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Abstract

Background: The rising global burden of neurodegenerative diseases underscores an ur-
gent need for advanced research in diagnosis, prognosis, and treatment. Artificial Intelligence
(AI) methods, particularly when applied to multimodal data, offer a powerful tool to address
these challenges. However, a comprehensive overview and critique of the current landscape of
AT methods is lacking.

Methods: 4,685 records of peer-reviewed primary research articles were screened and 1,956
articles reviewed in full text, yielding 1,186 included studies. For each included study, clinical
objectives, disease focus, data modalities, modelling approach, evaluation strategy, and report-
ing practices were extracted.

Results: Fewer than 5% of studies integrated pharmacological treatments into their predictive
models, limiting the extent to which models can directly inform clinical decision-making. Neu-
roimaging was the predominant input modality, while integration of other clinically relevant
data types was relatively rare. Reproducibility rates remain critically low at 35%, and external
validation practices fail to use geographically and demographically diverse datasets.
Conclusions: Overall, Al research in neurodegenerative diseases suffers from significant lim-
itations in reproducibility, data inclusivity, and clinical translatability. We provide a set of
recommendations that can be adopted to address these issues and improve reliability and
downstream clinical utility.

Plain language summary

Neurodegenerative diseases such as Alzheimer’s and Parkinson’s are increasing as populations age.
Researchers are using artificial intelligence (AI) to support early diagnosis, predict progression, and



improve care by learning from brain scans, medical records, and lab tests. We reviewed a large
number of published studies to understand how close research is to real clinical use. Three gaps
stand out: few models include information on medicines or treatments, limiting treatment-aware
decisions; most rely mainly on brain imaging while other routine clinical data are used less often;
and many studies lack sufficient data/code and independent testing on diverse populations, making
results hard to reproduce and generalize. We offer practical recommendations to make future Al
tools more reliable, inclusive, and clinically useful.

Introduction

Millions of individuals worldwide are affected by neurodegenerative diseases such as Alzheimer’s
disease (AD) and other types of dementia, Parkinson’s disease (PD), Huntington’s disease (HD),
and amyotrophic lateral sclerosis (ALS) [9]. Significant emotional, physical and financial strain falls
on the patients, their families and caregivers, constituting a rapidly growing global health challenge.
In addition, a sharp increase in prevalence rates exerts immense pressure on healthcare systems due
to the high costs of long-term care, diagnostics, and symptoms management [30]. AD and other
dementias alone will cost the world economy $15 trillion by 2050 [3]. Lack of curative treatments for
most neurodegenerative conditions and the projected increase in longevity globally [21] has created
an urgent need towards cutting-edge research in diagnosis, prognosis, improved care and preventive
strategies. Innovative solutions are imperative when considering an additional projected shortage
of clinicians specialising in brain health [16][2]. Artificial Intelligence (AI) can be considered an
umbrella term encompassing diverse computational paradigms, including rule-based or symbolic
systems, conventional Machine Learning (ML) and Deep Learning (DL) approaches, and, more
recently, foundation model-based methods. In the present review, however, the retrieved literature
was composed almost exclusively of conventional ML and DL studies. These methods are particu-
larly relevant to neurodegenerative research because they enable the extraction of complex patterns
from large, heterogeneous, and multimodal datasets, making them well suited to address the mul-
tifaceted burden of these diseases [13]. Across healthcare fields, multimodal AT has demonstrated
particular robustness relative to single modality approaches to precision medicine [15]. Several
applications of AT methods to neurodegenerative conditions exist. Al algorithms may promote an
earlier and more accurate diagnosis [17], with preliminary evidence suggesting that multimodal AI
may improve the diagnostic efficacy of neurologists [29]. By analysing sources such as medical im-
ages (e.g. MRI and PET scans), genetic data, clinical records, and even subclinical symptoms like
changes in speech patterns or gait, Al can aid with identifying disease onset well-before significant
irreversible damage occurs, determining disease subtype grouping, or patient prognosis. This will
then lead to formulation of personalised treatment strategies for patients suffering from neurode-
generative conditions.

However, tracking the rapid advancements is particularly challenging. Despite previous reviews
addressing narrower scopes - e.g. applications of AT to PD [20, 19]) or AD [6, 28] - fewer studies
synthesize Al methods across multiple neurodegenerative disorders. Additionally, we have identi-
fied a gap in the comprehensive investigation of several key factors that may influence translation
to clinical practice, including data quality, methodological rigour and the research scope.

In response, we conducted the largest systematic review to date with 4685 articles screened and
1956 articles reviewed in detail, on applications of Al to a broad spectrum of neurodegenerative
diseases. Here, we examine five specific areas: (1) Clinical objectives (such as diagnosis, prognosis,
and treatment) addressed by Al research, (2) Data modalities (such as imaging, biomarkers and



omics) used and whether the heterogeneity found in clinical practice is reflected in the research
literature (3) AI methods and the associated performance metrics, (4) Reproducibility of Al studies
given transparency of methodology and dataset availability, and (5) Translation to clinical prac-
tice, with respect to external validation, generalisability in diverse patient populations as well as
the interpretability of AT models. Our analysis reveals that fewer than 5% of studies incorporated
pharmacological treatment information into their models. Neuroimaging was the predominant data
source, while integration of other clinically relevant modalities was comparatively rare. Repro-
ducibility remains low (35%), and external validation rarely uses geographically and demographi-
cally diverse cohorts. We further contrast these results with a subset of the most influential studies
in our cohort, to investigate whether the forefront of the field overcomes the limitations observed in
the broader ecosystem or merely replicates them. Finally, we provide a set of recommendations that
can be adopted to address many of the limitations inherent in this research area. Doing so may help
promote the clinical utility of AI for the diagnosis, prognosis, and treatment of neurodegenerative
disorders.



Methods

The systematic review was conducted in accordance with the PRISMA (Preferred Reporting Items
for Systematic reviews and Meta-Analyses) guidelines [22].

Eligibility Criteria

The inclusion criteria applied during the screening process encompassed publication type, methods,
subject and aim of the study. Eligible studies were restricted to peer-reviewed primary research
articles published in English with full text available. The studies must address a clinical outcome
related to at least one neurodegenerative disease between AD, PD, Multiple Sclerosis (MS), ALS,
Prion Disease and Dementia, by means of at least one ML or DL method. Studies not involving
human participants, as well as those deemed to be of insufficient methodological quality (e.g., very
small retrospective samples, inadequate control groups, or suboptimal data analysis), were excluded.

Information Sources and Search Strategy

The literature search was conducted in June 2024 across the following databases, using the title and
abstract fields: SCOPUS, Web of Science, IEEE Digital Library, and ACM Digital Library. The
search was restricted to journal articles published in English between June 2019 and June 2024.
The complete search terms for each database are reported in the Supplementary Materials, Table
S1.

Selection Process

Records retrieved through the search strategy described above were de-duplicated using the Zotero
[10] automation tool, followed by an additional manual screening to remove any remaining articles
with duplicate titles. After de-duplication, studies underwent a two-stage screening process, per-
formed by five investigators with varying levels of expertise.

In the first stage, studies were assigned to reviewers for eligibility assessment based on title and
abstract. All studies meeting the inclusion criteria at this stage were then randomly redistributed
among the reviewers for the second stage, which consisted of full-text evaluation to further refine
the list of eligible studies. During this second stage, eligible records were additionally classified as
reproducible or non-reproducible according to two criteria: (i) the use of publicly available datasets
(either open-access or subscription-based), and (ii) the availability of code when novel architectures
or algorithms were proposed. We note that reproducibility exists on a gradient, from re-running the
same analysis with the same code and data to independent reproduction with re-implementation
and/or independent cohorts. Our criteria represent a liberal and pragmatic definition, intended to
capture whether studies provide sufficient elements to enable reproduction. Accordingly, through-
out the manuscript we use the term ‘reproducible’ to mean reproducibility-enabled, and thus re-
producibility estimates likely overstate the proportion of papers that would be reproducible under
stricter, practice-oriented definitions. Detailed information on the selection process is provided in
Table S2.

In both screening stages, uncertainties regarding the eligibility or reproducibility of a study were
resolved through consensus, following discussion among all reviewers in recurrent internal meetings.



Data Collection Process

For each included study, one reviewer independently performed manual data extraction without
the use of automated tools, using an Excel spreadsheet to record the information. Extracted data
included the primary objective and any additional aims, the specific neurodegenerative disease
investigated, and the type of data analysed. The reviewer also documented whether DL methods
were employed and collected article-specific information such as the country of origin, defined by
the institutional affiliation of the first author. For studies identified as reproducible during the
second screening stage, additional information was collected. This included whether treatment-
related information was reported, as well as detailed characteristics of the data source, such as the
name of the dataset, its availability and access cost, the country of origin, whether the dataset
was multicentric, and the presence of longitudinal data and follow-up information. The number
of subjects and features included (where applicable) was also recorded. Information regarding the
ML or DL methods was extracted, including the best-performing model, other models evaluated,
and whether the study or model was multimodal. Evaluation strategies were also documented,
including the presence of external validation, reported performance metrics, and the inclusion of
algorithmic explainability. Finally, the availability of the code used in the study was recorded. A
complete overview of the extracted features for both reproducible and non-reproducible studies is
presented in Table S3. Citation counts for each article were retrieved on January 2026, using a
custom Python script employing a hybrid retrieval strategy to ensure data completeness: DOIs
were first queried against the Semantic Scholar Graph API [14], with a secondary fallback query
against the OpenAlex API [24].

Risk of Bias Assessment

At the end of each screening stage, a report was generated to summarize the statistics of included
and excluded articles for each reviewer. The report included the percentage of rejected papers, the
distribution of these rejections across the different exclusion criteria, and the percentage of papers
classified as reproducible during the second screening stage. These values were compared across
reviewers to assess potential discrepancies in the selection process and to mitigate the risk biases
during study selection. Reviewer-level summary reports used for this assessment can be found in
the Supplementary Materials (Table S4).

Consistency of findings in high-influence studies

All main-text analyses were replicated on the most influential studies within the included cohort.
We defined “influence” as the number of citations divided by the number of years since publication,
even though we are aware of the limitations of using citation counts alone. This normalization
enables fair comparison across publication years and reduce biases toward older studies that have
had more time to accumulate citations. Although the choice of an “influence” metric is inherently
debatable, citations per year provides a transparent, reproducible way of parametrizing a paper’s
impact on the broader literature.



Results

Literature search results

We identified 8203 publications, with 4682 unique abstracts screened, and 1953 studies reviewed
in full text. After the full text review, 1186 publications met the inclusion criteria (see Figure 1
for a graphical representation), with a total of 421 studies identified as reproducible according to
the criteria described in the Methods section. The study selection flow is reported in a PRISMA
flowchart (Figure 2); the complete list of screened studies, their characteristics, references and
reasons for exclusion are available at {redacted for review} repository.
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Figure 1: Overview of the major findings on AI applications for neurodegenerative dis-
eases literature review. The outermost ring represents publications meeting the inclusion criteria
after full-text review (n=1186), where each line corresponds to one included study, formatted as
First Author et al., Year. Inner rings categorise publications by pathology (red); clinical objectives
(blue); AT methods (yellow); and reproducibility (gray).



Identification of new studies via databases and registers
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Figure 2: PRISMA flowchart. Detailed selection process for the systematic review. The figure
outlines the number of records identified from databases, the subsequent screening of articles, and
the final set of studies included in the qualitative synthesis. ND: neurodegenerative.



Clinical objectives of AI application to neurodegenerative diseases

Our systematic review reveals that the landscape of Al applications in neurodegenerative diseases
is multifaceted, covering a range of diverse pathologies and clinical objectives (Figure 3). The five
most represented neurodegenerative diseases are AD, PD, Dementia all cause), MS and ALS. The
clinical objectives are categorized into diagnosis, prognosis, stratification, survival analysis, and
other, with diagnosis being the most frequently addressed objective across all disease types.

Clinical objectives across neurodegenerative diseases

500

400 A
3

S 300 -
2
0
=

200 A

100 A

0 -

AD PD MS Dementia ALS Other
| mm Diagnosis mm Prognosis mmm Stratification Survival Analysis Other |

Figure 3: Distribution of Al studies in neurodegenerative diseases across pathologies and
clinical objectives. Studies are categorised by the primary clinical objective, namely diagnosis,
prognosis, stratification, survival analysis, or other. AD: Alzheimer’s Disease, PD: Parkinson’s
Disease, MS: Multiple Sclerosis, ALS: Amyotrophic Lateral Sclerosis.

Across all reviewed manuscripts (n=1186), AD is the most represented condition with 559 stud-
ies, with major focus on diagnosis (n=394, 70.48%), followed by prognosis (n=94, 16.82%) and
stratification (n=37, 6.62%). PD is represented with 349 studies, following a similar trend: diag-
nosis is the most common objective (n=235, 67.33%), followed by prognosis (n=37, 10.6%). For
Dementia, MS and ALS, the volume of studies is lower, yet diagnostic applications remain predom-
inant. Overall, while diagnosis is consistently the dominant clinical objective across all diseases,
applications focusing on prognosis, stratification, and survival analysis are comparatively under-



represented, particularly in diseases with fewer studies.

Despite the broad application of Al to various clinical objectives, in depth review of the screened
reproducible studies revealed that disease treatment remains an unexplored area, with only 21
manuscripts (4.9%) explicitly incorporating treatment-related information in their modelling ap-
proach. This remarkably low proportion highlights a significant gap in the neurodegenerative disease
literature, where Al is primarily used for early-stage objectives such as diagnosis or short-term prog-
nosis, but rarely extended to support treatment decision-making, response prediction or therapy
optimization. This could reflect challenges in accessing longitudinal fine-grained treatment data,
especially in publicly available datasets, which tend to prioritize imaging and clinical variables over
detailed pharmacological histories. In addition, in some neurodegenerative diseases, the lack of
effective treatment options or the presence of rapid disease progression may shift research priorities
towards early detection and risk stratification rather than therapeutic modelling. Moreover, even
when treatments exist, they may not act directly on the neurodegenerative component: for ex-
ample, disease-modifying therapies for relapsing forms of MS target inflammatory processes in the
central nervous system [23], which are particularly relevant to this condition. Therefore, modelling
approaches should be careful in assuming a common degenerative framework. Nevertheless, given
the growing interest in precision and personalised medicine, the limited integration of treatment
information represents a missed opportunity for AI to have a more direct impact on patient care
and to enhance its translational impact.

Integration of diverse data modalities

Given the complex aetiology and pathophysiology of neurodegenerative diseases, another important
aspect to consider when assessing research studies is the integration of diverse data sources and the
alignment with the inherent multimodality of clinical practice. Regarding the heterogeneity of data
sources, the considered reproducible studies include imaging, Electronic Health Records (EHRs),
omics, biomarkers, neuropsychological data, speech, waveforms, and wearables, among others.

In studies based on pre-existing datasets (Figure 4a), imaging data is by far the most commonly
used modality (n=194), with AD and PD driving this trend. This suggests a strong dependence on
well-established imaging repositories, particularly in AD research (i.e. the Alzheimer’s Disease Neu-
roimaging Initiative - ADNI). Other widely adopted modalities include EHRs and omics, although
to a much lesser extent, and mostly in AD and PD. Multimodal studies combining multiple data
types are relatively limited (n=105). This could either indicate that publicly available datasets,
despite their large volume of subjects, do not consistently provide sufficient multimodal informa-
tion for a significant number of patients or, alternatively, that there is potential for a more effective
exploitation of these datasets.

In contrast, studies based on original datasets (Figure 4b), defined here as data collected directly
by the authors for the specific study, although fewer in number (n=36), exhibit greater diversity
in both studied pathologies and data modalities. These studies more frequently include biomarker,
wearables and EHRs data, with a more balanced distribution across diseases. They also show a
higher frequency of multimodal combinations, indicating a more integrative approach to data col-
lection.

Overall, the heterogeneity of data modalities used in clinical practice is only partially reflected
in the selected studies, and is strongly influenced by the nature of the datasets employed. Large
pre-existing datasets are predominantly imaging-focused, particularly in AD, whereas studies based
on original datasets collected ad-hoc more frequently integrate non-imaging modalities, offering a
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Figure 4: Distribution of data modalities used in AI studies for neurodegenerative
diseases. UpSet plots show the data modalities and their combination, used in reproducible studies
and stratified by disease. The left panel shows the studies using pre-existing datasets, while the
right panel shows the studies that have collected data purposely for the study - original datasets.
Only a small proportion of studies use multiple data modalities. AD: Alzheimer’s Disease, PD:
Parkinson’s Disease, MS: Multiple Sclerosis, ALS: Amyotrophic Lateral Sclerosis
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broader representation of real-world clinical practice.

AI modelling and evaluation

Accurate evaluation of AI models is crucial for their successful translation from research to clinical
practice. This depends not only on developing effective algorithms, but also on selecting appro-
priate performance metrics, especially when dealing with challenges such as imbalanced datasets.
To provide a clear overview of the current field, we focused on reproducible studies to understand
which algorithms and corresponding performance metrics are most widely used and how they are
applied. Since Al researchers often test multiple algorithms before selecting the optimal model, our
analysis was divided into two parts: first, we considered all algorithms tested in each study and
second, we focused only on those reported as the best performing.

When examining AI algorithms used across all reproducible studies (Figure 5a), several patterns
emerge. Overall, the most frequently employed models are Support Vector Machines (SVM,
51.07%), Bagging Ensembles (39.67%), Logistic Regression (LR, 27.55%), Convolutional Neural
Networks (CNN, 27.32%), Boosting Ensembles (23.75%), Deep Neural Networks (DNN, 17.34%),
and k-Nearest Neighbors (kNN, 15.9%). A breakdown by pathology reveals that studies on AD,
Dementia, and other neurodegenerative disorders exhibit similar trends, with SVM being the most
commonly adopted algorithm, followed by Bagging Ensembles. PD studies follow a comparable
pattern, with SVM and Bagging Ensembles used equally. In contrast, studies on MS and ALS
demonstrate distinct algorithmic preferences. For MS, LR is most frequently employed, followed by
Bagging Ensembles. For ALS, Bagging Ensembles are predominant, with SVM and CNN models
used equally thereafter. However, given the limited number of studies addressing MS and ALS,
these findings should be interpreted with caution. When considering exclusively top-performing
models (Figure 5b), some shifts in both algorithm ranking and pathology-specific patterns emerge.
The seven most frequently reported best-performing model types include SVM, CNN, Bagging En-
semble, Boosting Ensemble, LR, DNN, and attention- or transformer-based neural networks. For
studies on AD and other neurodegenerative conditions, SVM is most often the top performing
model, followed by CNN, and Bagging Ensembles. PD studies showed a similar distribution across
these three architectures, while in Dementia studies SVM and Bagging Ensembles are equally rep-
resented as the leading models. Bearing in mind the previously mentioned caveat about studies
numerosity, MS and ALS continue to display different trends. For MS, LR often achieve the highest
performance, followed by Bagging Ensembles, ensemble models more generally, and CNNs. For
ALS, Bagging Ensembles remain the predominant approach, with SVM and CNN models equally
ranked as second-best. An interesting trend emerging from this comparison is that more recent
and advanced AI techniques, such as attention-based methods, rank among the top-performing
algorithms despite their limited adoption.

Moving to performance metrics, our review revealed that the most commonly reported metrics are:
Area Under the Receiver Operating Characteristic Curve (AUROC, 65,80%), Accuracy (64,13%),
Sensitivity (44,89%), Specificity (43,71%), Fl-score (32,30%), Precision (26,84%), and Recall (19,71%)
(Figure 5¢). In studies focused on PD, AD, Dementia, and other neurodegenerative disorders, AU-
ROC and Accuracy are the most frequently used metrics, each appearing in over 50% of cases, with
a similar pattern across these pathologies. In contrast, studies on MS and ALS show a different
trend: AUROC is markedly more prevalent, reported in more than 50% of studies, while Accuracy,
Sensitivity, and Specificity are less common, appearing in only 16% to 33% of cases. These findings
highlight a limited use of metrics capable of addressing class imbalance, such as balanced accuracy
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or Matthews Correlation Coefficient (MCC), suggesting that a more fine-grained assessment of
model errors may be necessary, and that caution should be exercised when interpreting the clinical
impact of study results.
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Figure 5: Prevalence of AI algorithms and performance metrics in neurodegenerative
AT research. The charts show the distribution of the seven most common Al algorithms and the
seven most common performance metrics across different neurodegenerative diseases research fields.
Panels a and b show the prevalence of algorithms, with each spoke representing an algorithm and
each coloured polygon corresponding to a specific pathology. Panel a illustrates the prevalence of
all tested algorithms, while Panel b shows only the top-performing algorithms. Panel c displays
the distribution of performance metrics, where each spoke represents a metric and each coloured
polygon corresponds to a specific pathology. The values in all charts are normalised by the total
number of algorithms or metrics reported for each disease, which allows for a direct comparison
of methodological preferences under different reporting contexts. AD: Alzheimer’s Disease, PD:
Parkinson’s Disease, MS: Multiple Sclerosis, ALS: Amyotrophic Lateral Sclerosis. SVM: Support
Vector Machines, kKNN: k-Nearest Neighbour, DNN: Deep Neural Network, Ens.: Ensemble, CNN:
Convolutional Neural Networks, LR: Logistic Regression, AUROC: Area Under the Receiver Oper-
ating Characteristic Curve.

Towards clinical practice: reproducibility, generalisability and explainability of AI
models

While good model performance represents a necessary condition for AT models to generate impact,
it is not sufficient to ensure successful translation into clinical practice. Two key aspects are essen-
tial to move AI research closer to real-world clinical use.

The first, which applies to AI research broadly and is not limited to the clinical domain, is the
reproducibility of the developed solutions. To provide a sufficiently comprehensive yet rigorous
overview of the Al landscape in neurodegenerative diseases, we classified studies as reproducible
where open data were used and code was made available for novel Al architectures, in line with
previous works [7].

Among the studies meeting these criteria, the average reproducibility rate of the reviewed studies
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remains low (35.5%), with only a slight upward trend from 2019 to 2024 (Figure 6a). Unsurprisingly,
the availability of open access datasets strongly affects the reproducibility rate, although it does not
appear to be the only relevant factor, as indicated by the breakdown across different pathologies
(Figure 6b). In the case of AD, the high reproducibility rate aligns with the availability of numerous
public datasets and a substantial volume of published research. Despite having a similar number of
available datasets, Dementia shows a higher percentage of reproducible studies. A similar pattern
is observed for other diseases and MS: the former has over 50% reproducible studies, while MS has
the lowest reproducibility rate. Despite being the least represented in terms of publicly available
datasets, ALS studies demonstrate a relatively high level of reproducibility.

We also examined the choice of traditional ML or DL methods as a potential additional factor
influencing reproducibility. Rates were similar between the two groups (35.35% for traditional ML
studies and 35.71% for DL studies), suggesting that the use of DL, in itself, is not strongly associ-
ated with reproducibility outcomes.

To further explore potential trends, we examined the journals that published the studies included
in this review (Figure 6¢). The five most frequently represented open-access journals are Scientific
Reports, Frontiers in Aging Neuroscience, PLOS One, Sensors, and IEEE Access. Analysis of the
journals’ thematic focus revealed three main categories: Multidisciplinary journals such as Scien-
tific Reports and PLOS One are well represented, alongside journals with a stronger emphasis on
methodology and technological innovation, including Sensors and IEEE Access. The largest group,
however, comprises journals specializing in neuroscience and neurodegenerative diseases, such as
Frontiers in Neuroscience, Alzheimer’s Research € Therapy, and npj Parkinson’s Disease. When
assessing reproducibility across the top 15 journals, no clear trend emerged. Reproducibility rates
vary considerably, ranging from 50% to 13.8%, indicating that reproducibility is not strongly linked
with journal type or specialization.

Finally, we examined whether reproducibility is associated with the country of origin of studies
(Figure 6d). The top 15 countries by number of publications have reproducibility rates ranging
from 47.4% and 46.2% in Australia and the United States (U.S.), to 16.2% and 15.8% in Japan and
Taiwan. However, no clear pattern or consistent relationship between reproducibility and country
of origin was observed.

Overall, these results suggest that, despite increasing awareness about the importance of repro-
ducibility and journals’ efforts to promote it by requesting open data and code for publications,
reproducibility rates remain low. Improving these rates is particularly difficult in the clinical do-
main, where health data protection regulations introduce an additional layer of complexity.

The second critical aspect in translating AT models to clinical practice relates to the challenge
of deploying them in settings or populations that differ from those used during development. From
a technical standpoint, variations in the distribution of population characteristics can lead to per-
formance drops, limiting applicability. A good practice to assess Al solution’s ability to generalize
under such conditions is the inclusion of external validation cohorts in the study design. Beyond
technical considerations, the clinical domain presents additional challenges related to ethics and
inclusion. To mitigate the risk of bias and inequality, developed solutions should be applicable
across diverse populations. To assess how well this is addressed in Al research for neurodegen-
erative diseases, we investigated how diverse populations are represented in Al research, both for
model development and validation.

As illustrated in Figure 7a, research efforts are highly concentrated in a few countries, with
North America (primarily the U.S.) and China leading in terms of the number of studies. Europe
also contributes significantly, particularly through countries such as the United Kingdom (U.K.),
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Figure 6: Landscape of reproducibility of studies in AI methods for neurodegenerative
diseases. Panel a illustrates the trend of reproducibility from mid 2019 to mid 2024 (blue line),
alongside a bar plot showing the total articlesligublished each year. Panel b is a scatter plot
that shows the relationship between reproducibility rate and data availability, as measured by the
number of unique datasets per disease. Panel c, a dual-axis chart where the red lollipop markers
are used to represent the distribution of published articles across the top 15 journals, while the
blue line displays their corresponding reproducibility rates. Panel d uses a lollipop plot to show the
total number of studies per country and the blue line plot to show the reproducibility rate. AD:
Alzheimer’s Disease, PD: Parkinson’s Disease, MS: Multiple Sclerosis, ALS: Amyotrophic Lateral

Sclerosis
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Figure 7: Geographic bias and generalisabilidy of AI studies for neurodegenerative dis-
eases. Panel a maps the countries of origin for all reviewed studies, while Panel b shows the
countries from which datasets in reproducible studies were sourced. In both maps, each country
was counted per appearance and displayed on a logarithmic scale to aid visualization. Panel c is
a Sankey diagram tracing the flow from a study’s country of origin to the countries of its train-
ing and external validation datasets, highlighting potential geographic disparities that may affect
generalisability.



Germany, France, and Italy. When aggregated, European countries represent a substantial share of
the global landscape (26.87%). Emerging contributions from the Middle East, notably Egypt, Saudi
Arabia and Turkey, are beginning to appear; however, entire regions, including Africa, Southeast
Asia (e.g., Indonesia), and large parts of Latin America, remain essentially absent.

These limitations in geographic diversity are further highlighted by the countries of origin of the
datasets employed in these studies (Figure 7b). North American datasets, particularly large publicly
available repositories such as ADNI and the Parkinson’s Progression Markers Initiative (PPMI),
dominate the field. European and Chinese datasets contribute to a lesser extent, but remain within
the same narrow band of highly industrialized nations. There is virtually no dataset representation
from low- and middle-income countries (LMICs), which raises concerns about generalizability and
external validity of model predictions in these populations.

In addition, we evaluated the translational impact of the selected studies with respect to the use
of external validation datasets. The first element of interest in examining the flow of the Sankey
diagram (Figure 7c) is that across all reproducible studies, only a small proportion incorporates
external validation in their workflow (75 studies, 17.81%). Most external validations are performed
within the same geographic regions as the training datasets, with a particularly strong clustering
around the U.S.. Studies originating in the U.S. often rely on U.S.-based datasets and validate
models within U.S. populations. While some cross-national validation efforts are present (e.g.
U.S. studies validating on data from U.K., and vice versa), these are still limited primarily to
high-income countries with similar healthcare infrastructures. External validation on independent
datasets representing diverse regions and population demographics, such as Africa, South Asia, or
Latin America, is exceedingly rare.

Together, these findings reveal a clear limitation in the current research landscape in ensuring
clinical translation and broad applicability of Al models across diverse patient populations. Most
current research is based on datasets that reflect highly specific demographic and clinical charac-
teristics, typically those of Western or East Asian cohorts with access to advanced imaging and
diagnostic resources. As a result, models trained on these datasets risk poor performance in under-
represented populations, limiting their utility in real-world clinical settings.

Beyond dataset diversity and validation practices, another crucial element influencing the successful
translation of Al models into clinical workflows is algorithmic explainability, i.e. the use of tech-
niques aimed at making model decisions transparent and understandable to end-users. Across all
reproducible screened studies, we found that only around half of them (46%) incorporated explain-
ability methods. Interestingly, there appeared to be a relationship between explainability and the
presence of an external validation dataset: 58.44% of studies with external validation also imple-
mented some form of explainability, compared with 43.31% of studies without external validation
(Figure 8). This might indicate that research placing stronger emphasis on robustness and general-
izability may also be more likely to integrate elements of explainable AI. However, this trend must
be interpreted with caution, given the relatively small number of studies with external validation.
For all other examined variables, such as dataset type (pre-existing vs. original), AT methods (tra-
ditional ML vs. DL), modality (unimodal vs. multimodal), or country of origin, no meaningful
associations with explainability were observed. In studies incorporating explainability, traditional
ML models predominantly utilized feature importance measures and SHapley Additive exPlanations
[18]. SHAP is a technique that uses game theory to fairly attribute each variable’s contribution to
a ML model’s prediction, revealing how variables collectively influence the outcome. These find-
ings highlight the need to expand the use of explainability methods to enhance interpretability:
without transparent insights into the decision-making process, clinicians may struggle to trust or
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appropriately interpret Al outputs, which could hinder adoption, especially in high-stakes diagnos-
tic settings. Moreover, systematic integration of explainability methods would also enable broader
model validation across different clinical environments, helping to uncover and address potential
biases and ultimately improving the generalizability of Al solutions to real-world practice.

Algorithmic
103 Exglainability
External 24 =5
Validation
12
8 46
45
Multimodal
Data

Figure 8: Reproducibility, generalisability, and explainability in AI studies for neurode-
generative diseases. Venn diagram visualising the distribution of studies with external validation
(red), algorithmic explainability (green), and multimodal data (blue). The non-overlapping areas
represent studies addressing only one aspect, while overlapping regions indicate studies incorporat-
ing multiple aspects.

Consistency of findings in high-influence studies

All previously described analysis were replicated in the subset of most influential studies (n=50).
Overall, results in this cohort did not meaningfully differ from those observed in the full body of
literature. Rather, these highly cited papers largely operate within the field’s dominant paradigms:
they prioritize diagnosis over treatment, rely almost exclusively on Western or high-income datasets,
and largely adopt established architectures (e.g. CNNs and ensembles methods) rather than in-
troducing radically new methodological paradigms. A detailed breakdown of results for the 50
top-cited researches is provided in the Supplementary Results.

Discussion
This systematic review that included 1186 articles provides a detailed overview and critique of Al
methods used for a wide spectrum of neurodegenerative diseases. Our work provides a global per-

spective on these diseases, allowing for a comparison of trends and an assessment of how various
factors — such as disease characteristics, biomarker modalities, data availability, Al methods, and
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study reproducibility — influence research outcomes. This paper provides a timely synthesis on the
technological advancements in Al applied to neurodegeneration and potential shortcomings found
in the research literature.

Overall, the prevalence of diseases represented in the reviewed studies aligns with findings from the
Global Burden of Diseases study [26]. AD and other dementias are the most prevalent, with 694
cases per 100,000 people, followed by PD (139 per 100,000), MS (30 per 100,000), and ALS (9.9 per
100,000). We observed similar trends for research examining AT applications in neurodegenerative
conditions. This may highlight priority disease areas and neurological conditions that may benefit
from further research using ML and DL methodology. Across all examined diseases, the most com-
mon research objective was diagnosis. Given the retrospective nature of the majority of studies,
this was relatively unsurprising. This finding also supports growing interest in utilising Al as a tool
to drive ’clinical decision support systems’; focused on maximising accuracy of neurodegenerative
diseases diagnoses [31]. This is followed by prognosis and patient stratification. Survival analysis is
the least studied objective, likely because it may require longitudinal follow-up data, which is not
always available or very limited in retrospective datasets. Given its vast potential clinical utility
- including patient outcome prediction and treatment guidance [12] - further efforts to interrogate
the usefulness of Al for survival analysis may be warranted.

Surprisingly, fewer than 5% of studies controlled for or integrated pharmacological treatments in
their AI models. This means the vast majority of research relied solely on non-pharmacological
clinical variables, which is a significant issue. Since treatments can substantially alter disease tra-
jectory, excluding them could potentially compromise the robustness of predictive models. This gap
may be due to publicly available datasets often lacking comprehensive pharmacological histories, a
common limitation even in purely clinical settings, where accurate medication records are difficult
to obtain [11]. However, with the increasing focus on personalised medicine, this omission repre-
sents a missed opportunity for Al to have a more direct and meaningful impact on patient care and
to improve its translational potential. In accordance, a previous review demonstrated the ability of
AT to aid in drug discovery and clinical trial design, but specifically in Dementia [8]. However, these
authors note that open science practices may be limited in this field due to proprietary ownership
of drug development pipelines, particularly by pharmaceutical companies.

Clinical decision-making related to diagnosis, prognosis and treatment of neurodegenerative diseases
commonly involve a wide range of data, including imaging, biomarkers, omics, and neuropsycho-
logical evaluations. Despite this, our analysis shows that most studies overwhelmingly concentrate
on imaging data for predictive modeling, with other modalities being underutilised. While imaging
is a valuable data source and particularly well-suited for DL applications [1], this narrow focus
fails to provide a holistic view of the patient’s condition. This limitation may be a consequence
of large-scale pre-existing datasets lacking sufficient multimodal data, and a potential over-reliance
on neuroimaging. However, this finding highlight an important opportunity to improve existing or
create new datasets that more accurately reflect the complexity of neurodegenerative diseases.

We also observed that studies using original datasets collected independently by the authors, while
fewer in number, tend to incorporate a more diverse range of non-imaging data, more accurately
representing real-world clinical practice. A further reason for the limited use of such data may lie
in the methodological challenges associated with integrating diverse data types. As multimodal
methods continue to advance, including development of foundation models, datasets must evolve
accordingly to enable a comprehensive view of the full spectrum of disease characteristics, from
omics to neuropsychological state, thereby supporting the development of more robust models. In
this context, foundation models may partially alleviate current constraints by enabling the learn-

18



ing of generalizable representations from large-scale unlabeled data, which can then be adapted to
multiple downstream tasks with relatively limited annotation. Recent work in brain MRI provides
early support for this direction, showing improved performance in low-data and few-shot settings,
as well as greater robustness across prediction and segmentation tasks [27]. However, these models
remain at an early stage: training is still largely modality-specific, integration with non-imaging
clinical variables is not yet mature, and their real-world value will depend on external validation
and successful incorporation into clinical workflows. Thus, foundation models are perhaps best
understood, at present, as a promising research framework rather than an already established route
to clinical translation. These data limitations may also reflect shortcomings in the practical imple-
mentation and efficiency of research data management systems [25].

Strong model performance is a prerequisite for Al to achieve clinical impact, but it is not sufficient
to ensure successful translation into practice. Our analysis show that reproducibility - a critical fac-
tor in this process - remains limited, with only 35.5% of studies meeting this standard. This figure
has not substantially improved for the past five years (2019-2024), which is the time period con-
sidered by our systematic review. While the availability of public datasets is a contributing factor,
it may not be not the only one. For instance, studies on ALS show relatively high reproducibility
despite having the fewest available datasets, whereas MS studies have the lowest reproducibility
rates. This suggests that other, non-data-related factors are at play, which may include features
unique to differential neurodegenerative classifications. Additionally, the journals’ target audience,
whether specialised or general, does not appear to have a strong correlation with reproducibility,
with rates varying widely from 14% to 50%.

Our findings also indicate that the studies reviewed studies did not consistently use appropriate
evaluation metrics. In particular, overreliance on AUROC, typical in medicine, biostatistics and
healthcare in general, may in some context provide an overly optimistic assessment of performance
[4]. This issue becomes more pronounced in studies with a markedly uneven distribution of ob-
servations across categories, where more sensitive metrics such as balanced accuracy or the MCC
are useful in dealing with potential bias [5]. Moreover, strong discrimination does not guarantee
that a model’s predicted probabilities reflect the true likelihood of the outcome of interest. A well-
calibrated model provides clinically meaningful probabilities rather than only binary labels, however
only 26 studies used calibration methods. This suggests a need for a more detailed analysis of model
errors and warrants caution when interpreting the clinical significance of these findings.

The current body of published studies is highly concentrated geographically. The U.S. and China
produce the highest number of studies, followed by European countries — specifically the U.K.,
Germany, France, and Italy. While emerging contributions are noted from Middle Eastern coun-
tries like Egypt, Saudi Arabia, and Turkey, it is concerning that entire regions, including Africa,
Southeast Asia, and large parts of Latin America, are absent from this research landscape. This
geographic imbalance is also reflected in publicly available datasets, which are dominated by North
American, European, and Chinese sources. Crucially, no datasets from LMICs were identified. As a
result, current research relies on datasets reflecting narrow demographic and clinical characteristics,
most often those of Western or East Asian cohorts with access to advanced imaging and diagnostic
resources. This represents a major concern for the generalisability and validity of AI models when
applied to under-represented populations. Unmeasured factors such as ethnicity, geographic diver-
sity, and socioeconomic conditions may influence model robustness. Generalisability of developed
AT solutions might be further limited by current external validation practices. For example, studies
originating from the U.S. frequently use U.S.-based datasets for external validation. Cross-national
validations are infrequent and largely confined to other high-income countries, thereby excluding
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more demographically diverse regions, such as Africa, South Asia, or Latin America. These gaps
may also reflect limitations of our review, as we included only English-language, open-access studies
- an approach that may have limited the identification of datasets from LMICs. Moreover, differ-
ences in national regulatory frameworks could further shape the extent to which AT solutions are
translated into clinical practice.

Recommendations

Synthesising the evidence from this review, we outline three key recommendations for the applica-
tion of AI in neurodegenerative research and clinical practice.

Improving data quality and inclusivity. Studies should integrate pharmacological treatment
information into their models where relevant and available, as interventions can significantly alter
disease trajectories and impact predictive robustness - though the applicability of treatment-aware
modelling depends heavily on the condition, disease stage, and the effectiveness and availability of
interventions. Researchers should also move beyond imaging alone and incorporate broader data
modalities such as biomarkers, omics, and neuropsychological evaluations to capture a more holistic
view of the patient’s condition; existing and future public datasets must be deliberately designed to
reflect this multimodal breadth alongside a sufficiently large and demographically diverse patient
base.

Enhancing methodological rigour and reproducibility. To provide a more accurate and ro-
bust evaluation of model performance - particularly with imbalanced datasets - researchers should
employ metrics such as balanced accuracy or the Matthews correlation coefficient (MCC) alongside
standard measures. Improving reproducibility, which currently remains low across the field, is a
fundamental prerequisite for clinical translation. The adoption of explainability methods is equally
important, as interpretable insights into model decision-making and errors are essential for clinical
implementation.

Broaden research scope and impact. There is a critical need to develop and publicly release
datasets from low- and middle-income countries (LMICs) and under-represented regions such as
Africa, Southeast Asia, and Latin America, to address geographic, ethnic, and socioeconomic dis-
parities that limit model generalisability. Complementing this, studies should conduct external
validation on independent datasets from diverse demographics and regions to confirm the validity
and broader applicability of their models.

Conclusion

AT research in neurodegeneration is currently hindered by three systemic bottlenecks: poor repro-
ducibility, limited data inclusivity, and a lack of clinical translatability. Many models rely on pro-
prietary code and siloed datasets, making independent verification nearly impossible. Furthermore,
a reliance on narrow, Western-centric demographics has the potential to create biased algorithms
that fail diverse global populations. We proposed a set of recommendations, whose adoption will
push forward Al from the academic bench into a reliable, equitable tool with genuine clinical utility.
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