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Brain diseases pose a significant global health challenge due to their complexity and
the limitations of traditional medical strategies. Recent advancements in artificial
intelligence (Al), especially deep learning models like Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), and Graph Neural Networks (GNNs), offer
powerful new tools for analysis. These neural networks are effective at extracting
complex patterns from high-dimensional data. By integrating diverse data sources-
such as neuroimaging, multi-omics, and clinical information-multimodal Al provides
the comprehensive view needed to understand intricate disease mechanisms. This
review outlines how these technologies enhance precision drug development
and enable closed-loop treatment systems for brain disorders. Key applications
include improving diagnostic accuracy, identifying novel biomarkers, accelerating
drug discovery through target identification and virtual screening, and predicting
patient-specific treatment responses. These Al-driven methods have the potential
to shift medicine from a one-size-fits-all model to a personalized approach, with
diagnostics and therapies tailored to individual profiles. However, realizing this
potential requires addressing significant challenges related to data access, model
interpretability, clinical validation, and practical integration.
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1 Introduction

The epidemic burden of brain diseases, encompassing conditions such as Alzheimer’s
disease (AD), Parkinson’s disease, and various brain tumors, constitutes a pressing global
health challenge. These diseases exhibit complex pathogenesis, with factors ranging from
genetic predispositions and environmental influences to multifactorial interactions leading to
neuronal degeneration and cognitive impairment (1, 2). The prevalence of such conditions
continues to rise, prompting urgent calls for better diagnostics and therapeutics. Clinical
advancements face substantial roadblocks, particularly in precision treatment and drug
development. The blood-brain barrier (BBB) significantly complicates the delivery of
therapeutic agents, leading to many drug candidates failing to penetrate effectively to their
targets (3). Moreover, the focus on singular pathological mechanisms, such as amyloid-f in
AD, has yielded limited success in drug approval (4). Central nervous system (CNS) drug
candidates are significantly more likely than non-CNS therapies to fail in clinical development,
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reflecting late-stage attrition driven by inadequate brain exposure (5).
Approval success rates for non-CNS indications are approximately
20%, whereas CNS therapeutics succeed at only 7-8% (6, 7).
Furthermore, CNS pipelines incur extended development times-20%
longer to develop and 38% longer to obtain approval compared to
non-CNS programs (8). Innovations like tailored therapies and
advanced biomarker systems are being explored, yet these solutions
raise challenges of scalability and broad applicability in diverse patient
populations (9).

The recent advancements in artificial intelligence (AI), particularly
in neural learning networks and multimodal data integration, offer
promising solutions for the challenges faced in diagnosing and
treating brain diseases. Neural networks, such as convolutional neural
networks (CNNs) and graph neural networks (GNNs), excel in
automated feature extraction and complex pattern recognition,
thereby facilitating rapid analysis of extensive and heterogeneous
datasets from neuroimaging (MRI, PET) and molecular omics studies
(10). Multimodal AT approaches enable the integration of diverse data
sources-such as clinical records, multi-omics data, and real-time
neuroimaging-enhancing the understanding of disease mechanisms
that singular modalities might overlook (11). This comprehensive data
analysis supports improved diagnostic accuracy, identification of
novel biomarkers, and the acceleration of drug discovery by
pinpointing promising therapeutic targets, ultimately paving the way
for personalized medicine tailored to individual patients (1).
Moreover, the application of Al technologies can help address the
effective interventions in

pressing need for timely and

neurodegenerative diseases, significantly enhancing patient
outcomes (12).

However, the widespread clinical adoption and practical
implementation of Al-based approaches face considerable hurdles.
Critical challenges include data standardization, privacy concerns, and
the availability of diverse datasets, which complicate the training of

robust AI models capable of generalization across various patient
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populations and clinical settings (13). Furthermore, issues
surrounding model interpretability arise, as many Al systems operate
as “black boxes,” limiting clinicians’ ability to understand and trust the
decision-making processes behind their predictions (14, 15). Rigorous
validation in real-world scenarios is essential to assess the reliability
of these models in clinical practice, where patient variability can
significantly impact outcomes (16, 17). While current discussions
largely focus on AT’ reliability and explainability, addressing these
limitations is vital to unlock the full potential of neural learning
networks and multimodal Al in precision drug development and
treatment systems for brain diseases (18). This mini-review aims to
provide a synthesized overview of the precision drug development and
closed-loop treatment system for brain diseases based on neural
learning networks and multimodal Al

2 Foundational technologies: neural
learning networks and multimodal Al

The escalating burden of brain diseases necessitates a robust
foundation for developing advanced computational strategies,
particularly in precision drug development and closed-loop treatment
systems. Central to this endeavor are neural learning networks and
multimodal Al, technologies capable of processing complex, high-
dimensional biomedical data that overwhelm traditional analytical
methods (19). Neural learning networks, encompassing a range of
architectures, provide the engine for extracting intricate patterns and
relationships from this data, while multimodal AI enables the
integration of information across diverse biological and clinical
domains, offering a more comprehensive view of disease states than
single data sources allow (20) (Figure 1).

Within the landscape of neural learning networks, several
architectures have emerged as particularly relevant to brain disease
research. CNNG, for instance, excel at processing grid-like data such
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Multimodal medical analysis framework. The breakthrough of Al diagnosis system for neurodegenerative diseases lies in the integration of
spatiotemporal MRI features and clinical trajectory data, and the recognition of non-static pathological patterns through convolutional neural
networks, which significantly improves the accuracy of dynamic tracking. CNNs, convolutional neural networks.
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as images and time-series signals (21, 22). In the context of brain
diseases, CNNs are widely applied to neuroimaging data, including
MRI and PET scans, for tasks such as lesion segmentation (23), brain
atrophy analysis (24), and classification of disease states or subtypes
(25, 26). They are also utilized for analyzing EEG/SEEG signals for
seizure detection and prediction by capturing spatial and temporal
features (27, 28). RNNs, notably Long Short-Term Memory (LSTM)
networks, are designed to handle sequential data, making them
suitable for analyzing time-series data like physiological signals (EEG/
SEEG, vocal recordings) to identify temporal dependencies crucial for
seizure prediction or tracking symptom progression (29, 30). GNNs
are powerful for learning from data structured as graphs, which is
highly applicable to biological networks such as protein-protein
interactions (PPI) (31), drug-target interactions (DTI) (32), or
relationships within knowledge graphs (KG) (33). GNNs can capture
intricate relationships between entities, providing insights into
underlying biological mechanisms and facilitating tasks like drug
repurposing (32, 34). Transformer models, characterized by attention
mechanisms, are increasingly used for their ability to weigh the
importance of different data elements and capture long-range
dependencies, finding application in sequence analysis and complex
data integration (22, 35). Generative Adversarial Networks (GANs),
while primarily known for generating synthetic data (36), are also
employed in analysis tasks, for example, in denoising medical images
or identifying complex patterns by learning underlying data
distributions (24, 37). This diverse toolkit of neural learning
architectures offers distinct advantages depending on the data
structure and the specific task at hand. Sun R et al. developed a deep
learning-based source imaging framework called DeepSIF, which
significantly improved the spatiotemporal localization accuracy of
drug-resistant focal epileptic seizure sources through synthetic
training data and clinical verification (spatial specificity reached 96%,
and spatial discreteness was only 3.80 £ 5.74 mm) (36).

The necessity for multimodal AI arises directly from the
multifaceted nature of brain diseases. No single data modality provides
a complete picture of the complex interplay of genetic, molecular,
structural, functional, and behavioral factors that drive disease
progression and affect treatment response (20, 38). Neuroimaging
techniques, such as MRI and PET, offer crucial insights into structural
and metabolic alterations in the brain, aiding diagnosis and tracking
progression (26, 39). Omics data, including genomics, transcriptomics,
and proteomics, shed light on the molecular underpinnings of disease,
identifying relevant genes, pathways, and protein alterations (33, 38).
Clinical data, ranging from patient history and symptom scales to
physiological signals and behavioral assessments (vocal, gait), capture
the phenotypic manifestations of disorders and patient responses to
interventions (30, 40, 41). Molecular data, such as drug chemical
structures and their interactions with biological targets, are
fundamental for drug discovery and repurposing efforts (31, 32).
Integrating these disparate data types through multimodal AI
techniques is crucial. Various data fusion strategies are employed,
from simple concatenation of features from different modalities to
more sophisticated deep learning architectures designed for joint
learning and integration (42, 43). Knowledge graphs (KGs) represent
a powerful framework for organizing and integrating heterogeneous
biomedical data by structuring entities (e.g., genes, drugs, diseases)
and their relationships, facilitating knowledge discovery and inference
that supports both diagnosis and drug development (32, 33). This
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comprehensive integration is seen as essential for moving toward
precision medicine, where treatment decisions are informed by a
holistic understanding of an individual’s disease based on multiple
data layers (44).

While deep learning models demonstrate impressive performance
metrics, the opacity of their decision-making processes can be a
significant barrier to clinical trust and widespread adoption.
Researchers are clearly grappling with how best to balance predictive
power with explainability, exploring techniques like attention
mechanisms or leveraging KGs not just for prediction, but for
providing biological context to those predictions. Furthermore, the
optimal strategy for integrating multimodal data appears highly
dependent on the specific task and available data, indicating that a
universal “best” approach remains elusive. Ensemble strategies, where
multiple models are trained on distinct data modalities or architecture
variants and their predictions are combined, offer a pragmatic route
to both bolster performance and enhance interpretability in clinical
settings. By aggregating outputs, ensembles not only mitigate
individual model biases and stabilize predictions across heterogeneous
inputs but also enable uncertainty quantification critical for clinical
trust (45). Moreover, task-specific ensemble designs can flexibly
accommodate varying data availability-ranging from multi-omics
profiles to imaging-thereby sidestepping the search for a one-size-
fits-all integration scheme and promoting robust, transparent decision
support (46). Future advancements may lie not in finding a single
dominant architecture or integration method, but in developing
flexible frameworks that can be tailored and validated for specific
brain diseases and clinical applications, potentially combining the
strengths of different network types and fusion strategies to address
the unique characteristics of each problem. The integration of neural
learning networks and multimodal Al into brain disease research lays
the groundwork for more accurate diagnosis, sophisticated prediction
models, and accelerated drug development.

3 AI/ML for diagnosis and prediction
of brain diseases

One prominent application area is the classification and subtyping
of brain disorders. Distinguishing between different diseases or
identifying specific subtypes within a heterogeneous condition like
Parkinson’s disease or AD is critical for tailored treatment and
improved outcomes (47, 48) (Figure 2).

Researchers have explored various strategies using neuroimaging
data. For instance, deep learning models are applied to structural MRI
(sMRI) or PET scans to classify patients into categories such as AD
versus cognitively normal controls, or to differentiate between distinct
stages or subtypes of cognitive impairment (25, 49). The theoretical
basis often involves training the network to learn hierarchical features
from the images that correlate with known pathological markers or
clinical classifications (26). Multimodal imaging data, combining
information from different MRI sequences (e.g., T1w, T2w, FLAIR) or
integrating MRI and PET, is also leveraged to improve classification
performance by providing complementary information (39, 50, 51).
The problem of high-dimensional image data is often addressed
through methods like feature extraction using pre-trained networks
or dimensionality reduction techniques before classification (52).
Similarly, in epilepsy, Al models are used to classify different types of
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FIGURE 2
“Imaging-Biomics-Clinical” three-dimensional data fusion analysis
architecture. Synergistically integrate imaging omics, multi-omics
biomarkers and clinical time series data, build a cross-modal
representation space through embedding networks, and innovatively
couple XGBoost-driven interpretable classifiers and reinforcement
learning decision modules. Not only can it achieve early detection of
Tau protein deposition in Alzheimer's disease, but it can also provide
dynamic dose optimization strategies for individualized
neuromodulatory therapies. MRI, Magnetic resonance imaging.

seizures based on EEG or SEEG signals (27, 53). Beyond imaging,
clinical data, including electronic health records (EHRs) and
behavioral assessments, are also analyzed by AI/ML models for disease
classification and subtyping, sometimes integrating linguistic
information from clinical notes using large language models (LLMs)
(40, 54). The comparison of different approaches in the literature
highlights ongoing efforts to optimize network architectures and data
fusion strategies for maximum diagnostic accuracy across various
disease contexts (25).

The identification and discovery of biomarkers is another key area
where AI/ML is making significant inroads. Biomarkers, whether
imaging-based, molecular, or clinical, are essential for early detection,
tracking disease progression, and providing targets for therapeutic
intervention (21, 38). AI/ML models are used to identify imaging
biomarkers such as patterns of brain atrophy in AD or Parkinson’s
disease from MRI (55). Techniques like GANSs can be used to synthesize
normative brain images, and the difference between a patient’s scan and
the synthesized norm can highlight individualized pathological
changes, acting as a biomarker (24). Quantitative image analysis
methods, often powered by deep learning for tasks like segmentation
or feature extraction, are used to derive precise metrics from images
that serve as biomarkers (52). For molecular biomarkers, AI/ML
models, particularly those using KGs, analyze large-scale omics datasets
to identify genes, proteins, or other molecular entities by predicting
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their association with disease risk or progression (33, 38). Clinical
biomarkers, such as those derived from vocal or gait analysis, are also
identified and analyzed by AI/ML models, often combining different
types of clinical data to improve detection of conditions like Parkinson’s
disease (30, 56). The theoretical basis for biomarker identification often
relies on the AI model’s ability to learn features that strongly correlate
with disease status or outcome, providing a data-driven approach to
complement traditional hypothesis-driven research (57).

Predicting disease progression and patient prognosis is a crucial
aspect of personalized medicine and clinical trial design. AI/ML models
are developed to forecast the likelihood and timing of disease progression
or to predict outcomes after interventions (e.g., seizure freedom after
surgery, recovery from stroke) (58). Survival analysis methods, often
combined with deep learning, are employed to predict time-to-event
outcomes based on clinical, imaging, or molecular data (51, 59). For
complex outcomes like seizure freedom after epilepsy surgery, Al models
analyze multimodal data including neuroimaging and SEEG recordings
to predict the success of surgical resection based on features related to
the seizure onset zone (SOZ) and its connectivity. The prediction
accuracy was improved by up to 40%, with the best algorithm achieving
96%/94%/96% prediction accuracy for core/expressive/receptive domain
language improvement 2 months after surgery in an independent
validation cohort (60, 61). Risk prediction models for conditions like
stroke or atrial fibrillation recurrence are developed using AI/ML to
analyze a variety of risk factors from clinical records and other data
sources (62, 63). The problem of high-dimensional or imbalanced data
in prediction tasks is addressed through techniques like feature selection
algorithms or hybrid resampling techniques integrated into the AI
framework (64, 65). Different modeling approaches, such as ensemble
models or deep neural networks with attention mechanisms, are
compared for their ability to improve prediction accuracy and provide
interpretable insights into the factors driving outcomes (44).

There’s a notable diversity in the specific Al approaches and data
combinations being explored, suggesting that no single “silver bullet”
solution has yet been identified. One viewpoint emphasizes the power of
deep learning to learn features directly from raw data, particularly
imaging, arguing that complex patterns invisible to human eyes or
traditional feature engineering methods can be captured effectively. An
alternative perspective highlights the importance of incorporating prior
biological knowledge, often through KGs or network-based approaches,
believing that grounding the AI in known biology enhances
interpretability and guides discovery. The integration of AI/ML into the
diagnosis and prediction of brain diseases marks a significant step toward
more precise and individualized patient care. By leveraging the power of
neural learning networks and multimodal data analysis, researchers are
developing tools capable of earlier and more accurate diagnosis,
identification of critical biomarkers, and improved prediction of disease
progression and treatment outcomes. The diversity of approaches, from
deep learning on neuroimaging and omics data to network-based
analysis and clinical prediction models, reflects the complexity of the
diseases being studied and the active pursuit of optimal solutions.

4 Al/ML for precision drug
development for brain diseases

A core approach in Al-driven drug discovery for brain diseases is
the construction and analysis of KGs. Biomedical KGs integrate vast
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amounts of heterogeneous data from diverse sources, including genes,
diseases, drugs, pathways, and clinical information, into a structured
format that facilitates knowledge discovery and inference (32, 33).
Projects like TarKG and AlzKB have specifically focused on building
comprehensive KGs tailored for target discovery and drug repurposing
in AD, integrating data from public databases, literature, and
traditional medicine knowledge bases (66, 67). PharmKG provides a
broad, multi-relational KG for various biomedical entities to support
data mining tasks (68). The theoretical basis for using KGs lies in their
ability to represent complex relationships that are difficult to capture
with traditional matrix-based methods. Biomedical KGs, such as
TarKG and AlzKB, are analyzed using GNNs to predict new drug-
target interactions and identify candidates for repurposing (34, 69).
This allows researchers to identify potential drug candidates and
therapeutic targets by exploring the network structure and inferring
connections based on existing knowledge (34). Some studies have
highlighted the utility of incorporating additional information, such
as pre-trained text embeddings from LLMs, to enhance the semantic
richness of KG representations and improve link prediction
performance (69). The insights gained from KG analysis can include
identifying mechanisms of drug action, predicting adverse drug
reactions, and suggesting novel drug candidates or targets (70).

Another crucial application is the identification of therapeutic
targets. Brain diseases are often characterized by complex molecular
mechanisms, and identifying the key proteins or pathways involved is
essential for developing targeted therapies (33, 38). AI/ML models,
can capture the interplay between different molecular layers, providing
a more complete picture than analyzing each omics data type in
isolation (71). Network-based approaches, often combined with deep
learning, analyze the relationships between molecular entities (genes,
proteins, metabolites) in disease-specific networks to prioritize
potential targets (72). Examples from the literature include identifying
targets for neurodegenerative diseases like DLK and JNK3 or
exploring the roles of specific proteins like CD33 in AD (73-75). The
theoretical basis here often involves identifying nodes or pathways
within the network that are central or highly connected to disease-
related entities, suggesting their importance as potential therapeutic
targets (72).

Beyond target identification, AI/ML is transforming the process
of molecular design and screening to find potential drug candidates.
Virtual screening, using AI/ML models to predict the binding affinity
of large libraries of compounds to a target protein, allows for rapid
filtering of millions of potential drug candidates before costly
experimental testing (76, 77). Deep learning models are trained on
data of known DTTs, learning patterns in molecular structures that
predict binding (78). These computational predictions are often
complemented by molecular docking simulations, which model the
physical interaction between a drug molecule and its target protein,
providing structural insights into binding (76). Some studies integrate
deep learning with molecular docking or dynamics simulations to
improve the accuracy of binding prediction and identify promising
candidates (31, 73). Generative models represent a more advanced
application, using deep learning to design entirely new drug molecules
with desired properties, such as targeting specific proteins or crossing
the blood-brain barrier, rather than just screening existing libraries
(79, 80). Predicting drug properties like BBB permeability is crucial
for CNS drugs, and AI/ML models have shown high accuracy in this
task (81). Evaluating potential toxicity and other ADMET properties
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early in the process using AI/ML helps to filter out problematic
candidates, reducing later stage failures (35, 82). The theoretical basis
for these molecular design and screening approaches often relies on
AT’s ability to learn complex relationships between molecular structure
and biological activity or properties. The computational predictions
generated by these AI/ML methods are then validated experimentally
using in vitro or in vivo assays to confirm their therapeutic potential
(77). Case studies highlighting the discovery of specific compounds
or the validation of predicted targets demonstrate the practical
applicability of these AI-driven workflows (83, 84).

AlzKB is a publicly accessible knowledge graph integrating
118,902 entities and 1,309,527 relationships, including genes, proteins,
compounds, and phenotypes, enable AI-driven drug repurposing for
AD. By applying graph-based machine learning and link-prediction
algorithms, investigators have identified novel therapeutic targets
through similarity measures between AD and Parkinson’s disease
subgraphs, highlighting candidate repurposed drugs for further
validation (67).

Reflecting on the diverse landscape of AI/ML applications in brain
disease drug development, the inherent difficulty of conventional drug
discovery for these complex conditions has spurred a remarkable
surge in creative computational approaches. It’s particularly striking
to observe the interplay between data-driven discovery, relying on Al
to find patterns in vast datasets, and knowledge-guided methods,
which seek to embed existing biological understanding into the AI
models. Is the most effective path one that lets the AI find completely
novel associations, or one that uses Al to more efficiently search
within a biologically plausible space? The literature suggests a complex
answer, often highlighting the strengths of hybrid approaches that
combine data-driven insights with biological constraints or leverage
KGs to provide context to purely pattern-based findings. This tension
is understandable; while pure data-driven models can uncover
unexpected connections, their predictions may lack biological
interpretability, hindering translation. Conversely, relying too heavily
on existing knowledge might limit the discovery of truly novel
therapies. The continuous cycle of computational prediction followed
by experimental validation, as described in several studies,
underscores the iterative nature of this process and the essential
partnership between Al and traditional methods. Furthermore, the
focus on drug repurposing, while practical, also raises questions about
whether existing compound space is sufficient to address the
fundamental complexities of these diseases, or if de novo molecular
design powered by generative Al will be required to unlock truly
transformative therapies. Both paths are being actively pursued, which
reflects the multifaceted potential of Al in this crucial field as well as
the pressing need for efficient treatments.

The integration of AI/ML tools for drug development is also
increasingly focused on enabling precision medicine, tailoring
therapies to individual patient profiles. Insights gained from diagnosis
and prediction models, particularly those identifying disease subtypes
or individual risk factors, can inform the drug discovery process (44).
Al models can predict the efficacy of specific drugs for individual
patients based on their unique clinical, genetic, or molecular profiles
(85). This represents a significant progress from a one-size-fits-all
approach to a more personalized strategy for therapeutic intervention.
The ability to link identified targets, candidates, or predicted drug
properties back to patient-specific data is a crucial step toward
delivering on the promise of precision medicine for brain diseases (38).
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5 Al/ML for closed-loop treatment
systems and personalized medicine

One of the main objectives of brain disease research is to convert
diagnostic and predictive insights into efficient therapeutic
interventions and individualized patient care. Beyond merely
identifying disease states, Al and ML are being used more and more
to close this gap by directly influencing or even automating treatment
plans. A crucial frontier is the shift to closed-loop systems and
personalized medicine, which seeks to maximize results by
customizing interventions to each patients distinct biological and
clinical characteristics.

The use of AI/ML to forecast treatment response and suggest the
best treatments is one important application. For conditions like
epilepsy, recent studies trained CNNs to predict the likelihood of
seizure freedom following surgery or the effectiveness of specific
antiseizure medications based on patient data, including clinical
history, neuroimaging, and even genetic information (86, 87). These
models aim to assist clinicians in selecting the most appropriate
treatment from the outset, potentially reducing the need for trial-and-
error approaches and improving patient outcomes (86, 87). Similarly,
in Parkinson’s disease, Al models are used to predict outcomes of deep
brain stimulation (STN-DBS) based on multimodal data fusion,
supporting personalized treatment planning (88). Predicting disease
progression using AI/ML can also inform personalized
recommendations, guiding medical practitioners on interventions to
mitigate or postpone the effects of conditions like AD (59). The
theoretical basis for these predictive models often involves learning
complex, non-linear relationships between diverse patient features
and treatment outcomes, leveraging the pattern recognition
capabilities of deep neural networks and multimodal fusion techniques.

Enabling truly personalized treatment involves leveraging the
wealth of data generated by AI/ML for a detailed understanding of an
individual’s disease. Identifying specific molecular subtypes of
Parkinson’s disease using multi-omics data analyzed by Al can guide
the selection of therapeutic targets for drug repurposing (32). AI/ML
models are also used to optimize drug development strategies
specifically for neurodegenerative diseases by integrating drug-target
information into models that predict potential therapeutic agents (89,
90). The concept extends to the design of drug delivery systems, where
Al 'models can predict promising nanoparticle-drug combinations for
neurodegenerative diseases, tailoring the delivery strategy to enhance
efficacy and safety (91). Frameworks that integrate diagnosis,
prediction, and drug recommendation within a unified Al architecture
are being explored to provide a comprehensive approach to
personalized management (21). Multimodal reinforcement learning
is also being investigated to optimize medication recommendations
in Parkinson’s disease based on diverse data modalities, aiming to
assist clinicians in making informed decisions about tailored
medication regimes (92). This emphasizes that personalization goes
beyond simply predicting a general outcome; it involves understanding
the individual’s specific disease manifestations and predicting how
they will respond to different therapeutic options at a granular
level (93).

The vision of closed-loop treatment systems represents the
ultimate application of AI/ML in patient management, where Al goes
beyond providing decision support to directly influencing therapeutic
interventions in real-time. While still largely in the research phase for
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many brain diseases, the concept involves continuous monitoring of
a patient’s state using physiological sensors (e.g., EEG, gait sensors),
real-time analysis of this data by AI models to detect changes or
predict events (e.g., seizures, “wearing off” periods), and automated
adjustment of therapy (e.g., electrical stimulation, potentially
medication delivery) based on the AT's assessment (94-96). Adaptive
deep brain stimulation (aDBS) in Parkinson’s disease serves as a
prominent example, where AI analyzes neurophysiological
biomarkers from implanted electrodes to adjust stimulation
parameters dynamically (97). The theoretical basis involves training
AI models to recognize specific physiological states or predict
impending events from sensor data with high accuracy and low
latency, enabling timely intervention (96, 97). Wearable sensors
integrated with AI for real-time monitoring of symptoms like gait
abnormalities or physiological states in Parkinson’s disease are being
developed with the potential to inform automated or clinician-
guided adjustments (94, 96). Similarly, real-time seizure detection
from EEG using energy-efficient neural networks is explored for
low-power wearable or implantable devices, which could form a
component of a closed-loop system for epilepsy management (22,
41). The long-term goal is to create systems that can continuously
monitor, analyze, and respond to a patient’s condition, providing
precise, individualized therapy with minimal human oversight,
particularly for conditions characterized by unpredictable
fluctuations or acute events.

Adaptive deep brain stimulation (aDBS) exemplifies how closed-
loop systems integrate AI/ML to tailor neuromodulatory therapy.
These systems continuously monitor biomarkers, such as local field
potentials and tremor metrics, to adapt stimulation parameters in real
time, thereby reducing side effects and improving battery longevity
(98, 99). In parallel, wearable EEG-based systems employ machine
learning algorithms for ongoing electrophysiological monitoring and
dynamic adjustment of therapeutic interventions. For instance, a
study using a closed-loop wearable ultrasound DBS system based on
EEG in mice provided promising data regarding seizure control,
underscoring the potential for personalized treatments (100).
Additionally, advances in integrated wearable EEG-fNIRS technology
further support the development of responsive, patient-specific
modalities that enhance clinical outcomes (101). A prominent clinical
exemplar is Medtronic’s Percept™ PC implantable pulse generator,
which utilizes BrainSense™ technology to chronically record neural
signals and implement adaptive DBS algorithms in Parkinson’s disease
and epilepsy, illustrating the translation of Al-driven closed-loop
therapies into practice (8, 45).

However, real-world clinical adoption faces notable barriers such
as latency, false positives, and battery life. Systems developed for
seizure forecasting using weak self-supervised learning have reported
high false positive rates, which not only risk unnecessary stimulations
but also significantly impact the battery longevity of implanted devices
(102). Battery constraints indeed become critical when frequent false
alarms lead to excessive energy consumption, as illustrated in studies
on absence seizure controllers (103) and efficient reservoir computing
systems (104). Achieving ultra-low latency is essential for timely
intervention; recent advancements in neuromorphic networks have
(105),
neuromodulation devices emphasize low-latency signal extraction

achieved millisecond-scale detection and wireless

(106). However, ensuring consistent performance in clinical
environments remains a challenge. Addressing these issues through
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improved algorithmic precision and energy-efficient hardware is
crucial for advancing personalized, closed-loop therapies.

While studies demonstrate ADs ability to predict states like
Parkinson’s “on” or “off” periods or impending seizures with high
accuracy, the decision to automatically deliver a therapy based on
these predictions involves a level of trust and accountability that
current models, despite their performance, may not fully warrant.
How do we ensure the safety and reliability of Al in triggering
interventions, particularly when rare or unexpected events occur?
How do we design systems that allow for human oversight and
override when necessary? The debates implicitly present in the
literature suggest that while the technical feasibility of closed-loop
systems is advancing rapidly, the ethical frameworks, regulatory
pathways, and clinical integration strategies required to ensure their
safe and effective use in high-stakes brain disease management are still
very much under development. Moving forward, it seems imperative
that the conversation extends beyond algorithmic performance
metrics to encompass the socio-technical aspects of deploying Al that
interacts directly with human physiology, ensuring that these powerful
tools augment, rather than replace, the essential human element
of care.

By leveraging AI for treatment prediction, medication
recommendation, and dynamic therapeutic adjustments, researchers
are paving the way for more effective and individualized patient care
(120). While promising systems like aDBS demonstrate the early
potential of closed-loop approaches, challenges related to clinical
validation, regulatory approval, and building trust in automated
interventions remain.

6 Challenges and limitations

Despite the transformative potential of AT and ML for advancing
diagnosis, prediction, drug development, and personalized treatment
in brain diseases, significant challenges and limitations persist that
temper the pace of translation into widespread clinical practice. These
hurdles are multifaceted, spanning issues related to the data used to
train and validate models, the models themselves, and the complex
environment of clinical integration and regulatory oversight.
Addressing these challenges is paramount for the responsible and
effective deployment of Al in this high-stakes domain.

A primary set of challenges revolves around data. Brain diseases
are inherently complex, and capturing their heterogeneity requires
large, diverse datasets, which are often difficult to acquire and share
due to ethical considerations, institutional policies, and the variability
in data acquisition protocols across different centers (43, 64). The
heterogeneity extends to the data modalities themselves; integrating
disparate types like neuroimages, omics data, and clinical records,
each with its own format, resolution, and inherent noise, presents
considerable technical hurdles (20). Standardizing data collection and
annotation is a labor-intensive process, and the quality of available
data can be inconsistent, impacting model performance (52).
Furthermore, many brain diseases, particularly rare conditions or
specific subtypes, suffer from data scarcity and class imbalance,
making it difficult to train robust models that perform well on
underrepresented patient groups (30, 64). The need for real-time or
near-real-time analysis in applications like seizure detection or closed-
loop treatment systems further complicates data handling, requiring
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efficient pipelines for data acquisition and processing (41). Privacy
and security are paramount concerns when dealing with sensitive
patient data, necessitating robust data governance frameworks and
potentially privacy-preserving techniques like federated learning to
enable multi-site collaboration without centralizing raw data (107).
The absence of standardized, large-scale, well-annotated multimodal
datasets remains a significant impediment to developing and
validating AT models that can generalize effectively across diverse
patient populations and clinical settings.

Challenges related to the AI/ML models themselves are also
considerable. One of the most frequently cited limitations is the lack
of interpretability and explainability of complex deep learning models
(56, 108). Often referred to as “black boxes,” these models can provide
highly accurate predictions or classifications, but their internal
decision-making processes are opaque (56). This lack of transparency
poses a significant barrier to clinical trust and adoption, as clinicians
need to understand why a model makes a particular reccommendation
or prediction to integrate it into patient care, especially for high-stakes
decisions like surgical planning or drug prescription (108). While
methods like attention mechanisms or leveraging KGs can enhance
interpretability (41, 109), achieving full explainability that satisfies
clinical requirements remains an active area of research (108).
Generalizability is another critical challenge; models trained on data
from one site or population often perform poorly when applied to data
from different sources due to variations in data acquisition, patient
demographics, or disease presentation (27). Developing robust models
that can adapt to these variations or perform effectively on unseen
data is essential for widespread clinical utility (41). Scalability and
computational efficiency are also important considerations,
particularly for real-time applications or analyzing massive datasets.
While some models are designed for energy-efficient hardware (110),
deploying complex multimodal AI models at scale can
be computationally demanding.

Several studies have noted that models with high internal
predictive accuracy (exceeding 80%) often perform poorly when
externally validated, with accuracy sometimes dropping below 70%
(111). For instance, an AI/ML-derived whole-genome predictor for
glioblastoma experienced issues of overfitting and lack of
generalizability, highlighting challenges in replicating performance in
prospective trials (112). Similarly, organoid models used to simulate
patient-specific responses can demonstrate considerable inter-patient
variability, which current algorithms may not fully account for,
contributing to subsequent trial failures (113). In neurodegenerative
drug research, preclinical models continue to expose the risks of
relying solely on internal metrics, as overfitting has been linked to
high attrition rates in later-stage trials (114).

Algorithmic bias in precision drug development for brain diseases is
asignificant concern, as biased models have been shown to underperform
by 15-20% for underrepresented populations, potentially leading to
misestimated drug efficacy and safety (115). Federated learning emerges
as a promising strategy by enabling decentralized model training across
multiple institutions, thereby increasing dataset diversity and addressing
privacy concerns that can exacerbate bias (115). Concurrently,
explainable artificial intelligence (XAI) methods are pivotal for making
complex machine learning (ML) decisions transparent, which facilitates
the detection and mitigation of systemic biases affecting marginalized
groups (115). The U. S. Food and Drug Administration’s AI/ML Software
Action Plan further underscores the need for regulatory oversight,
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ensuring adaptive systems are validated on heterogeneous populations
and maintain robust performance over time (116, 117).

The path to integrating AI/ML technologies into clinical practice
and regulatory frameworks for brain diseases is fraught with its own
set of challenges. Rigorous clinical validation is a non-negotiable step,
requiring large-scale, prospective trials to demonstrate the real-world
efficacy, safety, and clinical utility of Al-based tools (86, 118). The
discrepancy sometimes observed between performance on internal
validation datasets and external validation highlights the importance
of testing models in diverse clinical settings. Regulatory bodies are still
developing frameworks for evaluating and approving AI/ML-based
medical devices, and the dynamic nature of some Al models that learn
and adapt over time poses particular challenges for traditional
approval processes (19, 118). Building clinical trust and ensuring clear
accountability when Al is used to inform or directly influence patient
care is also crucial (118). The acceptance of Al tools by clinicians
depends not only on performance but also on usability, interpretability,
and seamless integration into existing clinical workflows. Overcoming
these barriers requires interdisciplinary collaboration between AI
researchers, clinicians, data scientists, and regulatory experts to ensure
that Al is developed and deployed responsibly and effectively.

Brain data often involves highly sensitive personal health
information, such as neuroimaging scans, cognitive assessments, and
even psychological states. Improper handling could cause significant
ethical and privacy violations. Regulations like the EU’s General Data
Protection Regulation (GDPR) and the US Health Insurance
Portability and Accountability Act (HIPAA) establish frameworks for
data use and protection (119). They require Al systems to embed
compliance mechanisms-including data minimization, encrypted
storage, audit trails, and informed consent processes-during design
and application phases.

In brain disease diagnostics, the lack of transparency in black-box
models limits physicians’ trust and adoption. This has driven
widespread use of explainability techniques like SHAP, LIME, and
Grad-CAM. Regulators increasingly require developers to clarify
decision logic, particularly in high-risk scenarios. The US FDA and
EU CE certification frameworks now oversee Al medical software,
with FDA’s “Software as a Medical Device (SaMD)” guidelines and AI/
ML lifecycle management recommendations outlining paths for
registration, modification, and ongoing monitoring.

However, current certification processes primarily address static
models. For AT systems with continuous learning capabilities, robust
mechanisms for dynamic risk assessment and version tracking remain
underdeveloped. These models self-optimize using new post-
deployment data, risking “drift” that may invalidate original validation
outcomes. Consequently, regulators are exploring “change protocol”
mechanisms to log, review, and revalidate parameter updates.

The inherent complexity of brain diseases demands equally
complex, data-intensive AI models, yet the very complexity that
enables predictive power can undermine the interpretability,
generalizability, and clinical trust essential for real-world impact. There
is a visible struggle to balance the promise of cutting-edge performance
with the need for models that are robust, fair, and understandable to
both clinicians and patients. The varied attempts to address these
issues-from developing novel model architectures to enhancing data
fusion techniques or focusing on interpretability methods-reflect a
field actively grappling with how to harness the power of Al
responsibly. The disparities in reported performance across studies,
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even for seemingly similar tasks, underscore the sensitivity of these
models to data characteristics and validation protocols. This variability
is not a sign of failure, but rather a reflection of the field’s immaturity
and the deep, complex problems it is trying to solve. The path forward
requires a frank acknowledgment of these limitations and a concerted
effort to build not just more powerful algorithms, but also the
necessary infrastructure, standards, and collaborative frameworks that
can support the rigorous development, validation, and responsible
deployment of Al in brain disease research and clinical care.

7 Future directions

The journey toward fully realizing the potential of Al in brain
disease research and clinical care is ongoing, with numerous
promising avenues for future exploration. The reliance on large, high-
quality, and diverse datasets for training robust AI models necessitates
significant effort in standardizing data collection protocols and
establishing secure, collaborative data-sharing platforms. Future
directions will involve developing innovative approaches for federated
learning and other privacy-preserving techniques that allow AI
models to be trained on distributed datasets without compromising
patient confidentiality. Furthermore, research will continue to explore
methods for handling data heterogeneity, noise, and imbalance to
ensure that AT models are robust and generalizable across diverse
patient populations and clinical settings.

The development of truly closed-loop treatment systems represents
a long-term goal that requires continued research and technological
advancements. While current systems in areas like adaptive deep brain
stimulation demonstrate early potential, future efforts will aim to create
more sophisticated systems that can continuously monitor a wider
range of physiological and behavioral signals, predict impending events
with higher accuracy and lower latency, and automate therapeutic
adjustments in a safe and effective manner. This involves developing
energy-efficient Al models that can operate on wearable or implantable
devices, as well as establishing robust feedback control mechanisms
that can dynamically adjust interventions based on the ATI's real-time
assessment of the patient’s state. Wearable biosensors for sleep and
heart rate variability monitoring are emerging research frontiers for
enabling real-time physiological feedback in closed-loop therapeutic
systems. The integration of multi-omics data into these closed-loop
systems could also provide more personalized and precise therapeutic
adjustments, tailored to the individual’s unique biological profile.

The rapid evolution of Al technology itself will continue to drive
future directions. Researchers will explore the application of novel AI
architectures and techniques, such as advanced generative models for
drug design or new forms of GNNs for analyzing complex biological
networks, to address previously intractable problems in brain disease
research. The potential of using Al to explore less-studied aspects of
brain diseases, such as the interplay between different neurological
conditions or the impact of environmental factors on disease risk, also
represents a fertile ground for future research.

8 Conclusion

This review highlights the transformative potential of AT and ML
in addressing complex brain diseases. By leveraging neural learning
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networks and multimodal A researchers can analyze diverse datasets
from neuroimaging, genomics, and clinical records to uncover
previously unattainable insights. Key advancements include improving
diagnostic accuracy, discovering biomarkers for early detection, and
accelerating precision drug development through methods like
knowledge graph analysis and virtual molecular screening. Al is also
paving the way for personalized medicine by predicting individual
treatment responses and enabling adaptive closed-loop systems, such
as adaptive deep brain stimulation. The core contribution of these
technologies is their ability to decipher complex patterns and integrate
heterogeneous data, guiding clinical decisions and drug discovery
with enhanced precision.

However, significant challenges hinder widespread clinical
adoption. Critical issues include data acquisition, standardization, and
privacy. The “black box” nature of many deep learning models creates
obstacles for clinical trust and regulatory approval, highlighting the
need for more interpretable Al Furthermore, ensuring models are
generalizable across diverse populations, mitigating algorithmic bias,
and conducting rigorous prospective clinical validation are essential.
Future work must focus on creating robust and transparent Al,
fostering collaboration to build high-quality multimodal datasets, and
developing clear regulatory pathways. Overcoming these hurdles is
crucial to fully realize AT’s potential to usher in a new era of precision
neuroscience and improve care for patients with brain diseases.
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