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Abstract
Neuroinformatics brings together neuroscience, computational approaches, and large-scale multimodal data to study
brain structure, function, connectivity, and disease-related alterations. Advances in artificial intelligence (AI), including
deep learning, foundationmodels, federated learning, and explainable AI, have expanded the analysis of neuroimaging,
electrophysiological, genetic, behavioural, and clinical data. This narrative review examines representative literature on
current applications of AI in brain mapping, neuroimaging analysis, electroencephalography (EEG) classification, biomarker
discovery, neuroinformatics data resources, brain ageing research, and brain-computer interfaces. Representative studies
were considered according to their relevance to these application areas and, where appropriate, their study population,
data modality, validation design, and reported findings. The review also examines methodological and ethical issues
affecting the interpretation of these studies, including data heterogeneity, population representation, validation, database
governance, model explainability, and clinical translation. The available evidence shows that technical model performance
and clinical usefulness should be considered separately, particularly when studies differ in population, validation design,
and data source.
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1. Introduction
Neuroinformatics brings together neuroscience, informa-
tion technology, and computational analysis to support
the organization, integration, and interpretation of large-
scale brain data. As artificial intelligence (AI) continues
to develop, neuroinformatics has become an important
approach for detecting patterns across neuroimaging, elec-
trophysiological, behavioural, genetic, and clinical datasets.
In this way, the field connects data-driven neuroscience
with computational methods used to study brain struc-
ture, function, connectivity, and disease-related changes
(1, 2). Neuroinformatics is a rapidly growing, highly inter-
disciplinary field in which AI and neuroscience research
converge. Worldwide initiatives in neuroscience and
neuroinformatics require substantial investment in data
infrastructure, computational tools, and interdisciplinary
collaboration. Neuroinformatics has strengthened the

capacity to organize, integrate, and analyse complex brain
data, contributing toamoredetailedunderstandingofbrain
structure, function, connectivity, and disease-associated
patterns. Nevertheless, a complete mechanistic account
of how the brain works remains an unresolved scientific
challenge. Neuroinformatics-derived neuromarkers may
help identify disease-associated patterns in conditions such
as autism, schizophrenia, obsessive-compulsive disorder,
and depression through the analysis of functionalmagnetic
resonance imaging (fMRI), electroencephalography (EEG),
and magnetoencephalography (MEG) data. These neuro-
markers, however, should be interpreted cautiously. At
present, AI-based neuroimaging and EEG/MEGmodels are
best understood as tools for detecting disease-associated
patterns, risk profiles, or clinically relevant features, rather
than as universal diagnostic systems (3). Recent studies
have broadened the scope of neuroinformatics by using
foundation models, generative AI, and self-supervised
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learning to analyse large-scale brain data. These methods
are being investigated for tasks such as representation
learning, data augmentation, multimodalmodelling, brain–
computer interfaces, andmore generalizable neuroimaging
analysis. For instance, work on brain magnetic resonance
imaging (MRI) foundation models has highlighted the value
of reusable representations learned from large imaging
datasets, while recent reviews of generative AI in neuro-
science have discussed its potential for handling complex
and heterogeneous brain data. At the same time, this
literature cautions that strong predictive performance
does not, by itself, demonstrate mechanistic understand-
ing or clinical validity. These models should therefore
be regarded primarily as tools for hypothesis generation,
feature learning, and clinician-supported decision-making
until they are validated in independent, multicentre, and
demographically diverse cohorts (4, 5).
Neuroinformatics may be useful for improving the cre-

ation of systems that simulate human brain functioning in
storing and retrieving information. Understanding the bio-
logical structure and working processes in the human brain
requires computational methods, mathematical modeling,
as well as organizing and using neuroscience information.
Three key domains in which neuroinformatics is applied
are:
• Developing software for handling neuroscience data at

different stages of analysis. (Figure 1).
• Improving tools for modelling and interpreting neuro-

scientific information.
• Creating computational models to study nervous-

system function.
These domains affect the processing and interpretation

of experimental data, which are increasingly large, com-
plex, and fine-structured. Neuroinformatics researchers
contribute to the development of interoperable databases
that allow clinicians and scientists to access, share, and
analyse neuroscience data. Thus, information sharing is
very important. The Human Brain Project, initiated in the
1990s, catalyzed the development of neuroinformatics. A
primary goal of both the project and the field of neuroinfor-
matics is to develop novel database architectures, search
engines, and data-sharing protocols. This will enable re-
searchers to generate models of the brain as well as sim-
ulations of how it functions. In this review, the term sim-
ulation is used to refer to computational brain-modelling
approaches described in the existing literature. No original
simulation experiment or simulation-based validation was
conducted as part of this manuscript.
Despite these developments, several challenges still

hinder the use of AI-based neuroinformatics in robust re-
search and clinical settings. Many AI models are trained on
datasets that are heterogeneous, small, or demographically
restricted, which may limit their generalizability across
populations, imaging systems, institutions, and stages of
disease. In addition, external validation, data provenance,
harmonization methods, and clear reporting of model

limitations are not consistently addressed across studies.
Although explainable AI approaches can indicate which
features contribute to amodel’s prediction, they cannot, on
their own, confirm biomarker validity, biological causality,
or clinical reliability. Similarly, federated learning can limit
the need to centralize patient-level data. However, it does
not address demographic or biological bias if the participat-
ing datasets are homogeneous, insufficiently characterized,
or unevenly represented (6–10). Existing literature has ex-
amined specific areas, including foundation and generative
models in neuroscience (4), EEG-based brain-computer
interfaces (11), and disease-specific deep learning appli-
cations in Parkinson’s and Alzheimer’s disease (12, 13).
The present review brings these areas together within the
broader context of neuroinformatics and examines them at
three linked levels: the application of AI to different types of
neuroscience data, the validation of the reported findings,
and the limitations affecting their biological or clinical
interpretation. Accordingly, brain mapping, neuroimaging,
electrophysiological analysis, biomarker discovery, neu-
roinformatics databases, brain ageing, and brain-computer
interfaces are discussed togetherwith issues related to data
provenance, demographic representation, external valida-
tion, explainability, federated learning, and clinical validity.
This framework allows technical model performance to be
considered separately from evidence of generalizability and
clinical usefulness. Because this article is a review, it does
not propose a new algorithm, model architecture, or ex-
perimental pipeline. Accordingly, the limitations discussed
in the manuscript concern the AI-based neuroinformatics
methods reported in the existing literature, rather than any
method newly introduced in this work.
Demographic validity is a key concern in AI-based neu-

roinformatics, as model performance is shaped not only by
algorithmic design but also by the populations represented
in the data used for training, testing, and external validation.
Neuroimaging datasetsmay inadequately represent groups
defined by age, sex or gender, race, ethnicity, geography, so-
cioeconomic status, disease stage, or clinical comorbidities.
If these imbalances are not clearly reported and assessed,
AI models may learn patterns associated with a dominant
subgroup, scanner site, or recruitment setting, rather than
features that generalize across populations. For this rea-
son, studies should report demographic composition, data
provenance, and subgroup-level performance whenever
feasible. AI-derived neuromarkers should therefore be re-
garded as population and dataset dependent findings until
they are validated in independent, multicentre, and demo-
graphically diverse cohorts (7, 8, 10).
In addition to demographic validity, it is important to

account for neurobiological heterogeneity within diagnos-
tic categories. Clinical labels such as Alzheimer’s disease,
Parkinson’s disease, autism, schizophrenia, depression,
multiple sclerosis, and long COVID-related fatigue often
encompass patients who differ in underlying mechanisms,
disease stage, comorbid conditions, and biomarker pro-
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files. Comparable symptom severity therefore does not
necessarily indicate a shared neural or metabolic basis. For
example, FDG-PET studies of fatigue-related conditions
suggest that clinically similar fatigue may be associated
with distinct frontal–striatal metabolic patterns depending
on the disease context. Accordingly, when developing or
interpreting AI-based neuroinformatics models, diagnostic
categories should be viewed as clinically useful grouping
variables rather than biologically uniform classes (14–16).

2. Application of AI and
Neuroinformatics

Neuroinformatics integrates neuroscience, information
technology, and analytical methods to support the study
of brain structure, function, and disease-related processes.
Data sets, some of which are provided in Table 1, are an-
alyzed and integrated using neuroinformatics methods
including the use of advanced computational methods. AI
is widely used in brain mapping, assisting in both analysis
and visualization of brain maps. Following are examples of
neuroinformatics and AI applications:

2.1 Mapping the brain with AI
A detailed understanding of brain function requires map-
ping large-scale neuronal connections and relating these
connectivity patterns to neural activity. Brain mapping re-
search aims to elucidate cerebral function by leveraging sta-
tistical frameworks, computational models, and advanced
neuroimaging.
Investigating brain structure and function relies heavily

on neuroimagingmodalities such as magnetic resonance
imaging (MRI), positron emission tomography (PET), and
functional MRI (fMRI). PET and fMRI can provide indirect
measures of brain activity through metabolic or haemo-
dynamic changes, whereas MRI provides high-resolution
structural information.
Creating computermodels thatmimic how thebrain func-

tions is an essential part of brain mapping. These models
test concepts on basic principles of brain activity and can
be used to anticipate specific stimuli or treatments (17). Be-
causeofmachine learning (ML) technology, images takenby
machines of the brain can reveal much useful data, starting
from the recognition of features and ending with the classi-
fication of brain areas. Scientists are able to analyze brain
circuits and pathways along with connection strengths be-
tween various brain regions, using complex AI technologies
such as as network analysis and graph theory. Computa-
tional models used for reproducing brains through AI re-
search are the result of more advanced research done in
the field of brain simulation through artificial intelligence.
With the help of artificial intelligence, researchers can build
detailed three-dimensional (3D) representations of brain
and neuronal structures (18–20). Artificial intelligence al-
lows us to incorporate data from different brain imaging

methods along with other data sources. Brain mapping
also includes the development of statistical methods that
will allow for the examination of large sets of data. Such an
approach can be useful in finding correlations and patterns
among various brain regions and exploring the relationship
between brain networks. Using image, computation, and
statistical processing technologies, scientists are able to
develop detailed brain maps and acquire new information
about its function. The obtained data might help develop
new treatment options for certain neurological andmental
disorders.
In neurocognitive studies, the development of brain tem-

plates and the subsequent investigation of their anatomy is
essential. Normally, a brain template that is created using
MRI images froma batch of subjects will represent a reliable
reference space to study their structure and function. Tak-
ing into account recent achievements in AI approaches, it
makes sense to explore AI tools for age-relatedbrain pattern
analysis at different ages. According to a recent study, an
AI-based age-specific template construction (ASTC) frame-
work may support longitudinal structural brain analysis
in neuroimaging studies (21). Whole Brain Connectomic
Architecture (WBCA) is a software architecture consisting
of empirical information on neural circuits from the entire
brain. This architecture is created with the objective of de-
signing an AI that will be able to engage in various cognitive
activities in the computer context. WBCA has the capability
to accelerate the engineering process of intelligent gadgets
through the design of nervous systems of humans (22). Re-
cent neuroinformatics research increasingly uses predic-
tivemodelling and pattern recognition to connect computa-
tional neuroscience with clinical neurology. In this context,
AI methods are moving beyond single-task classification
toward more reusable representation-learning frameworks.
Foundation and generative models may contribute to data
augmentation, transfer learning, multimodal integration,
and brain imaging analysis, and self-supervised founda-
tion models for brain MRI could reduce reliance on large, la-
belled datasets for certain downstream applications. How-
ever, these developments do not lessen the need for ex-
ternal validation, transparent reporting of training popula-
tions, and careful evaluation of differences related to scan-
ners, imaging protocols, demographics, and disease stage.
Likewise, federated learning offers away to support privacy-
preserving model training across institutions, but it should
not be viewed as a complete solution to bias or limited
generalizability, especially when the participating datasets
remain demographically or clinically homogeneous (4–6).

2.2 Machine learning
Machine learning methods are used in neuroinformatics to
analyse neuroimaging, electrophysiological, behavioural,
genetic, and clinical data and to identify patterns associ-
ated with brain function, disease, or treatment response
(Figure 2). Applications include classification, prediction,
functional-connectivity analysis, and multimodal data inte-
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Figure 1: Common challenges in the domain of neuroinformatics and solutions presented through integration with AI.

gration. More recent approaches include federated learning
for distributedmodel development, explainable AI for inter-
pretation of model predictions, and reinforcement learning
for adaptive neurotechnology (6, 9, 23–25). The method-
ological limitations of these approaches, including general-
izability, bias, interpretability, and validation, are discussed
in the critical-appraisal section.

2.3 Neuroimaging
Neuroimaging is an important technique in neuroinformat-
ics that helps to visualize the brain structure, function, and
connectivity. MRI, PET, and fMRI are examples of neuroimag-
ing methods used in neuroinformatics. MRI is an effective
non-invasive imaging technique that produces highly de-
tailed images of the brain’s anatomy utilizing radio waves
and powerful magnetic fields. MRI is used for examining
the brain’s anatomical structure and identifying changes
in its structure caused by neurological diseases. PET is a
molecular imaging technique that can be used to assess
brain metabolism, receptor binding, and regional blood-
flow changes in neurological disorders (26). AI methods
have been applied to neuroimaging for image reconstruc-
tion, segmentation, feature extraction, and image-based
classification. In brain MRI, deep learning methods have
beenevaluated for the segmentationof brain structures and
lesions, including brain tumours (27), while other studies
have examined the use of deep learning for neuroimaging
analysis more generally (28, 29). These methods may assist
quantitative image analysis, but their performance should
be interpreted according to the dataset, imaging protocol,
and validation setting used in the original study.

2.4 Neuroinformatics data resources and
governance

Neuroinformatics resources include research projects, at-
lases, data repositories, resource registries, and computa-
tional platforms, which differ in their purpose, population
coverage, data modalities, access conditions, and gover-

nance. These resources support different applications of AI
in neuroinformatics, including brain mapping, neuroimag-
ing analysis, biomarker exploration, and the integration and
analysis of large-scale neuroscience data (Figure 2). These
distinctions are important when such resources are used
for the development or validation of AI models. For exam-
ple, some resources provide openly accessible imaging or
molecular data, whereas others contain controlled-access
participant-level information that is governed by data-use
agreements. Table 1, therefore distinguishes themajor re-
sources according to their resource type, population scope,
available modalities, access and governance conditions,
demographic metadata, and limitations.
The suitability of a neuroinformatics resource for AI de-

velopment should not be assessed only according to its size.
Population composition, completeness of demographic
and clinical metadata, acquisition protocols, and restric-
tions on sensitive information also affect the interpretation
andgeneralizability ofmodel performance. Some resources
contain detailed demographic variables but restrict poten-
tially identifying information, whereas others were devel-
opedprimarily as anatomical ormolecular referenceatlases
andwere not designed to represent population-level demo-
graphic variability. These characteristics should be consid-
ered when data from different neuroinformatics resources
are used for model training, comparison, or external valida-
tion.

2.5 Applications and impact of AI in
neuroinformatics

AI approaches in neuroinformatics differ considerably in
the type of data analysed, study population, validation de-
sign, and intended application. Therefore, reported model
performance should not be compared only on the basis of
accuracy or other individual performance measures. Re-
sults obtained from internal cross-validation, public bench-
mark datasets, independent external cohorts, and small
experimental studies provide different levels of evidence.
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Table 1: Major neuroinformatics resources, their access conditions, governance, and limitations.

Resource Resource type Population scope and
modalities

Access and governance Demographic metadata Principal limitations Primary
citation

Human
Connectome
Project–Young
Adult (HCP-YA) /
ConnectomeDB

Research project
and associated
data repository

Approximately 1,200 healthy
young adults, primarily 22–35
years of age. Data include
structural MRI, resting-state
and task fMRI, diffusion MRI,
behavioural and phenotypic
measurements, with 7T MRI
and MEG available for
subsets.

Imaging data andmost
non-sensitive behavioural
data are available after
registration and acceptance
of HCP data-use terms.
Potentially identifying or
sensitive variables are
controlled through
restricted-access
procedures.

Banded age and gender are
available in open-access
data; exact age,
race/ethnicity, family
structure and some other
participant characteristics
are restricted.

The original HCP-YA
cohort consists primarily
of healthy young adults
and therefore does not by
itself represent
neurological patient
populations or the
complete age range.
Some demographic
variables required for
subgroup analysis have
restricted access.

Van Essen et al.
(30)

Allen Human
Brain Atlas

Anatomical and
transcriptomic
atlas/data
resource

Adult post-mortem human
brain tissue with anatomical
mapping and genome-wide
gene-expression information.
The downloadable
microarray resource contains
data from six brains, while
RNA-sequencing data are
available for a subset.

Data can be downloaded
from the Allen Institute
resources and are governed
by the Allen Institute Terms
of Use and Citation Policy.

Donor- and
sample-associated
information is available
with the resource, but the
small post-mortem donor
set is not designed to
represent demographic
variation at the population
level.

Small number of
post-mortem donors and
limited demographic
representation restrict
population-level
inference. The resource is
primarily an anatomical
andmolecular reference
atlas rather than a clinical
cohort.

Hawrylycz et
al.(31)

Neuroimaging
Tools &
Resources
Collaboratory
(NITRC)

Resource registry,
image repository,
and
computational
environment

Hosts or links neuroimaging
software, datasets and
computational resources
across MRI, PET/SPECT, CT,
EEG/MEG, optical imaging,
computational neuroscience
and imaging genomics.
Population scope depends on
the individual hosted dataset.

General platform use is
available through NITRC;
access to individual
datasets may be open or
may require registration or
approval from the original
data provider.
Dataset-specific governance
therefore applies.

Demographic variables and
their completeness depend
on the individual dataset or
contributing project rather
than on NITRC as a whole.

NITRC is not a single
harmonized cohort. Data
acquisition, participant
characteristics, metadata
completeness, access
procedures and
governance can differ
considerably among
hosted resources.

Kennedy et al.
(32)

NIMH Data
Archive (NDA;
incorporates the
former National
Database for
Autism Research,
NDAR)

Controlled-
access research
data repository

Human-subject research data
across mental-health and
related domains, including
clinical,
behavioural/phenotypic,
imaging, genomic and other
data. The current NDA
extends beyond the original
autism-focused NDAR.

Summary information and
data dictionaries are
publicly searchable,
whereas participant-level
shared data are generally
controlled through
permission groups, Data
Use Certification and
applicable consent-based
data-use limitations.

NDA data structures
support standardized
demographic variables such
as age, sex, race/ethnicity
and socioeconomic
measures, although
availability and
completeness depend on
the contributing study or
collection.

Data originate from
heterogeneous studies
with different populations,
protocols, consent
conditions and levels of
metadata completeness.
Access restrictions and
data-use limitations may
also differ among
collections.

Hall et al. (33)
and current
NIMH/NDA doc-
umentation

The following sections describe the major applications of
AI in neuroinformatics, while Table 2 provides a compara-
tive assessment of representative studies according to their
population, validation strategy, external validation, demo-
graphic reporting, calibration, and principal limitations.
The strengthof evidencediffers across these applications.

Technical benchmarking is comparatively well established
for tasks such as brain tumour segmentation, where stan-
dardized datasets and predefined evaluation measures al-
low different algorithms to be compared under similar con-
ditions. This technical maturity, however, should not be
interpreted as evidence of clinical maturity. Evidence for
disease classification from neuroimaging is more mixed.
For example, reproducible evaluation of Alzheimer’s dis-
ease classification has shown that strong within-dataset
performance does not always transfer to cohorts with differ-
ent inclusion criteria or demographic characteristics, and
deep learning models do not consistently outperform con-
ventional machine learning approaches (12). EEG-based
seizure prediction has also been evaluated across multiple
datasets, but much of the evidence remains retrospective
and patient-specific (34). In BCI research, controlled experi-
mental studies demonstrate that AI-based systems can de-

code neural activity and provide closed-loop feedback, but
studies based on small healthy-participant cohorts provide
preliminary evidence for clinical rehabilitation applications
(35). Across these areas, external validation, demographic
subgroup analysis, model calibration, and prospective clin-
ical evaluation remain less consistently reported than con-
ventional measures of technical performance.

2.6 Impact of deep learning on
neuroinformatics

Deep learning has been applied to automated brain tumour
segmentation in MRI data. Havaei et al. developed a convo-
lutional neural network-based segmentation method using
the BRATS 2013 dataset, which included 30 labelled training
cases and separate test and leaderboard datasets (27). The
study demonstrated technical performance for segmenta-
tion of low- and high-grade gliomas, but it did not evaluate
clinical diagnosis or treatment planning. Deep learning has
also been investigated for imaging-based classification of
Alzheimer’s disease, although the reported performance
varies across datasets and validation settings (12). Using
brain activity data, such as EEG signals, deep learning has
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Figure 2: Major roles of AI in neuroinformatics, including brainmapping, neuroimaging analysis, biomarker exploration, andmanagement
of large-scale neuroinformatics data resources.

also been applied to classification and prediction tasks re-
lated to cognitive and neurological states (Figure 3).
Recurrent neural networks (RNNs) and other models are

used to assess the temporal dynamics of EEG in order to
forecast brain conditions and states (36). Deep learning has
also been used to examine fMRI data, where blood-flow-
related signals are analysed to identify brain regions as-
sociated with cognitive functions, emotional processing,
or disease-related patterns (28). AI-based image-analysis
approaches have been applied to computed tomography
(CT) andMRI data to support the detection of stroke-related
imaging features (29).
Diagnostic claims based on AI models should therefore

be interpreted cautiously. Inmost neuroinformatics studies,
reported performance reflects experimental classification,
pattern recognition, risk prediction, or decision-support
capacity rather than fully validated clinical diagnosis. AI-
based neuroimaging and electrophysiological models may
help identify disease-associated patterns, support risk strat-
ification, and inform clinical decision-making. However,
they require rigorous external validation in independent,
multicentre, and demographically diverse cohorts before
they can be considered reliable diagnostic tools.

2.7 Machine learning techniques for EEG
signal categorisation

Traditional machine learningmethods were among the first
approaches used for EEG signal classification in neuroin-
formatics, allowing researchers to identify brain states and
activities automatically from labeled EEG data (Figure 3).
Commonalgorithms, including k-nearest neighbours (KNN),
random forest (RF), and support vector machines (SVMs),
have been widely used after extracting informative features
such as wavelet coefficients, statistical measures, and spec-
tral power density. However, the reported performance
of these approaches cannot be compared directly when
the studies use different EEG tasks, participant groups, pre-
processing procedures, datasets, and validation strategies.
Therefore, differences in reported accuracy should be inter-
preted together with the experimental design rather than
as evidence that one class of algorithm is generally supe-
rior. KNN has been applied in motor imagery classification,
emotion recognition, and sleep-stage classification (37). RF
is well suited to multidimensional EEG data and has been
used for emotion identification, cognitive-state classifica-
tion, and epileptic-event recognition (38). SVM-basedmeth-
ods have also been used in EEG analysis for motor imagery
classification, epileptic seizure detection, and the study of
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cognitive processes (39).
With the growth of deep learning, EEG classification has

gradually shifted frommanually designed features to mod-
els that can learn useful representations directly from raw
or minimally processed signals. Convolutional neural net-
works (CNNs) are especially valuablebecause they can learn
spatially relevant patterns through convolutional filters, re-
ducing the need for predefined feature-selection methods.
For this reason, CNNs have been used in applications such
as epileptic episode detection, resting-state classification,
and emotion recognition based on EEG data (40). More gen-
erally, artificial intelligencehasbecomean important tool in
EEG classification because it supports the automated analy-
sis of labeled data and helps identify brain-activity patterns
related to cognitive tasks, mental-health conditions, sleep
stages, and neurological disorders (11, 41).
In caseswhere the temporal structure of EEG signals is im-

portant, recurrent neural networks (RNNs) offer additional
advantages. RNN-based models, including long short-term
memory (LSTM) and gated recurrent unit (GRU) networks,
are designed to model sequential dependencies in time-
series data. This makes them useful for classifying EEG sig-
nals based on changes over time. While CNNs are effective
for identifying spatial patternsassociatedwith specificbrain
conditions, RNNs are better suited to capturing temporal
patterns across EEG sequences (34).
Machine learning and deep learningmodels have been

applied to EEG recordings for tasks such as automated
seizure detection and seizure prediction in epilepsy (34, 42).
These studies demonstrate the ability of computational
models to identify or predict EEG patterns under specific
experimental and retrospective validation settings. Such
performance should not, by itself, be interpreted as evi-
dence that AI-based EEG analysis provides early diagnosis
or improves the clinical management of neurological
disorders.

2.8 Artificial intelligence techniques for
discovering biomarkers of neurological
illnesses

The analysis of medical imaging for candidate biomarker
discovery includes machine learning and deep learning ap-
proaches. Wen et al. evaluated CNN-based Alzheimer’s
disease classification using T1-weighted MRI from ADNI,
AIBL, and OASIS and showed that performance depended
ondataset characteristics and validationdesign (12). Model-
derived imaging features should therefore be described as
candidate or exploratory biomarkers unless their biological
validity and reproducibility have been established indepen-
dently. Several machine learning approaches used for can-
didate biomarker analysis across neurological diseases are
summarized in Table 3. The distinction between technical
classification performance, biomarker validity, and clinical
utility is discussed in the critical-appraisal section.
A further limitation is the biological heterogeneity within

diagnostic categories. AI-based biomarker studies often
treat diagnostic labels as training targets, yet these labels
can group together patients with distinct pathophysiologi-
cal mechanisms. Consequently, a classifier may learn pat-
terns that reflect a dominant biological subtype, disease
stage, sex or gender subgroup, medication profile, or co-
morbidity pattern rather than features that characterize the
diagnosis as a whole. Such patterns may appear predic-
tive in the original dataset but may not generalize to other
patient groupswith the same clinical diagnosis. For this rea-
son, biomarker studies should be cautious about present-
ing a single model-derived feature as a universal disease
marker unless it has been evaluated across relevant clinical
and biological strata. Where possible, studies should report
subgroup analyses, disease-stage information, comorbidi-
ties, medication status, and sensitivity analyses assessing
whether the identified biomarker remains stable across het-
erogeneous patient groups (14–16).

2.9 Brain-computer interfaces and the role of
AI in controlling them

Brain-Computer Interfaces (BCIs) are instruments that fa-
cilitate the exchange of information between the brain and
external technologies such as computers or prosthetic in-
struments. This technology has potential applications in as-
sistive technologies, neuro rehabilitation, prosthetics, and
clinical research. For a proper interface andmanipulation
to take place, AI is used to analyze brain activity. The use of
artificial intelligence to operate on BCI is prevalent inmotor
neuroprosthetics. Motor neuroprosthetics are devices that
help regainmovement abilities of paralyzedpeople by utiliz-
ing brain-computer interfaces to analyze brain activity and
control robotic limbs. DL provides one of the best solutions
for automatic extraction of unique features.
Many conventional AI models are developed using fixed

datasets, whereas BCI applications often require the analy-
sis of dynamic brain activity in near real time. Deep learning
can be useful in BCI systems because it can learn complex
spatial and temporal patterns from continuously changing
neural signals. Two relevant benefits associated with deep
learning include: First, learningof unique informationby im-
plementing back propagation on brain signals without any
preprocessing and feature engineering required. Second,
deep learning is capable of detecting latent relationships
along with representative high-level features (28).
In an EEG cognitive-load classification study, Saha et al.

compared deep-learning models based on stacked denois-
ing autoencoders and LSTM with conventional classifiers
including SVM, KNN, and LDA and reported better perfor-
mance for the deep-learning models within that dataset
(48). This finding represents a task- and dataset-specific
comparison and should not be generalized as evidence that
deep learning outperforms conventional classifiers across
BCI applications. CNNs, RNNs, and other deep-learning
architectures may be useful when the spatial or temporal
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Table 2: Comparative synthesis of representative AI applications in neuroinformatics

Study Task Modality Population/sample
size

Validation design Main
performance
measure

External
validation /
dataset shift

Demographic
reporting

Calibration /
uncertainty

Principal limitation

Havaei et al.
(27)

Brain tumour
segmenta-
tion

Multimodal
brain MRI
(T1, T1c, T2,
FLAIR)

BRATS 2013; 30
training cases (20
high-grade and
10 low-grade
glioma), with
separate test and
leaderboard
cases

Training on the
BRATS training
cohort and
evaluation using
the challenge
test/leaderboard
datasets

Dice-based
segmenta-
tion
measures and
related seg-
mentation
performance

Separate
benchmark test
data were used,
but no
independent
clinical cohort
outside the
BRATS setting

Demographic
subgroup
performance was
not a focus of the
study

Predictive
calibration
was not
evaluated

Strong technical
benchmark
performance, but
evidence concerns
segmentation
performance rather
than prospective
clinical utility

Plis et al.
(28)

Neuroimaging
representa-
tion learning
and
schizophre-
nia
classification

Structural
MRI;
additional
func-
tional/structural
imaging
analyses

198 participants
with
schizophrenia
and 191matched
healthy controls
from four sites
for the
classification
analysis

10-fold
cross-validation
within the
combined
multisite cohort

Precision,
recall and
F-score

Multisite data
were included,
but no fully
independent
external cohort
was used for the
schizophrenia
classification
experiment

Clinical groups
were described,
but demographic
subgroup
performance was
not evaluated

Calibration
was not
reported

Multisite internal
validation supports
technical feasibility,
but external
generalization and
subgroup
robustness remain
uncertain

Wen et al.
(12)

Alzheimer’s
disease and
MCI
classification

T1-
weighted
MRI

ADNI: 1,455
participants;
AIBL: 598
participants;
OASIS: 193
participants

Subject-level
train/validation/test
separation with
model selection
restricted to
train-
ing/validation
data; 5-fold
validation

Balanced
accuracy

Yes. Models
trained using
ADNI were
evaluated on
ADNI test data
and independent
AIBL and OASIS
datasets

Age and
sex/gender
distributions and
clinical measures
were reported

Calibration
was not a
primary
analysis

Performance
generalized
relatively well to
similar populations
but decreased
substantially when
inclusion criteria and
demographic
characteristics
differed

Truong et al.
(34)

Epileptic
seizure
prediction

Intracranial
and scalp
EEG

Multiple epilepsy
datasets,
including 13
usable Freiburg
patients and 23
paediatric
CHB-MIT
patients,
together with the
American
Epilepsy Society
challenge
dataset

Patient-specific
retrospective
analysis with
cross-validation
across seizures
and evaluation
onmultiple
datasets

Sensitivity
and false
prediction
rate per hour

Evaluated across
three EEG
datasets, but the
analysis
remained
retrospective and
patient-specific

Dataset and
patient
characteristics
were described,
but demographic
subgroup
performance was
not evaluated

Calibration
was not
reported

Performance across
multiple datasets
supports technical
robustness, but
prospective clinical
validation was not
performed

Ramos-
Murguialday
et al. (35)

EEG-based
BCI control
with proprio-
ceptive
feedback

128-
channel
EEG with
robotic
hand
orthosis

Small
experimental
cohort of healthy
volunteers;
approximately
two dozen
participants
divided among
feedback
conditions

Controlled
experimental
comparison of
contingent-
positive,
contingent-
negative and
sham feedback
conditions

Sensorimotor-
rhythm
modulation
and
BCI-control
measures

No independent
clinical cohort;
study performed
in healthy
volunteers

Participant
characteristics
were reported,
but demographic
subgroup
analysis was not
the purpose of
the experiment

Predictive
calibration
was not
applica-
ble/reported

Demonstrates
experimental
feasibility of
closed-loop
proprioceptive BCI,
but does not
establish
effectiveness for
neurological
rehabilitation
patients

structure of the neural signals is relevant to the classifica-
tion task.
Proof-of-concept brain-machine interface studies have

demonstrated that motor-cortex activity can be decoded
to control external devices. In a non-human-primate study,
Velliste et al. used motor-cortical activity to control a multi-
jointed prosthetic arm and gripper during a self-feeding
task (49). This experiment demonstrated embodied pros-
thetic control in monkeys and should not be interpreted as
evidence of clinical effectiveness in human patients.
Human studies have also examined neuroadaptive

and proprioceptive BCI paradigms. Zander et al. used
real-time EEG responses associated with expectation vio-
lations to adapt cursor behaviour in a human-computer
interaction experiment (50); the study did not involve a

working-memory task. Ramos-Murguialday et al. evaluated
a 128-channel EEGBCI coupled to a robotic hand orthosis in
healthy participants and found that contingent propriocep-
tive feedback improved BCI-related sensorimotor-rhythm
measures (35). Because this studywas conducted in healthy
volunteers, it provides experimental proof-of-concept and
does not establish rehabilitation effectiveness in patients
with stroke or spinal-cord injury.

3. Ethical and legal issues with the use
of AI in neuroinformatics

Ethical and legal issues in neuroinformatics include privacy
protection, data ownership, informed consent, intellectual



Global Science Today | 2026 | Volume 01 | Article 18 9

Table 3: AI algorithms and their application in identifying and analyzing biomarkers for neurological diseases.

Sr. No. AI Technique Description Reference

1. Multi-Modal Data Fusion AI approaches have been used to combine information from several modalities, such as imaging data, genetic
data, and clinical data, in order to discover biomarkers of neurological disorders. ML algorithms, for example,
have been used to predict biomarkers of schizophrenia with an amalgam of neuroimaging and genetic data

(43)

2. Graph-Based Approaches To discover biomarkers of neurological illnesses, brain connection data was evaluated using graph-based
methodologies such as graph theory and network analysis. Graph theory metrics like nodal degree,
clustering coefficient, and betweenness centrality, for instance, have been used to identify Alzheimer’s
disease biomarkers using fMRI data

(44)

3. Feature Selection using ML Machine learning algorithms have been used to select key traits from large-scale datasets such as
neuroimaging data in order to discover biomarkers of neurological disorders. Recursive feature elimination
(RFE) and L1 regularisation, for example, have been used to choose discriminative features from brain MRI
data to identify biomarkers of multiple sclerosis

(45)

4. Data Fusion from Imaging and
Omics

AI approaches have been used to link imaging data with omics data, including genetic data, to discover
biomarkers of neurological disorders. Combining brain imaging data, such as MRI or PET scans, with genetic
data, for example, has been used to uncover biomarkers of disorders including Parkinson’s and Alzheimer’s
disease

(46)

5. Transfer Learning It is an approach that involves extracting information from one domain and applying them to another, has
been used to uncover biomarkers of neurological illnesses. DL models, such as VGGNet and ResNet, have
been fine-tuned using neuroimaging data to uncover biomarkers of epilepsy and schizophrenia

(47)

Figure 3: Examples of AI applications in neuroinformatics, including EEG classification, candidate biomarker analysis, BCI signal decoding,
andmodel-based analysis of disease-associated patterns.

property, and responsible data sharing (51, 52). These is-
sues are especially important because neuroinformatics
databasesmay contain sensitive neuroimaging, genetic, be-
havioural, and clinical information. Researchers and data
users should understand the provenance of shared data,
the conditions under which data were collected, and the
governance mechanisms that regulate access and reuse.
It is essential that privacy is maintained when collecting

data, processing the data, integrating the findings within a
conceptual framework, and finally writing up an academic
paper. Ethical concerns about protecting confidential infor-
mation and establishing standards or norms within both
organizational and legal arenas should not be neglected.

Norms must be established to promote good discussion
and collaboration with regards to neuroscience testing. For
ensuring protection of individual privacy from the unautho-
rized sharing of information, tougher and more rigorous
mechanismsmust be enforced. Conversely, the control of
database content, database access, and database utiliza-
tion is a recent problem arising from international coop-
eration and the need to comply with Institutional Ethical
Review Board (IERB) standards. Researchers should apply
appropriate safeguards to maintain confidentiality during
data collection, processing, modelling, analysis, and publi-
cation.
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4. Application of AI in analysing and
studying brain ageing

Brain age estimation has becomean important topic in com-
putational neuroscience because estimated brain age may
provide information about ageing-related brain changes
and disease-associated patterns. Various machine learning
and deep-learning models have been developed for age es-
timationusingbrain imagingdata. Deep learning canmodel
complex imaging patterns, but it should not be assumed to
bemore accurate or less biased than conventionalmachine
learning without a task-specific comparison and appropri-
ate validation. Interpretability also remains an important
consideration because predictive performance alone does
not explain the biological processes underlying a brain-age
estimate.
Recently, explainable artificial intelligence (XAI) meth-

ods have been proposed in order to produce explanations
about the outputs of machine learning and deep learning
algorithms. Previous work has suggested that SHAP-based
approaches may help identify personalized imaging fea-
tures associated with brain-age prediction (53). Through
the creation of a relationship between age and biological in-
formation obtained through brain imaging, for example, AI
andmachine learning techniques could lead to insights into
the process of aging. Such relationships can be exploited to
create an algorithm capable of estimating a subject’s age,
which would subsequently be considered as biological age
or a "physiological clock" that is either equal or different
from the person’s chronological age. The discrepancy be-
tween biological age and chronological age can serve as
a biomarker for age-related diseases represented by the
biological data used in the algorithm. This discrepancy is
knownas "brain agegap"when thebiological data concerns
the brain.
Lee et al. (54) developed deep-learning brain-agemod-

els using structural MRI and FDG-PET data from 2,349 par-
ticipants with 4,127 scans, aged 26–98 years. The mod-
els were trained using cognitively unimpaired participants,
evaluated using cross-validation, and further assessed us-
ing an independent ADNI cohort. Higher brain-age gaps
were observed in groups with mild cognitive impairment,
Alzheimer’s disease, frontotemporal dementia, and demen-
tia with Lewy bodies, and associations were examined with
cognitive measures and imaging biomarkers. These find-
ings support thebrain-agegapasan investigational imaging
marker, but they do not establish it as a standalone diag-
nostic test for neurodegenerative disease.
The capabilities of AI in tracking and assessing an individ-

ual’s performance could be exploited to determine disease
states at an early stage in relation to neurological conditions
characterized by aging. One of the biggest issues involved
in diagnosing preclinical states of diseases like dementia
involves the substantial variability inhowaging impacts cog-
nitive functioning from one individual to another. Rather
than making comparison based on demographic data, AI

could be used to track and assess changes in an individual’s
performance and functionality over time (55). An overview
of AI applications in brain imaging and neuroinformatics is
presented in Table 4.

5. Critical appraisal of AI in
neuroinformatics: validation,
generalizability, and clinical
considerations

The evidence summarized in this review shows that the per-
formance of AI models in neuroinformatics is influenced
by the quality, size, composition, and origin of the data
used for training and evaluation. Models developed using
small, single-centre, or demographically restricted datasets
may capture population-, scanner-, or site-specific patterns
that do not transfer to independent cohorts. External vali-
dation is therefore different from repeated internal cross-
validation, particularly when the external population differs
indemographics, disease stage, acquisitionprotocol, or clin-
ical setting. The comparative evidence summarized in Table
2 illustrates this distinction, as someapplications havebeen
evaluated on independent datasets whereas others remain
basedmainly on retrospective or internally validated stud-
ies.
Explainable AI and federated learning address different

problems but should not be interpreted as evidence of clin-
ical validity. Explainable AI methods such as SHAP, LIME,
and attention-based approaches can indicate which fea-
tures contribute to model predictions, but feature impor-
tance does not establish biological causality or biomarker
validity (23, 24, 53, 56, 57). Federated learning can support
model development across institutions without requiring
centralization of participant-level data, but the resulting
model can still retain demographic, clinical, or acquisition-
related biases present across the participating sites (6, 9).
Therefore, explainability and privacy-preserving learning
should be considered togetherwith external validation, sub-
group assessment, calibration, uncertainty estimation, and
biological evaluation.
Four levels of evidence should be distinguished when

interpreting AI studies in neuroinformatics. Technical per-
formance refers to how well a model performs the defined
computational task on internal or external test data. Clini-
cal utility requires evidence that use of the model provides
ameaningful benefit in the intended clinical setting. Biolog-
ical validity concerns whether a model-derived feature or
candidate biomarker reflects a reproducible biological pro-
cess rather than a dataset-specific association. Regulatory
readiness represents a separate level and requires evidence
and documentation appropriate to the intended use, in-
cluding performance characterization, risk management,
and lifecycle considerations. High classification or segmen-
tation performance in a retrospective dataset therefore es-
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Table 4: A summary of application of AI in Brain imaging and Neuroinformatics

S.No Neuroinformatics Data AI Application Purpose in Brain Aging

1 MRI Data Deep learning image analysis Detect brain volume loss
2 fMRI Data Pattern recognition Identify functional connectivity changes
3 EEG Signals Neural network classification Detect cognitive decline patterns
4 Genomic Data Machine learning prediction Identify aging-related genes
5 Proteomic Data Biomarker discovery Detect neurodegenerative markers
6 Cognitive Test Data Predictive modeling Assess memory decline
7 Brain Connectivity Data Graph-based AI models Study neural network degeneration
8 Multimodal Data Data integration using AI Estimate biological brain age

tablishes technical performance under the conditions of
that study, but does not by itself establish clinical utility,
biological validity, or regulatory readiness.
Simulation-based and computational modelling studies

in neuroinformatics are built on several important assump-
tions. These studies often assume that the input datasets
adequately represent the target population, that prepro-
cessing and harmonization methods can reduce scanner-
or site-related variability, that simplified computational
models can capture relevant aspects of neural processes,
and that connectivity or activity patterns identified in one
dataset will generalize to other cohorts. Although these as-
sumptions are necessary for modelling complex brain sys-
tems, theyalsoplace limits onhowthefindings shouldbe in-
terpreted. For example, when training data are demograph-
ically limited, clinically heterogeneous, or influenced by
site-specific acquisition factors, modelsmay reflect dataset-
specific patterns rather than underlying biological signals.
Likewise, simplified models of neural circuits can be useful
for generatinghypotheses, but they shouldnotbe viewedas
completemechanistic accounts of brain function. For these
reasons, findings fromsimulation-based studies shouldgen-
erally be considered exploratory and supportive unless they
are validated using independent, multicentre, and demo-
graphically diverse datasets (22, 28, 58, 59).
More broadly, the AI-based neuroinformatics approaches

reviewed in this manuscript are subject to several method-
ological and practical limitations. Model performance is
strongly influenced by the quality, size, and representative-
ness of the training data. As a result, findings from small,
single-centre, or demographically narrow datasets may not
generalize reliably to other populations or clinical settings.
In addition, variation in scanner protocols, preprocessing
methods, feature-selection procedures, and labelling cri-
teria can introduce site- or task-specific biases. Although
explainable AI methods can help identify the features that
contribute to a model’s prediction, they do not establish
whether these features are biologically causal, clinically
meaningful, or sufficiently reliable as biomarkers. Other
challenges, including privacy protection, database gover-
nance, computational cost, and integration into routine
clinical workflows, also remain important barriers to im-
plementation. Therefore, the reviewed methods should
be regarded as supportive tools for research, risk stratifica-
tion, and clinician-assisted decision-making, rather than

as standalone diagnostic systems, unless they are exter-
nally validated using independent and population-diverse
datasets (4–6, 52, 60, 61). A model may achieve high classi-
fication accuracy, even with explanations from SHAP, LIME,
or attention-based methods, but its predictions can still be
driven by dominant subgroup patterns, scanner-related ef-
fects, or correlations specific to a particular dataset rather
than by a biomarker that generalizes across all patients in
the diagnostic category. For this reason, explanation maps
and feature-importance scores should be interpreted to-
gether with subgroup validation, calibration, uncertainty
estimation, and checks for biological plausibility.
Also,multidisciplinary collaboration is necessary in order

to make progress in the application of AI within neuroinfor-
matics. In order to develop efficient AImodels, analyze their
findings, and integrate them into the clinical process, re-
searchers from neuroscience, computational sciences, and
medicine should cooperate. The collaboration would allow
sharing of the specialized knowledge, incorporation of ethi-
cal considerations, and resolution of the specific problems
that different sciences are encountering. Neuroinformatics
is emerging as a source of assistance to people suffering
from injuries of the brain or people who have been having
severe and consistent problems associated with the brain.
Neuroimaging is a ray of hope for such people. Neverthe-
less, it would require better clinical information in addition
to the expensive machinery and trained professionals lead-
ing to many challenges from the point of view of finance.
Integrating knowledge across different levels of brain orga-
nization remains a significant challenge. Currently, infor-
mation on brain regions, disease groups, imaging modal-
ities, and molecular datasets is often stored in separate
databases, limiting the ability to connect findings across
domains. Future neuroinformatics efforts should therefore
prioritize interoperable database architectures that support
links across biological scales, data modalities, institutions,
and clinical contexts.
AI offers opportunities for analysing multimodal data

from neuroimaging, electrophysiology, molecular studies,
and clinical records and for investigating patterns associ-
ated with disease risk or treatment response (58, 59). At
present, such applications should be described as research
or decision-support approaches unless prospective stud-
ies demonstrate clinical benefit in the intended population.
Model output should not be equated with a personalized
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treatment recommendation solely because the model inte-
grates genetic, imaging, or clinical variables.
AI-basedBCIs also allowneural signals tobedecodedand

adapted in real time under experimental conditions. How-
ever, technical improvement in signal decoding or device
control should be distinguished fromevidence of functional
benefit in patients and from readiness for routine clinical
use.
AI-based analysis may also support research on disease-

associatedpatternsacross genetic, environmental, imaging,
and clinical variables (62–64). Such models may contribute
to risk-stratification research, but claims concerning early
prevention, diagnosis, or treatment require prospective val-
idation and clinically relevant outcome assessment. Ethical
concerns, data security, andappropriategovernance should
also be considered when these approaches are applied to
neuroscience data.

6. Conclusion
AI is increasingly being applied across neuroinformatics for
brain mapping, neuroimaging analysis, EEG classification,
biomarker discovery, brain ageing research, data integra-
tion, and Brain-Computer Interfaces. The studies reviewed
here show substantial technical progress, but the strength
of evidence differs across applications according to the pop-
ulation, data source, validation strategy, and intended clin-
ical task. Future work should place greater emphasis on
independent validation, transparent reporting of data and
population characteristics, reproducible comparison across
datasets, and appropriate governance of neuroscience data.
Progress in these areas will require continued collaboration
among neuroscientists, clinicians, computational scientists,
and researchers working on the ethical and responsible use
of AI.
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