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ABSTRACT: Neurological disorders and their underlying genetic causes continue to be vastly unexplored. However, with the 
advent of technology, there is an increased scope for analyzing at the genetic level by looking at variants, cell functions, and risk 
alleles. In this study, from the GWAS (Genome Wide Association Study) catalogue and existing data sets from studies, single-
nucleotide variants (SNVs) in terms of risk allele, mapped genes, traits, and p-value associated with specific neurological disorders 
were collected, followed by gene and variant identification. Using network and pathways analysis software STRING, Cytoscape, 
and the Reactome database, top genes were identified. The risk alleles associated with the genes of SNVs were taken and input 
into Ensembl’s Biomart and annotated in Ensembl's VEP (Variant Effect Predictor). This collated information helped in gaining 
more information about the associated SNVs and helped identify the impact of these variants on the disorders. The ML models, 
RidgeCV and HuberRegressor, trained on the variant annotated dataset to make a risk score prediction system and classification 
system, achieved highly accurate results. This prediction system can significantly aid in clinical and scientific analysis, which, in the 
future, may result in the betterment of patient care and treatment. 

KEYWORDS: Neurological Disorders, Machine Learning, Structural Variants, Single Nucleotide Variants, and Risk Scoring.

�   Introduction
Neurological disorders, in summary, are all conditions related 

to the central and peripheral nervous system. These disorders 
can be categorized in countless ways. A few categories in-
clude neurodegenerative, neurodevelopmental, neuromuscular, 
neuropsychiatric, seizure, cerebrovascular, and infectious disor-
ders. According to the World Health Organization (WHO), 
neurological disorders are the second leading cause of death1 
with approximately 9 million deaths annually.2 In India spe-
cifically, there is a huge prevalence of neurological disorders 
as per the Indian Council for Medical Research (ICMR). An 
example is India’s contribution of 20 percent of the global cas-
es of epilepsy.3 There are a lot of external and internal factors 
that influence these disorders, but their causes are still a vastly 
uncharted domain.

In the small sample size of research for this project, it was 
discovered that most studies focused on uncovering the genetic 
causes of specific symptomatic neurological disorders. For in-
stance, in a study of muscular system atrophy, they identified 
novel risk loci,4 or in a study of Alzheimer's, where they tried 
to understand the SNPs and their impact on proteins.5 Addi-
tionally, in a study about Amyotrophic lateral sclerosis(ALS), 
they uncovered changes in terms of structural variations across 
25 known ALS genes,6 and in research about Multiple scle-
rosis, they identified 10 candidate nsSNPs and assessed their 
functional impact.7 In a study about Dyslexia,8,9 Childhood 
Apraxia of Speech (CAS),10 and Intellectual Disabilities,11 they 
performed wide genome analysis and identified 12 pathogenic 
or likely pathogenic variants in key developmental genes. The 

diversity and complexities of such conditions allow for a lot of 
scope for research in this area of mental health illnesses.

Research into the genetic architecture of neurological dis-
orders is expanding. Studies have found multiple genetic 
variations and mutations, such as structural variants (SVs), sin-
gle-nucleotide variations (SNVs), short tandem repeat (STR) 
variants,12 and copy-number variants in the exome that could 
suggest pathogenic properties with respect to these disorders. 
With the rise of multiple bioinformatics tools and Genome 
Sequencing technology like Oxford Nanopore PromethION 
platform,13 SV/CNV calling (Sniffles, CuteSV), Pathogenic-
ity prediction through PolyPhen-2, SNPs & Go, PredictSNP, 
variant sourcing from the NHGRI-EBI GWAS Catalog, En-
sembl VEP to characterize variant effects, and so many more, 
our understanding has broadened.

With reference to the research collected, it was understood 
that there was no clear method that could be used to identify 
risk alleles and variants, and which disorder they could lead 
to. Understanding if there are monogenic risk loci that are as-
sociated with such conditions can help in the early diagnosis 
and treatment of patients in this age range, also preventing any 
further neurological deterioration or reduced development. 
Therefore, the hypothesis for this study is to analyze existing 
databases and determine if there are monogenic causes in the 
form of structural variants and single-nucleotide variants for 
neurological disorders, and create a detection system that can 
show from a given dataset whether the risk allele or variant 
provided can be benign or malignant.

DOI: 10.36838/IJHSR813.6

RESEARCH ARTICLE

	 ijhighschoolresearch.org



	 7		 7	

�   Methods
Data collection and processing:
For the data collection part of the study, the GWAS (Ge-

nome Wide Association Study) Catalogue was explored. 
Keywords related to neurological and neuropsychological 
diseases, such as Parkinson’s disease, Bipolar disorder, Major 
Depressive Disorder (MDD), obsessive-compulsive disorder, 
Borderline Personality Disorder, Amyotrophic Lateral Scle-
rosis (ALS), and Mental health disorders were used in the 
search. A list of the search results and information about the 
studies was compiled. From this record, based on the number 
of gene associations and traits, we shortlisted specific studies. 
From these TSV files of the data from the study, the columns 
that displayed the mapped genes for the disorder, the P-value, 
possible risk-alleles, and names of the traits associated were 
compiled separately in a single data file. This led to us attaining 
a final gene list. During this project, various online processing 
tools were utilized to get this information, such as STRING 
version 12.0, Reactome version 94, gnomAD version 4.1, and 
Ensembl VEP 115. In addition to this, the project accessed 
datasets from Clinvar in October 2025.

Network analysis:
The final gene list was input and processed into the STRING 

database. The interactions for all the genes were identified, 
and a gene-interaction network was given by the STRING, 
as shown in Figure 1. The network made use of clear lines, 
nodes, and colors to show the relation each gene had with 
the others. It was understood from the information that the 
connections between the genes were in regard to their involve-
ment in functions and processes in neurological diseases. The 
data from the network was exported in a file and then opened 
in the network analysis application software Cytoscape. Using 
a tool in Cytoscape called ‘Analyse Network’, a diagram with 
all the relevant nodes and tables with the necessary topological 
parameters was computed. The node table provided data on 
how many nodes each gene was connected with and quantified 
the influence of each gene with its respective node in terms 
of centrality. After this, the parameters degree, betweenness 
centrality, closeness centrality, clustering coefficient, and name 
were selected and placed into a separate file. This was to make 
the data decluttered, as it allowed us to see the properties of 
the genes in the network clearly. Based on the highest degree 
of each node, the data in the file was sorted. The top genes 
based on this parameter were selected and kept aside. This was 
important because we could then further explore and examine 
the genes that were most strongly interconnected in the net-
work of genes related to neurological diseases.

Pathway analysis:
The Reactome database was then effectively used to identify 

specifically which biological pathways and processes are most 
involved with respect to the genes from the gene list compiled 
after network analysis. Reactome produced a table with all the 
pathway names and biological functions listed. The applica-
tion also provided results for genes that were found to have 
no involvement in pathways, as well as a thorough report of 

its analysis. This was crucial in documenting and identifying 
all the necessary genes impacting cellular and biological pro-
cesses. The top genes identified previously were then searched 
for in the table to shortlist further. If a particular gene was 
present among the top 25 pathways, it was singled out and 
highlighted.

Variant annotation:
The risk alleles associated with the final gene list were tak-

en and annotated. The rs IDs of each gene were input into 
Ensembl’s Biomart feature for human single-nucleotide vari-
ants. From these, specific parameters about associated SNV 
variants with the risk alleles, different scores, gene, protein, 
chromosome, allele, and clinical significance, such as SIFT 
score and prediction, Gene name, P-value, Chromosome scaf-
fold position start and end, Variant alleles, and any associated 
SNV variant risk allele name were selected. This led to the 
extraction of vital genetic information about the risk alleles. 
Following this, the risk alleles were input into the Variant 
Effect Predictor (VEP) tool of Ensembl to understand the 
neurological and genetic effects of the identified variants on 
neurological diseases. A collated dataset with specific parame-
ters from the results of VEP and Biomart was then formed for 
further analysis. Additionally, ClinVar and gnomAD databases 
were used to carry out the enrichment and annotation for the 
structural variants identified for neurological disorders from 
the dbVar database. The parameters, such as chromosome lo-
cation, start and end position, the type of SVs, gene associated, 
allele frequency, ClinVar condition, and ClinVar significance, 
were identified.

Model building and evaluation:
Two algorithms were written to create a genetic classifi-

cation model, one for the Single Nucleotide Variant (SNV) 
annotated variant data set and one for the Structural Variant 
(SV) annotated variant data set. The algorithms created a re-
gression model, which is a supervised machine learning model 
that can be used to predict a risk score and value for an input 
of neurogenetic and variant data. The two models first load all 
the libraries and datasets. The algorithms read their respective 
datasets and then convert the column Clinical risk score to 
a numeric risk score using a 0-1 scale: 0.00 is assigned if the 
gene is benign, 0.25 if it is likely benign, 0.50 if there is un-
certain significance of its effect, 0.75 if likely pathogenic, and 
1.00 if it is pathogenic. The algorithm then goes on to define 
the features of the data set, and the code should output where 
it is divided into numerical and categorical features. For the 
creation of the SNV regression model, the project used the 
categorical parameters Consequence which classifies the type 
of effect on the gene structure, Impact which suggests the se-
verity of the consequence, Biotype which details the functional 
category of the gene, SIFT prediction which predicts if a mis-
sense mutation is harmful, and PolyPhen prediction which 
produces a risk score for the mutation's degree of damage. The 
included numerical parameters were CADD PHRED, which 
produces a quality score on the variants, CADD Raw, which 
shows the original output of the model, REVEL, which is cru-
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cial in predicting pathogenicity of the variants, and Clinical 
Prediction, which uses the ACMG classification to categorize 
the variants. Similarly, the SV model included the categorical 
parameters Structural Variant Type, Gene gnomAD, which 
shows its associated gene, and ClinVar database Condition. 
The included numerical parameters were Start, End, and AF 
values of the variant. These parameters help in the effective 
classification of the variants and in creating an accurate variant 
scoring system. The models then reduce high cardinality cat-
egorical features, where they only keep the top 30 categories 
and label the rest as “others.” This is done to make the model 
more efficient and generalizable because one-hot encoding, 
which converts each category to binary columns, would other-
wise create numerous new columns.

Both models then define their data preprocessing pipelines. 
For the numerical pipeline, the code performs 2 steps: median 
imputation, where a missing value in a dataset is replaced by 
the median of that column, and standard scaling, which res-
cales all the numeric columns to have the median as 0 and 
standard deviation as 1, thus making it easier to train the 
model. In the same way, there are 2 steps for the categorical 
features - constant imputation, which fills missing values as 
“unknown,” and one-hot encoding.

The 2 codes use two linear regression models: HuberRegres-
sor, a model robust to outliers, and RidgeCV, a ridge regression 
with internal cross-validation. It trains and evaluates these 
models for the respective SNV and SV datasets by running 
a 5-fold cross-validation using the R² score, a measure that 
indicates the variation in the dependent variable. The 5- fold 
cross-validation was stratified, ensuring the same percentage 
of samples was provided. This maintained the validity and ac-
curacy of the model during training. The code calculates from 
the model and reports the mean, standard deviation, test R² 
value, test mean absolute error, and suggests the best model 
with the highest mean CV R² (Cross-validation R²). It saves 
the information and provides a visualization of the R² scores 
as a boxplot, and shows the true vs the predicted risk scores for 
the best model. The algorithms for SNV and SV extract the 
features from the preprocessing pipeline, retrieve coefficients 
for the models, and plot the top 20 most important features 
by the absolute coefficient value. This is important because it 
helps identify what features (categorical and numerical) have 
the biggest impact on the risk score produced for the genetic 
variants. Through this, an understanding of what the mod-
el learned is gained, and the model also provides insight into 
which biological features are predictors of pathogenicity, which 
is crucial and has a lot of clinical relevance.

�   Results and Discussion 
Network and pathway analysis:
After data processing, a list of 998 genes was retained. On 

placing this list into the STRING database, the interactions 
for the genes were identified, and a network was made as 
shown in Figure 1. The STRING database also produced a 
gene ontology bubble plot, as seen in Figure 2, which showed 
the most represented neurological processes in the gene set 
network. Following this, the network was visualized in Cy-

toscape, and it had 524 nodes and 1773 edges. After network 
analysis, from the computed topological parameters the fol-
lowing degrees were selected - degree which measured the 
frequency of the gene in the network, gene name, Betweenness 
Centrality which measures the node's reliance by quantifying 
how often it lies on the shortest path between other nodes, 
Closeness Centrality which indicates a node's efficiency by 
measuring its average shortest distance to all other nodes in 
the network and Clustering Coefficient which measures how 
interconnected the neighbors of a node are in a network. Thus, 
on the basis of these parameters, the top genes were identified. 
The top 10 genes out of all are listed in Table 1. These are 
genes that are neurologically significant to disorders such as 
Alzheimer's disease, Parkinson's disease, and the neurodevel-
opmental disorder intellectual disability.
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Figure 1: Image of a neurological gene network. The network was created 
based on a medium confidence degree of 0.400. The Network nodes represent 
proteins, splice isoforms, or post-translational modifications that are collapsed, 
i.e., each node represents all the proteins produced by a single protein-coding 
gene locus. 524 node colors represent individual query proteins, where the 3D 
structure is known or predicted, and the first shell of interactors. The white 
nodes are separate and represent the second shell of interactors. In addition to 
this, there are empty nodes with proteins of unknown 3D structure.

Figure 2: Image of gene-related biological process enrichment. The figure 
here is a bubble plot, which shows the different biological processes against 
the Y-axis (GO terms), where each horizontal bar corresponds to one GO 
biological process category. In the X-axis, the enrichment score (often referred 
to as the “rich factor”), which is the ratio of the number of genes in your set 
associated with a GO term vs. the total number of genes associated with that 
term in the background/reference genome. Here, the bubble size represents 
the gene count, a value that shows how many of the genes are associated with 
that process; thus, a larger circle indicates more genes. Additionally, the bubble 
color represents the FDR (False Discovery Rate) significance level, where the 
lighter green/yellow are highly significant (very low FDR), and darker blue are 
less significant (higher FDR, but still below threshold).
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Following this, the information from Biomart and VEP 
was taken and collated into a single dataset. In this dataset all 
the unnecessary information was filtered out to a total of 19 
parameters which included the rsIDs of the variants, variant 
location, allele, consequence, impact of variant, symbol, asso-
ciated gene, feature type, bio type which specifies the variant 
function, existing variation, reference allele, uploaded allele, 
clinical significance, CADD PHRED score CADD RAW, 
REVEL score, clinical prediction, SIFT score prediction, Poly 
phenotype associated, label, and risk score. The target label 
here can be identified as the risk score. The final annotated 
variant sheet for SNV was then used in the classification mod-
el-building stage. Similarly, from the gnomAD database, the 
annotation of SVs was carried out.

SNV and SV Model evaluation:
The script was run for the SNV annotated dataset, where the 

mean CV, CV standard deviation, R², and MAE (Margin of 
Absolute Error) were calculated for 2 models - HuberRegres-
sor and RidgeCV. Mean Absolute Error (MAE) is a measure 
of the average absolute error values of the predicted risk score 
and true risk score. These were then compared to find the 
best model, as seen in Table 2. The best model from this was 
RidgeCV with a CV R² value = 0.876; significantly higher 
than the HuberRegressor model. The algorithm also trained 
the 2 models to predict risk scores from the dataset, and this 
was compared against the true risk scores of the dataset. Figure 
4 clearly shows how the RidgeCV performed during this train-
ing in the form of a visual scatter plot. The visualization of the 
results is important because it helps in understanding how the 
2 models were trained, the accuracy of their predictions, and 
the comparison of their R² values.

Following the pathway analysis in Reactome, 1343 path-
way names and functions were identified. The top 5 pathways 
identified were Meiosis (R-HSA-1500620), Meiotic synapsis 
(R-HSA-1221632), B-WICH complex positively regulates 
rRNA expression (R-HSA-5250924), Defective pyropto-
sis (R-HSA-9710421), and Positive epigenetic regulation of 
rRNA expression (R-HSA-5250913). Reactome also iden-
tified that, from this, 176 genes did not have any significant 
pathways or processes. A search was done to identify which 
genes were present in the top 25 pathways, and this resulted in 
7 genes being identified, which were EP300, MAPT, GRIA1, 
SNCA, GRIN2A, and PRKCA.

Variant annotation:
A list of 1651 risk alleles associated with the final gene list 

containing 35 neurological traits was input into the Ensembl 
Biomart database. All the dataset counts are listed in Table 2. 
Doing this helped in the retrieval of information about the 
risk alleles, their associated gene variant, and details about how 
they contribute to their associated traits. Therefore, 29 attri-
butes were selected in Biomart. The document produced from 
the results showed that there were 10,844 SNV variants asso-
ciated in total with the risk allele data provided, with some risk 
alleles having multiple variant names, as shown in Figure 3. To 
collate information about the neurogenic effect of these SNV 
variants, we put the same list of rsIDs into the Variant Effect 
Predictor (VEP) tool of Biomart.

DOI: 10.36838/IJHSR813.6

Table 1: The top 10 genes related to neurological disorders.

Table 2: Summary of dataset count.

Figure 3: Visual summary of Variant Effect Predictor results. The figure 
explains that 1,746 SNV variants were processed from the input data set, 
with 1,381 overlapped genes and 7,805 overlapped transcripts between the 
risk allele IDs. (A) The first pie chart shows the percentage of the risk alleles 
associated with specific SNV variant types. (B) The second pie chart shows 
the percentage of the risk alleles that have an impact on the coding of proteins, 
categorized into 3 types: missense, synonymous, and stop-gained variant 
codon. From this, it is also understood that there were 1,737 existing SNV 
variants and around 9 novel variants identified, which can be used for further 
processing and analysis.

	 ijhighschoolresearch.org



	 10	

Following this, the code provided a visualization of how the 
models were trained and the accuracy of the results in their 
prediction of genetic risk scores. Figure 7 shows the results 
for the RidgeCV model, where the predicted risk score of the 
model is plotted against the true risk score from the annotated 
variant data set.

The algorithm then also identified which feature had the 
most impact on the risk score prediction for both models. It 
provided a visualization of the degree of influence of the fea-
tures. The most important features for the RidgeCV model 
were neurological disorders, where the top 5 were Familial hy-
percholesterolemia, Retinitis pigmentosa, Familial aortopathy, 
Intellectual developmental disorder, and Nephronophthisis.

�   Discussion
The project began with a literature review of existing studies 

to gain an understanding of neurological disorders and how 
genome sequencing was done to identify target genes. Using 
the datasets from these studies, the genes acquired were an-
alyzed in terms of their network with other genes and their 
neurogenetic functions. This helped identify the top contender 
genes responsible for these disorders. From this, the project 
tried to understand whether variants associated with these 
genes as SNVs and SVs were pathogenic and were the un-

The algorithm also identified the most important features 
that affected the risk score prediction for the RidgeCV mod-
el. The top 5 features are Poly Phen prediction not available, 
Poly Phen prediction benign, CADD PHRED score, SIFT 
prediction tolerated, and SIFT prediction deleterious, low 
confidence. These predictors are relevant in predicting genetic 
evolutionary patterns by identifying the functional impact of 
mutations - changes in the base sequence of amino acids or 
DNA. They are essentially statistical tools that classify vari-
ants and help in understanding their genomic framework. On 
running the algorithm for the annotated variant data set for 
SV, similar to the SNV script, the mean CV, CV standard 
deviation, R², and MAE (Margin of Absolute Error) were 
calculated for 2 models, HuberRegressor and RidgeCV, as re-
corded in Table 3, and performed a quick comparison between 
the 2 models. From these results, it was inferred that RidgeCV 
was the best model, with a mean CV R² of 0.993. Both SV 
and SNV models were deployed into web applications using 
Streamlit. The web interface of both websites is shown in Fig-
ures 5 and 6 for SNV and SV, respectively.
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Figure 4: RidgeCV Predicted vs True Risk score scatter plot. The graph here 
shows how the model fared in prediction. In the graph, most of the points are 
concentrated at the extremes, which shows that the majority of the predicted 
scores were accurate to the true risk score of the dataset.

Table 3: Summary of all models for SV.

Figure 5: Single Nucleotide Variant (SNV) Risk Prediction Interface of the 
NeuroRisk Predictor. This interface presents the SNV (Single Nucleotide 
Variant) module of the NeuroRisk Predictor app. The left section allows users 
to input quantitative pathogenicity scores such as CADD PHRED, CADD 
RAW, REVEL, and ClinPred. The right section captures variant details, 
including Gene Name, Reference Allele, Variant Allele, and SIFT Prediction. 
The app primarily functions as a tool for research and support. It cannot 
work as a standalone clinical diagnosis tool, but in the future, this app can be 
developed further and can also be used as a monitoring system for users to 
keep track of their disease progression.

Figure 6: Structural Variant (SV) Risk Prediction Interface of the NeuroRisk 
Predictor. This interface displays the SV (Structural Variant) module of the 
NeuroRisk Predictor web application. Users input genomic coordinates (start 
and end positions), allele frequency (AF), and variant-specific annotations 
such as SVTYPE, GENE (gnomAD), ClinVar Gene, and ClinVar Condition.

Figure 7: RidgeCV Predicted vs True machine learning scatter plot. The 
figure shows how the RidgeCV predicted risk score compared against the true 
risk score from the data set. As more dots are closer to the true risk score, the 
deviation from the actual values is also less. It can therefore be inferred that 
this model was more accurate in its prediction in comparison to the other 
model.
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derlying genetic cause of these disorders. Following this, the 
project worked on annotating and understanding the variants 
associated with these genes. To build a machine learning model 
that could predict the pathogenicity and risk score of variants, 
the data collected was used to train 2 regression models - 
RidgeCV and HuberRegressor. These models were compared 
for accuracy, and the best one was found to be RidgeCV for 
both variant datasets. This model can aid in clinical and sci-
entific analysis of associated variants of neurological disorders.

Pathogenicity prediction systems and classification systems 
of disease-causing variants are a crucial aspect for clinical in-
terpretation and use. With the increasingly uncertain and 
rapidly changing nature of human genomic variants, having 
prediction systems that can be used to identify the risk score 
of a variant can also help in identifying patterns in the human 
genome. Studies have been developed on this idea for creating 
variant feature prediction systems for human genetic variation 
observed in large-scale populations.14 This study specifically 
used variant calls from gnomAD and classified the variants by 
allele frequency for non-deleterious and deleterious rare vari-
ants. This data was annotated with the same feature used by 
CADD and was used as training data for their model. They 
trained logistic regression models, similar to this project, with 
the annotated variant datasets to predict the deleteriousness of 
the variant. They then used variants from the ClinVar database 
that were not used in the training to test the accuracy of their 
prediction system. Other studies have used the same idea but 
different machine learning models, such as neural networks, 
to predict the clinical impact of human variation.15 This study 
has used deep neural networks to distinguish which muta-
tions are pathogenic and which are benign by using common 
variants from non-human primate species that are identical 
in state to human variant sites. They used evaluation metrics 
such as accuracy and ROC curves on test sets and compared 
them against existing variant effect predictors. This study, in 
fact, proposed new candidate genes associated with intellectual 
disability based on their system and variant ranking.

This project has overlapping aspects with the other studies, 
but what stands out is the specification and focus on vari-
ants associated with neurological disorders. This project also 
explored in depth structural variants and single-nucleotide 
variants, rather than common variants, which avoid general-
izability. The project has also found top genes responsible for 
neurological disorders after network analysis, and this could be 
useful for mapping genes and traits to the identified variants. 
The use of logistic regression models also provides transparent 
and interpretable coefficients, which, in comparison to other 
models like neural networks, are less complex. The models 
used in this project were also less prone to overfitting. They 
can be trained fast with a smaller dataset, therefore improving 
the speed and accuracy of the prediction system. However, the 
project could have implemented a larger training dataset for 
further development. The use of logistic regression, due to its 
more simplistic nature, may not capture non-linear interactions 
and model complex relationships, which are needed for effec-
tive understanding and accuracy of variant effect prediction 
systems. The project does not dive deeper into the phenotypic 

effects of these variants and could have been evaluated further 
with a training dataset from other databases for a thorough 
model evaluation. Future work on this project could include 
larger and more recent datasets. This would strengthen the ML 
model in terms of accuracy and validity. Additionally, the ML 
model would benefit from external validation with datasets 
from a different database than the one on which it was trained.

�   Conclusion 
In summary, the findings from this project display how 

machine learning models like logistic regression can be high-
ly effective in predicting pathogenicity of crucial variants in 
the form of a risk score. The exploration into and evaluation 
of structural variants and single-nucleotide variants demon-
strate how deep an impact they have in causing neurological 
disorders. The increased efficiency and accuracy of prediction 
systems can, along with clinical interpretation, be beneficial 
in the classification and prioritization of disease-associated 
variants. While the focus on neurological disorders may limit 
the scope of the study, the ever-evolving nature of the genome 
can always be further analyzed. Future developments should 
integrate broader datasets to refine the scores and predictions 
further. These results, therefore, highlight how the enhanced 
nature of machine learning models and computational ge-
nomics can be used to develop fields of medicine and testing 
further, helping in the assistance of quick action to treat these 
disorders with the help of the identification of risk level and 
pathogenicity of the variants. This ML model and tool are not 
restricted to only neurological conditions. It can be trained and 
validated with datasets from other diseases to increase its scope 
and accessibility.
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