ongoing monitoring and recalibration rather than as a static algorithm (Kelly et al., 2019; Amann et
al., 2020).

8. Future Perspectives

Recent evidence suggests that seed amplification assays can detect pathological a-synuclein
with high diagnostic performance, although substantial methodological variation remains and
performance may vary according to biological specimen and clinical comparison group (Simuni et
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al., 2024). The limited size of individual DLB cohorts creates a strong rationale for multicentre
collaboration (Borchert et al., 2023). Federated learning may allow algorithms to be trained across
institutions without requiring all raw patient data to be transferred to a central location. This could
increase dataset size and diversity while reducing some data-sharing barriers (Rieke et al., 2020).

A longer-term possibility is the use of Al to predict individual treatment response. Patients
with DLB may respond differently to symptomatic therapies, and treatment effects may depend on
the underlying biological phenotype (Simuni et al., 2024). Al could integrate clinical phenotype,
biomarkers, imaging, and disease trajectory to estimate the probability of benefit from specific
interventions. At present, however, evidence for Al-based individualised treatment selection in DLB
remains limited, and this should be considered a research objective rather than an established
application (Kelly et al., 2019; Borchert et al., 2023).

The future role of Al is unlikely to involve the complete replacement of neurologists. Al can
process large datasets, detect subtle quantitative patterns, and generate standardised probabilistic
estimates. Clinicians contribute contextual reasoning, recognition of atypical presentations,
communication with patients and caregivers, ethical judgement, and consideration of individual
preferences (Kelly et al., 2019; Amann et al., 2020).

9. A Proposed Framework for Al in DLB
Based on the current literature, the potential future role of Al in DLB can be conceptualised
as a five-stage continuum describing the potential evolution of Al applications in DLB: early
detection, diagnosis, biological stratification, prognostic and longitudinal assessment, and precision
neurology (Figure 1). These stages were selected to reflect the main clinical questions that emerge
across the disease continuum, from identifying individuals at increased risk to supporting
increasingly individualized clinical decision-making. Importantly, the framework is intended as a
conceptual roadmap rather than a representation of currently validated clinical applications.
Stage 1 — Early detection. The first stage involves identifying clinical and biological
patterns associated with an increased risk of Lewy body disease before established dementia.
Potential inputs include prodromal symptoms, longitudinal cognitive changes,
neuroimaging, electrophysiological measures, and emerging biomarkers. Although
individual risk markers are increasingly recognised, Al-based prediction of future DLB
remains largely prospective. The potential advantage of Al at this stage is the integration of
multiple weak or heterogeneous signals that may be difficult to interpret independently.
Stage 2 — Diagnosis. The second stage focuses on integrating clinical, imaging,
electrophysiological, and biomarker information to support the diagnosis and differential
diagnosis of DLB. This represents the most developed component of the proposed
framework, with several studies demonstrating the feasibility of machine-learning
approaches using MRI, FDG-PET, EEG, and multimodal data. However, differences in
datasets, diagnostic standards, acquisition protocols, and external validation currently limit
routine clinical implementation. Thus, Al should be considered a diagnostic support tool
rather than a replacement for clinical assessment.
Stage 3 — Biological stratification. This stage extends Al applications beyond diagnostic
classification toward characterising the biological heterogeneity of DLB. Al could
potentially integrate information related to a-synuclein pathology, Alzheimer’s disease
co-pathology, neuroimaging, and other biomarkers to define biologically meaningful patient
profiles. This application remains at an emerging stage and will depend on the continued
development, standardisation, and validation of biological biomarkers. Stage 4 — Prognostic
and longitudinal assessment. The fourth stage addresses the marked heterogeneity of DLB
progression. By integrating repeated clinical assessments, imaging, electrophysiological
measures, biomarkers, and potentially digital biomarkers, Al may support prediction of
cognitive, motor, neuropsychiatric, and functional trajectories. Compared with diagnostic
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applications, prognostic Al in DLB remains less mature and requires larger longitudinal
datasets, external validation, and careful consideration of missing data, censoring, and

competing risks.

Stage 5 — Precision neurology. The final stage represents the most prospective component
of the framework. By combining diagnostic, biological, and prognostic information, Al
could eventually support individualized monitoring, clinical-trial recruitment, and potentially
treatment selection. At present, however, there is insufficient evidence to support Al-guided
treatment selection in DLB. Therefore, precision neurology should be regarded as a future
direction dependent on successful validation of the preceding stages.

This framework illustrates the conceptual shift:

Al-assisted diagnosis — Al-supported biological characterisation —

Al-supported prognosis — Al-enabled precision neurology

The transition between these stages should be evidence-based. Each additional clinical
application requires independent validation and demonstration of incremental clinical benefit.

Importantly, progression across these stages should be evidence-based. Increasing model
complexity or predictive performance alone is insufficient to justify clinical implementation. Each
new application requires independent validation, assessment of calibration and generalisability,
interpretability where appropriate, and demonstration of incremental clinical utility. Accordingly,
the proposed framework should be viewed as a developmental roadmap, with diagnostic
applications currently having the strongest evidence, while biological stratification and prognostic

applications remain emerging and precision neurology remains largely prospective.

Al Across the Clinical Continuum of DLB

A five-stage framework: from early detection to precision neurology
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Note: Each stage represents potential applications of Al in DLB and requires independent validation and demonstration of incremental clinical benefit before implementation in clinical practice.

Figure 1. Proposed framework for Al in dementia with Lewy bodies (DLB). The framework depicts a
five-stage continuum from early detection and diagnosis to biological stratification, prognostic assessment,
and precision neurology. The progression reflects the potential evolution of Al from diagnostic support
towards individualised prognostic and clinical applications. Each stage requires appropriate validation and
evidence of clinical utility before implementation in practice. Created by the authors using Microsoft Copilot
(Al-generated illustration), based on the conceptual framework proposed in this review.
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10. Conclusions

Al is emerging as a potentially valuable component of research in dementia with Lewy
bodies. Current studies demonstrate that machine-learning and deep-learning approaches can
identify clinically relevant patterns in neuroimaging, clinical variables, and heterogeneous
biomarker datasets. Importantly, some biomarkers discussed in this review have been investigated
primarily using conventional approaches rather than Al or machine-learning methods; their potential
value for future Al models therefore remains prospective. The potential value of Al extends beyond
established diagnosis. Integration of clinical, imaging, molecular, EEG, and digital information may
support prodromal risk prediction, biological stratification, prognosis, and longitudinal monitoring.

Nevertheless, the current evidence does not justify routine autonomous Al-based diagnosis.
The major barriers to clinical implementation include limited dataset size and diversity, insufficient
external and prospective validation, imperfect reference standards, mixed pathology, spectrum bias,
and methodological heterogeneity.

The next phase of research should therefore prioritise large multicentre longitudinal datasets,
biologically informed reference standards, standardised reporting, external validation, calibrated
prediction, explainability, and prospective assessment of clinical utility.
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