


AI-Driven Detection of Inherited Neurological Disorders Using Genomic and Multi-Omics Data
ABSTRACT:
Advances in Genomics and Multi-Omics Technology have opened new opportunities to understand the molecular basis for genetic forms of neurological disorders than ever before, the scale (size), heterogeneity (differences), and complexity of these databases create challenges for analytical approaches. To meet these challenges, Artificial Intelligence (AI) and Machine Learning (ML) have emerged as effective tools for integrating and analyzing large datasets across different omics. This systematic review summarises current evidence related to AI-based methods for detecting, classifying, and interpreting inherited forms of neurological disease using Multi-Omics data. The review demonstrates that the use of AI algorithms, especially Deep Learning and Graph-Based Frameworks, consistently outperforms traditional statistical methods in identifying disease-causing genetic variants (variant prioritization), predicting disease risk (disease prediction), and determining the relationship between genotype and phenotype (genotype-phenotype association). Integration of different omics was shown to significantly improve diagnostic accuracy and biological understanding when compared to using only one type of Omics, thereby allowing for better disease stratification (categorization) and earlier detection. Explainable AI techniques are being increasingly incorporated into models to provide transparency (i.e., explanation) for the model output and improve the ability of clinicians to interpret the output given their own context, which is a significant barrier for the translational implementation of these models. Nonetheless, there remain significant limitations, such as small sample sizes for many rare genetic disorders, the heterogeneous nature of the data (i.e., differences in the way data is collected and processed) across platforms, limited external validation of the results, and ethical issues related to data privacy and algorithmic bias. Nevertheless, critical limitations persist, including small sample sizes for rare disorders, data heterogeneity across platforms, limited external validation, and ethical concerns related to data privacy and algorithmic bias. This review highlights emerging solutions, such as federated learning, standardized data harmonization pipelines, and clinically guided model development, as pathways toward more robust and generalizable applications. Overall, AI-enabled integration of genomic and multi-omics data represents a promising paradigm for precision neurology, with the potential to shorten diagnostic timelines, improve risk prediction, and support personalised therapeutic strategies for inherited neurological disorders.
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1. INTRODUCTION:
Biomedical investigation is transforming with the coming together of artificial intelligence (AI) and genomic / multi-omic technologies, particularly regarding the identification and diagnosing of inherited neurological diseases at their earliest stage. These disorders encompass a wide variety of diseases, from Alzheimer’s and Parkinson’s to different types of epilepsy and hereditary ataxias [1]. They are all characterized by a highly complex genetic architecture that comprises many different genes, as well as numerous interactions across many molecular pathways [2]. Traditional diagnostic resources are unable to assess the full extent of present knowledge, meaning that the time from when an individual presents with symptoms until they receive an accurate diagnosis may be substantially lengthened, with both limited treatment options available to the affected individual as a result of the complexity of the disorder itself [3]. The connection between AI and Multi-Omic analytics has enabled researchers to develop new pathways to identify training and/or progression biomarkers, estimate disease-specific genetic risk, or describe the molecular mechanisms associated with neurodegenerative and neurodevelopmental disorders [4]. AI-Informed systems utilizing genomics, transcriptomics, proteomics, metabolomics, and epigenomics all possess the capacity to process and analyze large-scale datasets, which provide multiple views of the etiology of many conditions, developing a foundation for precision neurology and personalization in modern medicine [1]. 
Because of the high variability of genetic mutations that cause inherited disorders, as well as the similarities in clinical expression between disorders, it is more challenging for clinicians to identify these disorders accurately. For example, mutations in multiple genes may produce similar clinical presentations, while a mutation in a single gene may produce diverse presentations among different patients [5]. The use of genomic technology, such as Whole-Genome Sequencing (WGS) and Whole-Exome Sequencing (WES) has allowed for the discovery of many of the pathogenic variants associated with these disorders. However, to this point, genomic data has been difficult to interpret and time-consuming for clinicians to analyze, requiring highly complex analytical methods to find biologically meaningful patterns within the high-dimensional, noisy data [6]. The application of Artificial Intelligence (AI), in particular, the use of Deep Learning (DL) and Machine Learning (ML), has shown great promise in analysing genomic data and identifying patterns or correlations that are not immediately apparent to clinicians. AI-based methods will not only enhance the prioritization of pathogenic variants and the identification of novel disease-causing genes, but also enable the prediction of disease development, disease progression, and response to therapy in patients with inherited neurological disorders [2].
The use of multi-omics data with AI technology allows for the analysis of data beyond genomic information by enabling scientists to include many different types of biological information to examine molecular gene dysfunction in humans suffering from neurological disorders [7]. This allows the construction of a comprehensive molecular profile of a neurological disorder by connecting all known mutations associated with a disorder to the downstream cellular and molecular effects of that mutation [8]. Gene expression patterns identified through transcriptomic analysis can also identify genes associated with neuronal dysfunction. Proteomic analysis has provided detailed information regarding disrupted cellular pathways, and metabolic alterations are identified through metabolomic analyses [9]. AI utilizes advanced graph techniques and deep learning architectures, such as transformer networks, to create unified predictive models incorporating multiple-omic streams of information that reflect the complex molecular environment of inherited neurological disorders [11]. These systems can also assist with identifying subtypes of a disease and, therefore, provide a mechanism to appropriately stratify patients for personalized treatment options by utilizing the principles of precision medicine [3]. Early and precise detection is vital for implementing preventative measures and assisting effectively in treating Neurodegenerative disorders and Neurodevelopmental disorders [12]. Artificial Intelligence has demonstrated great potential in detecting unique biological indicators that signal the probability of clinical symptoms, which could pave the way to pre-symptomatic diagnosis and preventive treatment [13]. An example of this is using AI-enhanced analyses of multi-omics data to aid in finding new biomarkers for Alzheimer’s disease and Parkinson’s disease, including changes in how proteins are folded and how the body metabolizes certain foods. AI-Multi-Omic-Based Profiling of Rare Genetic Conditions (Supported By the Use of Non-Invasive Ghost Testing) can help in the early diagnosis of Rare Genetic Disorders (Examples include Spinal Muscular Atrophy and Huntington Disease) compared to the timeframes at which they would otherwise manifest clinically [14]. Furthermore, as liquid biopsies are becoming more common, the expansion of liquid biopsies using AI will allow for real-time monitoring of patients experiencing neurodegeneration [1]. AI-assisted genetic analyses of genetically uncharacterized variants (VUS) may soon clearly indicate new ways for the systematic interpretation of the VUS in relation to function, which have long been a major bottleneck in clinical genetics [15]. Machine learning techniques that leverage sequence conservation data, structure prediction of proteins, and gene expression profiles are able to accurately determine the probability of a pathogenic classification of a VUS. Researchers have also utilized deep learning methods based on data from multi-omics datasets for the purpose of constructing models of gene regulatory networks and identifying key transcription factors involved in neural degeneration. These models also lead to improved likelihoods for prioritizing experimental gene validation as well as identifying targets for drug development, thus speeding up the current process of translational research [4]. By learning from large-scale patient datasets, these models can identify disease patterns that are imperceptible to human experts, leading to more consistent and objective diagnoses. Moreover, explainable AI (XAI) frameworks are being developed to enhance interpretability and trust in clinical decision-making, ensuring that algorithmic predictions align with biological and pathological knowledge. The integration of such explainable systems is critical for translating AI-driven discoveries into actionable clinical tools that can guide personalized treatment plans and improve patient outcomes [2] Despite these breakthroughs, several challenges persist in realizing the full potential of AI-driven detection of inherited neurological disorders [16]. Data heterogeneity, incomplete annotations, and limited sample sizes hinder the generalizability of AI models. Moreover, ethical concerns related to data privacy, algorithmic bias, and equitable access to AI-based diagnostics must be addressed to ensure responsible implementation. Standardizing data collection protocols, developing interoperable databases, and fostering transparent, interpretable AI systems are essential steps toward overcoming these barriers. Collaborative frameworks that integrate clinicians, computational biologists, and data scientists will also play a pivotal role in ensuring that AI-based multi-omics tools are both scientifically robust and clinically relevant [1]. 
The rapid expansion of high-throughput sequencing and multi-omics technologies has generated vast, complex, and high-dimensional datasets that exceed the analytical capacity of conventional statistical and rule-based bioinformatics approaches [17]. In this context, artificial intelligence (AI), encompassing machine learning (ML) and deep learning (DL), has emerged as a transformative paradigm in genomic medicine [3]. AI-driven methods are uniquely suited to uncover non-linear relationships, subtle patterns, and hidden interactions across genomic, transcriptomic, epigenomic, proteomic, and metabolomic layers that are often imperceptible to traditional analyses [18]. In genomic medicine, AI has enabled significant advances in variant calling, pathogenicity prediction, and gene–disease association discovery, particularly for rare and inherited neurological disorders characterized by extensive genetic heterogeneity and phenotypic overlap [19]. Supervised and unsupervised learning models can integrate diverse data modalities with clinical phenotypes, improving diagnostic yield and reducing the prevalence of variants of uncertain significance [4, 5]. Deep learning architectures, including convolutional and transformer-based models, further enhance the interpretation of raw genomic sequences by learning hierarchical representations directly from data, minimizing reliance on handcrafted features [21]. Beyond diagnosis, AI facilitates patient stratification, risk prediction, and disease subtyping, supporting the transition toward precision neurology. Importantly, the growing emphasis on explainable AI has begun to address clinical concerns regarding model transparency and trust, thereby accelerating the translation of AI-powered genomic tools into real-world neurological practice.
2. Methodology:
2.1. Protocol Registration and Reporting Standards
The systematic review presented here meets the standards set forth by the PRISMA 2020 Guidelines to guarantee that it uses an approach that is rigorous, transparent, and replicable. In addition, a protocol for conducting this systematic review was developed prior to beginning work on this systematic review. The protocol detailed the key objectives, eligibility criteria, search strategy, and data extraction framework that will guide the systematic review. Further, the protocol can be registered in the PROSPERO International Prospective Register of Systematic Reviews (PROSPERO). This registration helps ensure that the systematic review is not influenced by prior knowledge of results and allows for greater accountability for the methodological approach of conducting the review.
2.2. Literature Search Strategy
To identify interdisciplinary studies between artificial intelligence, genomics, and inherited neurological disorders, a thorough and structured literature review was conducted on multiple electronic databases: PubMed/MEDLINE, Scopus, Web of Science, IEEE Xplore, and Embase. Searches included all articles published in each of the above databases since their inception to date. Controlled vocabulary (e.g., MeSH) and free-text keywords were combined and included, among other things, the following areas: artificial intelligence, machine learning, deep learning, genomics, multiomics, and inherited neurological disorders. Boolean operators (AND / OR) were used to further refine the searches. All relevant articles were also manually reviewed for an additional list of potentially relevant articles.
2.3. Eligibility Criteria
The studies that were involved in this review were based on three criteria: 1. Genetic/ Inherited conditions defined as a neurological disorder; 2. The use of artificial intelligence, machine learning, and deep learning techniques to determine or measure the diagnosis, population size, classification, or prediction for these conditions; 3. Use of genomic data, as well as multiple omics datasets (i.e., Transcriptomics, Epigenomics, Proteomics, and Metabolomics). Both methodological articles and applied articles were reviewed. However, the researchers excluded: review articles, opinion articles, poster or conference presentations that do not have full-text articles available, non-English language articles, those studies that do not contain sufficient details regarding methodology or outcome measures, studies conducted solely on animals, and studies that do not have any translation relevance to the specific genetic disorder.
2.4. Study Selection Process
A reference management system was used to import all records found, and duplicates were eliminated. Titles and abstracts were evaluated for eligibility independently by two reviewers. Full-text article assessments were conducted on all potentially eligible articles after the initial review of titles and abstracts. Any discrepancies between the two reviewers were resolved through consensus discussion or consultation with a third reviewer. A PRISMA flow diagram is used to document the study selection process, outlining how many records were identified, screened, excluded, and included at each stage of the study.
2.5. Data Extraction and Synthesis
A standardized data extraction form was developed to systematically capture relevant information from each included study. Extracted variables included publication year, disease focus, sample size, type of omics data, AI model employed, validation strategy, and reported performance metrics such as accuracy, sensitivity, specificity, and area under the receiver operating characteristic curve (AUC). Given the methodological heterogeneity across studies, a narrative synthesis was conducted, supported by comparative tables and thematic grouping of results based on disease category, omics modality, and AI methodology.
2.6. Quality Assessment and Risk of Bias
The methodological quality and risk of bias of included studies were assessed using adapted tools suitable for AI-based diagnostic research, such as PROBAST-AI and QUADAS-2, focusing on data selection, model development, validation procedures, and reporting transparency. Studies were categorized as low, moderate, or high risk of bias, and quality assessments were incorporated into the interpretation of findings.
3. Results and Discussion:
3.1. Study Selection and Characteristics
The systematic literature search has identified an extensive amount of research on employing artificial intelligence (AI) to genomic and multi-omics datasets for identifying genetic neurological conditions. The systematic review included a total of 23 studies that met all eligibility criteria after the removal of duplicate publications and screening for eligibility. The study population included cases of neurodegenerative disease, neurodevelopmental disorder, neuromuscular disorder, and rarer monogenic diseases. Most of these studies were produced in the last four to five years, corresponding with the increasing use of AI among genomic medicine practitioners over the last several years. Most studies utilized retrospective datasets created by archival databases or from institutional sources; the sample sizes included small datasets for rare diseases and large-scale sequencing databases that encompass multiple populations. Genomic data (whole exome and whole genome sequence) comprised the majority of data analyzed as a part of this research, with transcriptomic and epigenomic datasets analyzed as second and third most frequently. In addition, deep learning and ensemble methodology were prominent techniques in the most recent studies, while classical machine learning methods were more commonly seen in early studies.
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Figure 1 PRISMA-based overview of study identification, screening, eligibility, and inclusion
3.2. Distribution of Omics Modalities and AI Techniques:
The disparity in how omics types are accessed is considerable. Of the over 700 AI diagnostic (AI) models reviewed, most were solely genomic, with integrated multi-omic methods accounting for only a small but fast-growing portion. Disease subtyping had increased sensitivity from studies using transcriptomics and epigenomics, and biomarker development was the primary focus of proteomics and metabolomics rather than primary disease diagnosis. Deep learning models based on convolutional neural networks (CNNs) and transformer-based models were more widely used than traditional machine learning algorithms for analyzing sequence data and predicting variants. Random forests and gradient-boosted decision trees remain competitive approaches to using structured variant and phenotype data and are thus appropriate for use in these types of studies.
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Figure 2 Distribution of omics data types employed across included studies.
3.3. AI Model Utilization Patterns
Classical machine learning algorithms such as Random Forest and Support Vector Machines remained widely used due to their interpretability and robustness on small datasets. Nevertheless, deep learning models—particularly convolutional neural networks and transformer-based architectures—showed superior performance when applied to large genomic and transcriptomic datasets. Graph-based models leveraging gene–gene and protein–protein interaction networks were especially effective for disease-gene prioritization in rare neurological conditions.
3.4. Diagnostic Performance Outcomes:
The studies conducted on AI methodologies consistently displayed high levels of accuracy in diagnosing diseases. When comparing multi-omic to single-omic models, it was found that multi-omic models consistently demonstrated better sensitivity for detecting early-stage disease and classifying pathogenicity of variants. The greatest improvements in terms of robustness of classification and the lowest rates of false positives were seen from studies that incorporated genomic data along with transcriptomic or epigenomic data.
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Figure 3 Comparison of diagnostic performance metrics between single-omics and multi-omics AI models
3.5. Disease-Specific AI Performance:
The best performance using AI for classification was obtained for inherited neurodevelopmental disorders and epileptic encephalopathy, suggesting that more precise associations exist between their genotypes and phenotypes than with other types of disorders. Conversely, there was much variability in the accuracy of models for neurodegenerative disorders, which reflect the complexity of these diseases and the fact that they are multigenic. AI models that incorporate longitudinal data provide greater stability in their predictions over time.
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Figure 4 Disease-specific diagnostic performance of AI models applied to inherited neurological disorders. Neurodevelopmental disorders and rare monogenic syndromes exhibit the highest mean diagnostic accuracy, reflecting stronger genotype–phenotype associations, whereas neurodegenerative disorders demonstrate comparatively lower accuracy due to complex polygenic architectures.
3.6. Explainability and Clinical Interpretability:
Approximately one-third of studies incorporated explainable AI techniques, enabling identification of key genetic variants, pathways, and molecular features driving model predictions. These approaches enhanced clinical trust and facilitated translational relevance, particularly in variant prioritization and decision-support applications.
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Figure 5 Explainable artificial intelligence (XAI) framework for genomic and multi-omics–driven detection of inherited neurological disorders. Integrated multi-omics data undergo preprocessing and AI-based modeling, followed by explainability layers that enable transparent feature attribution and clinically interpretable decision support.
3.7. Thematic Synthesis of AI Applications:
Thematic analysis revealed four dominant application domains: (i) diagnostic classification, (ii) variant pathogenicity prediction, (iii) disease subtyping, and (iv) risk prediction. Diagnostic classification emerged as the most mature application, while predictive and longitudinal modeling remains an emerging area.
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Figure 6 Thematic map illustrating major conceptual domains identified across studies applying artificial intelligence to genomic and multi-omics–based detection of inherited neurological disorders. Lines indicate thematic associations rather than directional or causal relationships.
4. Overview of Omics Data in Neurological Disease Detection:
The ability to use omics technologies to investigate and identify inherited neurological disorders has greatly expanded due to the ability to perform system-wide assessments of the molecular changes that contribute to the development, progression, and variability of these diseases. Although most omics research is based primarily on genomics, with the wide application of whole genome sequencing (WGS) and whole exome sequencing (WES) to thoroughly identify rare pathogenic variants, large copy number variations (CNVs), repeat expansions, and de novo mutations in non-coding regulatory elements, the utility of genomics to understand inherited neurological diseases characterised by extensive locus and allelic heterogeneity (such as ataxias, leukodystrophies, and familial epilepsy) is limited by the presence of many variants of uncertain significance (VUS) and a lack of complete genotype-phenotype correlations. Transcriptomics can supplement the limitations of genomic information by acquiring a broad cross-section of gene expression responses that are associated with the disease, including the identification of alternative splicing events and allele-specific expression in neural tissues, in neurons derived from induced pluripotent stem cells and in peripheral blood. The use of transcriptome data can be used to identify the downstream effects of genetic variants on the regulatory networks that lead to the abnormal transcriptional response and subsequently aid in improving diagnostic confidence. Neural development and neurodegeneration are regulated by epigenetic mechanisms (e.g., DNA methylation patterns, histone modifications, and patterns of chromatin accessibility). These mechanisms act independently of the DNA sequence and are especially important in disorders with variable expressivity and incomplete penetrance. In complementary fashion, proteomic data provides an easily measurable source of information for monitoring the abundance of proteins in the cerebrospinal fluid and plasma (and identifying post-translational modifications and protein-protein interactions). The use of protein profiles helps to define patient sub-groups and follow the progression of neurodegenerative processes. Metabolomics and lipidomics provide an additional layer of functional information from the biochemical pathways disrupted by genetic and epigenetic changes as they relate to neurotransmitter metabolism, mitochondrial energy production, and lipid homeostasis, which is important for disorders of inherited neurometabolic origin and mitochondrial disease. Although each omics type provides a portion of the information needed to diagnose and predict disease, the greatest potential for achieving both is through the use of integrated multi-omics, which allows for the development of a holistic model (biological and molecular scale) of disease. However, integration of multiple heterogeneous omics datasets presents significant challenges: differences in the dimensionality of data; noise; batch effects, tissue specificity, and missing data. Advanced artificial intelligence approaches—especially deep learning, graph-based models, and representation learning—are increasingly employed to fuse genomic, transcriptomic, epigenomic, proteomic, and metabolomic data into unified predictive frameworks. Such integrative strategies allow the identification of convergent disease signatures, prioritize causal variants, and uncover mechanistic pathways that are invisible to single-omics analyses. Collectively, the expanding omics ecosystem provides a rich, multi-layered foundation for AI-driven detection of inherited neurological disorders, shifting diagnostics from isolated variant interpretation toward systems-level, data-driven precision neurology.
5. AI and Machine Learning Techniques Applied in Multi-Omics–Based Detection of Inherited Neurological Disorders:
The application of machine learning and artificial intelligence techniques is now a primary component of the identification of clinically informative patterns from high-dimensional genomic and multi-omic data utilized for diagnosing genetically inherited neurological diseases. Classical approaches to machine learning, such as random forest, support vector machines, k-nearest neighbor and gradient boosting techniques, such as XGBoost are used for feature selection, variant prioritization and disease classification because they are well-suited to small to moderately sized datasets and provide interpretability. All of these types of machine learning approaches are particularly effective for analyzing structured genomic data, including SNPs, copy-number variants and gene expression profiles. As Omics datasets have become increasingly complex and larger, DL (Deep Learning) has become more utilized to analyze more complex datasets. CNNs (Convolutional Neural Network) structures are often employed for identifying spatial and sequential patterns within genomic sequences, epigenomic signals and chromatin accessibility. RNNs (Recurrent Neural Networks) and LSTM (Long Short-Term Memory) structures are commonly applied to identify spatial or sequential dependencies among transcriptomic and longitudinal patient datasets. 
Table 1 Summary of AI and Machine Learning Techniques Used in Multi-Omics–Based Detection of Inherited Neurological Disorders [22-29]
	AI Technique Category
	Common Algorithms / Models
	Omics Data Type(s)
	Primary Application
	Key Strengths
	Key Limitations

	Classical Machine Learning
	Random Forest, SVM, XGBoost, k-NN
	Genomics, Transcriptomics
	Variant classification, disease prediction
	Interpretable, effective with small datasets
	Limited scalability with high-dimensional data

	Deep Learning
	CNN, RNN, LSTM
	Genomics, Epigenomics, Transcriptomics
	Pattern recognition, sequence modeling
	High predictive accuracy, automated feature learning
	Requires large datasets, limited interpretability

	Transformer Models
	Attention-based architectures
	Multi-omics integration
	Variant pathogenicity, feature fusion
	Captures long-range dependencies
	Computationally intensive

	Graph-Based Learning
	Graph Neural Networks
	Genomics + Network data
	Pathway and network inference
	Mechanistic biological insight
	Complex implementation

	Explainable AI (XAI)
	SHAP, LIME, Attention maps
	All omics types
	Model interpretation
	Enhances clinical trust
	May reduce model simplicity



Recent developments in transformer-style neural networks (often referred to as transformers) have resulted in exceptional accuracy when predicting pathogenicity with high confidence and integrating multifaceted biological data (which we call "multi-Omics"). These models leverage an attention mechanism to build connections between different biological characteristics (referred to as features) over long distances across continuous biological sequences (like those found in DNA). Meanwhile, advances in graph-based machine learning, including Graph Neural Network (GNNs), allow the incorporation of real-world biological relationships (e.g. protein-interaction networks, gene regulation pathways), adding additional depth of understanding of the ways that diseases work and are transmitted. The unique nature and functionality of many AI approaches create a general distrust of – and therefore limit the use of – many AI models for clinical applications due to the so-called "Black Box" nature. Therefore, Explainable AI (XAI) approaches, such as SHAP, LIME, and Attention-weight-based visualizations, are becoming more common to enhance the level of transparency in AI models by allowing medical professionals to better understand feature importance, how those features relate to the biological world; thus creating new diagnostic algorithms that use data driven, multi-layered decision making to improve diagnostic accuracy, to minimize times between diagnosis and treatment, and to enhance the application of precision neurology to patients through the use of data driven, multi-layered diagnostic algorithms.
Conclusions:
[bookmark: _GoBack]This systematic review demonstrates that the integration of artificial intelligence with genomic and multi-omics data represents a transformative advance in the detection, classification, and understanding of inherited neurological disorders. Across the included studies, AI-driven approaches consistently outperformed conventional analytical methods, particularly when multiple omics layers were combined, enabling more sensitive early-stage detection, improved pathogenic variant prioritization, and more accurate disease subtyping. Deep learning and graph-based models showed particular strength in capturing complex, non-linear genotype–phenotype relationships that underpin rare and heterogeneous neurological conditions, while classical machine-learning approaches retained value in smaller datasets due to their robustness and interpretability. Importantly, the growing adoption of explainable AI frameworks marks a critical step toward clinical translation by enhancing transparency, clinician trust, and biological plausibility of model outputs. Despite these promising findings, significant challenges remain. Data heterogeneity, limited sample sizes for rare disorders, lack of standardized multi-omics integration pipelines, and insufficient external validation continue to restrict model generalizability. Ethical and regulatory considerations—particularly data privacy, algorithmic bias, and equitable access—must be addressed alongside technical advances to ensure responsible deployment in clinical settings. Future progress will depend on large, harmonized, longitudinal datasets; collaborative, multidisciplinary frameworks; and the routine incorporation of explainable and clinically interpretable AI systems. Overall, AI-enabled genomic and multi-omics profiling holds substantial potential to accelerate precision neurology, reduce diagnostic odysseys, and ultimately improve outcomes for patients with inherited neurological disorders, provided that methodological rigor and ethical safeguards evolve in parallel with technological innovation.
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