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Abstract

Chronic diseases impose a global health burden, contributing to high mortality and economic costs. Even with the
recent surge in molecular data, these conditions remain largely incurable due to their biological complexity, data
fragmentation, and analysis challenges, hindering early diagnosis, mechanistic understanding, and therapy. To address
this, we developed PathoAnalyzer-l, an in silico platform that combines bioinformatics and machine learning to decipher
chronic diseases. The tool requires no programming skills and provides a user-friendly interface for pathological analysis
within a single framework. PathoAnalyzer-| uses a dataset of molecular data for 531 chronic diseases, from databases
including the GWAS Catalog, PubChem, and STRING-db, enriched with machine learning—based predictions. Its dual-
prediction system enhances molecular insights: one model imputes missing risk alleles with 77.6% accuracy, while a
second predicts novel SNP—disease associations with 89.3% accuracy, providing avenues for future research. Applied to
Alzheimer’s disease, the platform identified diagnostic biomarkers (e.g. rs6733839T), core genes in disease mechanisms
(e.g. BINI, APOE, SLC24A4, ABCA7, PTK2B), major pathological mechanisms like amyloid processing, synaptic dysfunction,
and cellular vulnerability, as well as therapeutic molecules including Beta-Lapachone and preventive compounds such as
curcumin. With its features, PathoAnalyzer-| enables scientists, regardless of their resources, to conduct in-depth in silico
studies of chronic diseases.
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Introduction and to guide their prevention and therapeutic intervention?
Several factors may contribute to this gap. First, although
molecular datasets including genomics, transcriptomics,
proteomics, and metabolomics are increasingly available,
they remain highly fragmented and heterogeneous.’ Curren-
tly, no integrative framework offers comprehensive interop-
erability across these data layers, and the functional links
between different molecular entities are rarely captured,
which hinders thorough multi-omics integration and analy-
sis.® Second, many computational tools are technically
demanding, often requiring proficiency in programming, as
well as expertise in data normalization, network analysis,
and predictive modeling.” These barriers limit broader adop-
tion, resulting in the underutilization of resources that could

Despite significant scientific progress in the health sector
over recent decades, many chronic diseases remain incur-
able even with substantial investments aimed at combating
them.! These conditions impose a considerable burden on
multiple levels. They are responsible for millions of deaths
worldwide each year and generate staggering economic
costs.>?

The persistence of these diseases is largely attributable
to their biological complexity,* which hinders an in-depth
understanding of their underlying mechanisms. As a conse-
quence, effective prevention and curative strategies remain
elusive, and early diagnosis is often challenging.

Alternatively, computational in silico analyses of
chronic diseases represent a promising strategy to over-
come current limitations. This raises a critical question: 'Laboratory of Integrative Biology, Faculty of Science Ain Chock,
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formatics platforms and multi-omics datasets such as Corresponding author:

GWAS Catalog’ Ensembl, and STRING-DB, Why have Ali Aguerd, Laboratory of Integrative Biology, Faculty of Science Ain
these resources not been systematically used to characterize  chock, University Hassan II, Casablanca 20100, Morocco.
the molecular mechanisms that govern chronic pathologies, — Email: aliagu97ninety@gmail.com
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otherwise accelerate mechanistic understanding, biomarker
discovery, and the identification of therapeutic and preven-
tive molecules in chronic diseases.

To address these challenges, our team developed
PathoAnalyzer-I, a Python-based tool designed to over-
come the major obstacles in in silico studies of chronic dis-
eases, including fragmented and disconnected datasets,
limited interpretability, and the complexity of existing
tools. This all-in-one platform enables scientists, regardless
of their resources, to perform comprehensive in silico anal-
yses in a fast and user-friendly manner while generating
predictions that open new research directions. By integrat-
ing bioinformatics with machine learning, the tool allows
researchers to:

e Elucidate the molecular mechanisms underlying
chronic diseases;

e Identify biomarkers for early and confirmed
diagnosis

e Discover potential therapeutic and preventive
molecules;

e Explore novel research avenues through machine
learning-driven predictions.

Overall, PathoAnalyzer-I enables comprehensive in silico
investigations of chronic diseases, facilitating a deeper
understanding of their persistence and ultimately contribut-
ing to advancements in public health.

Methodology
Theoretical background

Despite the human genome being 99% identical, the crucial
1% of genetic variation holds the key to understanding dis-
ease susceptibility.® These differences form the core of
genome-wide association studies (GWAS), which link spe-
cific single-nucleotide polymorphisms (SNPs) to particular
diseases and aid in deciphering incurable diseases, includ-
ing their understanding, treatment, prevention, and early
diagnosis. To achieve this goal, several in silico analyses
must be undertaken:

e Extract SNPs associated with chronic diseases:
These SNPs are considered biomarkers that enable
diagnosis and their analysis provides a deeper under-
standing of chronic diseases.

e Identify the features of SNPs associated with
chronic diseases:

- SNP localization: Identifying whether a SNP
located within or outside a gene helps predict its
biological impact whether it affects gene regula-
tion or protein function.

- Gene and Network Analysis: The interaction
of the genes carrying these SNPs allows us to
construct interaction networks that can reveal
the signaling pathways involved in the disease.
Studying the proteins encoded by these genes and

their biological functions is essential for under-
standing the signaling pathways and the mecha-
nisms underlying the pathology.

- Therapeutic and Preventive Target Discovery:
After identifying key genes and their character-
istics (such as encoded proteins and functions),
we can pinpoint regulatory molecules that could
serve as potential treatments or preventive agents.

The analysis of these elements necessitates processing tre-
mendous volumes of biological data, which makes automa-
tion essential. Bioinformatics supported by tools such as
Python, provides efficient solutions through libraries like
Biopython® and Pandas,'’ enabling accurate and rapid data
manipulation.

However, traditional bioinformatics has limitations,
especially when addressing chronic diseases that may entail
subtle or “silent” biomarkers. In this context, artificial
intelligence represents a particularly powerful approach.
Machine learning models, such as Random Forest,'' can
generate predictions on SNP-disease associations by lever-
aging linkage disequilibrium patterns, enabling the identifi-
cation of potential biomarkers, which help deciphering
chronic diseases.

To make this decoding process faster, more accessible,
and fully automated, it is essential to bring all these stages
together within a unified platform. Such a program would
enable users to deeply understand any incurable disease
and provide access to potential therapeutic strategies, all
through a single, integrated tool. The core principle of our
tool is summarized in Figure 1 below.

Dataset

Our methodology was designed to develop a Python pro-
gram that provides the following functionalities:

e Comprehensive disease descriptions for chronic
diseases

e Analysis of SNPs associated with chronic diseases

e Identification and visualization of signaling path-
ways associated with chronic diseases, with interac-
tive data enrichment

e Discovery of potential therapeutic and preventive
molecules for chronic diseases

e Prediction of novel SNP-disease associations

Raw data. To decode chronic diseases, it is essential to rely on
reliable, comprehensive, and accurate data. To meet this need,
our program’s dataset was built by integrating high-quality
information into a robust system, further enriched with predic-
tions generated by a powerful machine learning model.

First and foremost, this dataset was built based on the
GWAS Catalog'?> via web scraping, from which we
extracted genomic data associated with 531 chronic pathol-
ogies in TSV format. Each file encompasses valuable col-
umns on SNPs, including riskAllele, which contains the
SNP ID and risk allele (e.g. in the format rs123456-A);
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Figure |. Core principle of PathoAnalyzer-I.

locations, which provides the chromosome harboring the
SNP and its precise genomic position (e.g. formatted as
14:45678); pValue, which indicates the statistical signifi-
cance of the SNPs; mappedGenes, which indicates the gene
harboring the SNP; as well as traitName, accessionld, and
authors.

Preparing predictions. A central methodological objective of
this work is to generate predictive biomarkers of chronic
diseases in the form of single-nucleotide polymorphisms
(SNPs), by leveraging SNPs already associated with
chronic conditions to predict novel candidates under the
rationale that genetically proximal variants, as indicated by
their genomic positions, may exert similar effects and,
through linkage disequilibrium, be linked to the same
disorder.

The first step of prediction was the pre-processing of the
data, to this end, we followed the procedure below:

1. Relevant feature selection: RiskAllele, location,
mappedGene, and pValue, as these features capture
the genomic position of variants and their statistical
significance.

2. Context enrichment: Added the geneticontext (e.g.
intron/exon status) using Ensembl'? via web scrap-
ing, serving as a functional and positional indicator
for each SNP.

3. Quality control: Removed approximately 4.07% of

SNPs with incomplete annotations.
Field normalization:

o Split /ocation into chromosome and position.
o Separated RiskAllele into variant (RSID) and
riskAllele (A, T, C, G).

During this process, we encountered a limitation: approxi-
mately 11.69% of the entries contained only the SNP locus
ID without the corresponding risk allele (marked as “?”).
This prompted a two-tiered prediction strategy: first, pre-
dicting missing risk alleles to complete the dataset; second,
using the complete dataset to discover novel SNP—disease
associations.

Phase |I. Predicting missing risk alleles. The first phase,
aimed at predicting missing risk alleles, is detailed in
Table 1, which presents the data sources, engineered fea-
tures, and model specifications.

The combination of raw and engineered features pro-
vides a biologically grounded framework, linking variants,
genes, and pathologies while capturing regional, density,
and frequency patterns to predict missing risk alleles.
CatBoostEncoder transforms categorical variables into
numerical representations while preserving their statistical
relationships with the target, and Random Forest leverages
these representations to model complex interactions and
accurately impute missing risk alleles.

Phase 2. Prediction of novel SNP—pathology associa-
tions. The second phase of the framework, which aimed
to predict new SNP—pathology associations, is detailed in
Table 2.
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Table I. Predicting missing risk alleles.

Table 3. Variant classification by occurrence frequency.

Objective Predict missing risk alleles
(approximately |1.69% of the total)
Data Used Fully annotated SNPs (approximately

88.31% of the total)
RSID, riskAllele, chromosome, position,
geneticontext, mappedGenes, pathology
name (Generated from file name).
Engineered Features e interval: 5kb genomic windows

e chrom_interval:

chromosome + interval combination
e gene_count: number of associated

Raw Features

genes.
e variant_freq: variant frequency.

Encoding CatBoostEncoder.

Model Random Forest — 100 trees, max_

depth =50, min_samples_split=3, min_
samples_leaf=2, class weighting

Table 2. Predicting new SNP—pathology associations.

Objective
Raw Features

Predict new SNP—pathology associations

chromosome; position; variant; riskAllele;

p Value

- These features provide the biological and
statistical foundation for prediction.

Engineered e interval: 10kb spatial windows (Linkage
Features Disequilibrium block modeling)
e chrom_interval: Unique spatial identifier
(chromosome + interval)
¢ log pvalue: Logarithmic transformation
(-log,,[pValue])
e pvalue_quantile: Cross-study normalized
p-values
- These features capture the genomic
topology, normalize association signals, and
model linkage patterns.
Model Random Forest — 200 trees, max depth =30,

Synthetic Minority Over-sampling Technique
(SMOTE) for rare class oversampling

To mitigate overfitting, SNPs were divided into groups according to
their occurrence frequency (Table 3).

As shown in Table 3, rare variants (<4 occurrences)
are particularly prone to overfitting due to statistical
underrepresentation.

Frequency-based stratification therefore allows to:

Learn group-specific predictive rules

SMOTE to compensate class imbalance

Prevent dominance of common variants in training
Enable stratified cross-validation for unbiased rare-
variant evaluation

The two prediction phases were implemented in Python using
standard libraries for data manipulation (Pandas, NumPy),'*
machine learning and categorical encoding (scikit-learn,'
category_encoders'®), class imbalance correction imbal-
anced-learn,'” and visualization (Seaborn,'® matplotlib').
Additional utilities were used for file management, logging,

Group Occurrence Threshold
COMMONL_VARIANT =50
MODERATE_VARIANT 2049
RARE_VARIANT 5-19
VERY_RARE_VARIANT 24

ULTRA_RARE_VARIANT |

and computational support (0s,%’ datetime,?' logging,? sys,?

hashlib,?* warnings,? collections,?® joblib®).

Model validation. The robustness and generalizability of
the machine learning models were assessed using valida-
tion frameworks based on simulated genomic data. These
validations were conducted without altering the original
preprocessing pipelines, feature engineering logic, or
hyperparameter configurations, in order to closely reflect
real analytical conditions. For the risk allele prediction
model, simulated GWAS data comprising 20000 variants
were generated with biologically realistic associations
among genomic contexts, genes, pathologies, and nucleo-
tide distributions. Model performance was evaluated using
stratified 5-fold cross-validation. A similar validation strat-
egy was applied to the SNP—pathology association predic-
tion model. In this case, 20000 simulated variants were
distributed across five frequency-based categories, ranging
from COMMON_VARIANT to ULTRA RARE VARI-
ANT, with P-value distributions calibrated to reflect realis-
tic GWAS patterns. Performance was likewise assessed via
5-fold cross-validation. This simulated-data validation
phase confirmed the robustness and stability of both mod-
els (detailed results are presented in Results: Option 5 — Al-
based SNP prediction).

Final dataset. Following these steps, we constructed a clean
and robust dataset containing the information required to
elucidate the molecular mechanisms underlying chronic
and incurable pathologies. Specifically, this dataset com-
prises 531 files, each named after a chronic incurable
pathology and containing two subfolders: the ‘“Reference”
subfolder, which includes a TSV file listing GWAS study
references associated with the corresponding pathology.
Among the key columns in this file are:

e accessionld (GWAS study identifier)

o discoverySampleAncestry (ancestry and popula-
tions of the discovery sample)

o replicationSampleAncestry (ancestry and popula-
tions of the replication sample)

The “Pathology” subfolder contains a TSV file with the fol-
lowing columns:

riskAllele (contains SNP ID and risk allele)

pValue (indicates SNP significance)

mappedGenes (Contains the gene carrying the SNP)
locations (Contains the chromosome carrying the
SNP and the exact chromosomal position)
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e geneticontext (contains genetic context e.g. intron,
exon. ..)

e Prediction (contains predicted SNPs)

e Context-Prediction (contains the genetic context of
the predicted SNPs, e.g. intron, exon . . .)

e Location (Contains the chromosome carrying the
predicted SNP and the exact chromosomal position)

e MappedGene (Contains the gene carrying the pre-
dicted SNP)

e accessionld

Dynamism of our dataset. Alongside our extensive local
dataset, the Python-based program PathoAnalyzer-I incor-
porates a dynamic data-retrieval system to enhance and
update analyses in real time. Data is gathered from reliable
and trusted databases, including:

e OLS (Ontology Lookup Service):?® used for detailed
pathology descriptions
GWAS Catalog: used for SNP-disease associations
PDB (Protein Data Bank):* used for 3D protein
structures

e Universal Protein Resource (uniprot):** used for
FASTA sequences and protein functions.

e Secarch Tool for the Retrieval of Interacting Genes/
Proteins (STRING) Database:3! used for gene and
protein interaction networks

e PubChem Database:*? used for therapeutic and pre-
ventive molecules

o Ensembl Genome Browser: used for SNP genomic
context

e Genotype-Tissue Expression (GTEx) project:* used
for protein tissue expression data

To ensure fast and efficient performance, we implemented
a caching mechanism that streamlines API calls by reduc-
ing latency, avoiding redundant queries, and improving
productivity.

Another dynamic characteristic of our dataset is its con-
tinuous growth, as user queries for previously unrecorded
pathologies trigger their automatic inclusion. Indeed, when
a new pathology is queried, a dedicated folder is created to
store the data retrieved via web scraping. Furthermore, for
each newly integrated pathology, key information such as
tissue-specific gene expression levels, characteristic SNPs
plot, and 3D protein structures is automatically captured
during tool operation.

By integrating data from the most trusted databases,
machine learning-based predictions, and real-time data
enrichment, our dataset brings together all essential molecu-
lar data needed to understand the mechanisms behind incur-
able pathologies, identifies potential therapeutic molecules
to fight against them, and facilitates early diagnosis.

General structure of the program

PathoAnalyzer-I is implemented as a modular Python pack-
age. Its architecture is organized into core modules:

e Api/: Handles interactions with essential biological
databases (GWAS Catalog, UniProt, PDB, STRINGdb,
PubChem, Ensembl/GTEX).

e Utils/: Provides utilities for data analysis, file man-
agement, and display formatting.

e Deciphering_incurable_pathologies/:  Contains
the main analysis logic, pathology classes, and the
primary entry point.

e Dataset/: Stores pathology-specific data.

This modular design ensures maintainability, scalability,
and clear separation of concerns.

Our tool, relies on several Python libraries chosen for
their performance and ability to process biological data effi-
ciently. For user interaction and display, we employed
prompt_toolkit** to build interactive command-line applica-
tions, PrettyTable® to generate tables in text format, and
Colorama®® to add colors to terminal outputs. For web
access and automation, the program uses Requests’’ to per-
form HTTP queries, Selenium®® for browser automation,
and webdriver manager’® to manage browser drivers.
Regarding data and image processing, Pillow* is used for
handling pictures, while FuzzyWuzzy*! supports fuzzy string
matching. For visualization and network analysis, Matplotlib
and Plotly* generate static and interactive graphics, and
NetworkX*® is dedicated to graph and network manipula-
tion. Finally, for data manipulation and numerical comput-
ing, Pandas ensures efficient dataset management, and
NumPy provides optimized tools for numerical analysis.

Program workflow

Leveraging its extensive and dynamic local dataset, various
Python libraries, and its integration with multiple external
biological data sources, PathoAnalyzer-1 offers a compre-
hensive suite of analytical tools for chronic disease research.
After the user selects a pathology, the program searches
for a locally available TSV file in the dataset that matches the
entered name. If no compatible file is found, the program
automatically queries the GWAS API to retrieve the corre-
sponding TSV files. Once the data are available, the program
displays an interactive menu composed of five options:

Option I: pathology description. This option displays a
detailed description of the selected pathology. The program
queries the OLS API to retrieve pathology description. The
information is then formatted and displayed in a readable
console layout. This option serves as an introduction to the
analysis, allowing the user to verify and understand the
pathology before exploring its genetic and molecular aspects.

Option 2: SNP characteristics. This option analyzes SNPs
associated with the pathology under three distinct scenar-
ios, depending on the available data:

1.  Multi-population studies with shared SNPs: This
is the standard case, in which only SNPs shared
across multiple populations (at least two) are con-
sidered. To rank these SNPs, a composite score is
calculated as follows:

Score =0.3 x (-log,,(p)) + 0.3 x (sample_size / 1000)
+0.4x(number of populations)
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This score uses the same coefficient for two pieces of infor-
mation—P-value and sample size (normalized by 1000 to
ensure comparable scale)—to capture statistical signifi-
cance, and a higher coefficient for the number of popula-
tions carrying the SNP, as this information enables
consideration of the SNPs at an international level.

2.  Multi-population studies without shared SNPs:
This is the first particular case, in which GWAS
data were generated from multiple populations (at
least two), but no SNP is shared by at least two pop-
ulations. In this case, a score is calculated to rank
the SNPs as:

Score =0.5x(sample_size /10000)+ 0.5 x (-log,,(p))

This score does not take into account the number of popula-
tions carrying the SNP, as all SNPs are assigned a coeffi-
cient of 1.

3. Single-population studies: This is the second spe-
cial case, in which GWAS results were generated
from a single population. In this case, SNPs are
ranked solely by P-value, as there is only one sam-
ple and one population.

The most accurate and effective scenario for studying a
pathology is the first one, as it uses SNPs shared across mul-
tiple populations (at least two). In the absence of this condi-
tion, which depends on available data, the program offers
the other two particulars’ scenarios to users, which are based
on adapted scoring. In all three cases, the program allows
SNP visualization in both tabular and interactive graphical
formats and provides detailed information for any selected
SNP, including genomic context, associated genes, 3D pro-
tein structure, and tissue expression profiles.

Option 3: cell signaling pathways. This option extracts genes
associated with characteristic SNPs (according to the previ-
ously described filter) and displays them in a gene—protein
table. The analysis can be further enriched (based on the
user’s choice) by generating a protein—protein interaction
network using the STRING database, which can be interac-
tively visualized. Users can also explore detailed informa-
tion for any selected gene.

Option 4: therapeutic molecules. This option focuses on
identifying potential therapeutic molecules by retrieving
chemical regulators of a selected gene or protein from Pub-
Chem. Each candidate molecule is evaluated through a
double filter:

1. Safety filter: Eliminates molecules with hazardous
Globally Harmonized System of Classification and
Labelling of Chemicals (GHS) classifications—
including carcinogenicity (H350, H350i, H351),
mutagenicity (H340, H341, H342), reproductive
toxicity (H360, H360F, H360D, H360FD, H360Fd,

H360Df, H361, H361f, H361d, H361fd, H362),
specific target organ toxicity (H370, H371, H372,
H373), acute toxicity (H300, H301, H302, H304,
H310, H311, H330, H331, H332), aquatic toxicity
(H400, H410, H411, H412, H413), flammability
hazards (H225, H226), skin and eye hazards (H314,
H315, H317, H318, H319), respiratory and sys-
temic hazards (H335, H336), and compounds with
a “Danger” signal word accompanied by the Health
Hazard pictogram (GHSO08).

2. ADMET filter: assesses the remaining molecules
using eliminatory and non-eliminatory criteria: the
eliminatory rules—Lipinski’s Rule of Five (MW <
500, LogP=<5, HBD =<5, HBA=<10), Veber rules
(rotatable bonds =< 10, TPSA < 140), and Egan rules
(LogP=5.88, TPSA<131.6)—must all be satis-
fied, while the non-eliminatory Ghose filter (MW
160—480, LogP —0.4 to 5.6) and Muegge criteria
(MW 200-600, LogP —2 to 5, HBD <5, HBA=< 10,
rotatable bonds=15) generate only warnings. A
quantitative bioavailability score (0.0-1.0) is calcu-
lated based on the percentage of passed rules to pri-
oritize candidates.

After this double filtering, an interactive HTML report is
generated to present the accepted molecules (those passing
both filters) and the rejected ones (those failing at least one
of the two filters).

Option 5: Al-based SNP prediction. This option reads TSV
files containing predicted SNPs and their annotations for
the selected pathology. The program displays the list of
predicted SNPs and allows users to access detailed infor-
mation for any selected SNP, including genomic context,
location, and associated gene.

This analysis follows the workflow illustrated in Figure 2.

Results

By integrating bioinformatics and machine learning tech-
niques, we developed a tool providing a comprehensive
framework for in silico analysis of chronic diseases.

The program requires the user to input the name of the
target disease, after which it displays an analysis menu, as
shown in Figure 3. In cases of incorrect input, the program
automatically identifies and suggests the most closely
matching valid disease name.

Option . Pathology description. This option displays a detailed
scientific description of the pathology.

For the rest of the features, we will focus on Alzheimer’s
disease as a case study:

Option 2. SNPs characteristics. This option provides the
characteristic SNPs of the studied pathology (according to
the principle explained above).

In the case of Alzheimer’s disease, the top 10 SNPs are:
rs6733839T, rs12590654-A, rs11771145-A, rs12151021-
A, 15732234317T, rs2830489T, rs2526377-G, 15602602-A,
rs871269T, and rs11218343C.
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( ) AI-Based SNP Prediction
< Ok

Figure 3. Analysis menu.

In addition to the tabular display, the user can choose the
number of SNPs to display in graphical form (Figure 4).

For a detailed view of each biomarker, users can sclect
an SNP to obtain its information. Taking SNP rs6733839 as
an example, PathoAnalyzer-I displays risk allele (T), chro-
mosomal location (chromosome 2, position 127135234),
carrier gene (BINI), variant type (intronic), gene function
(the gene encodes a protein which regulates membrane
dynamics, endocytosis, amyloid-beta production, and
cytoskeletal organization, contributing to neuronal and cel-
lular function), encoded protein information including 3D
structure and amino acid sequence, and tissue-specific
expression levels illustrated in Figure 5. In addition, the
program provides the predicted impact of this mutation,
including potential effects on splicing and regulatory ele-
ments within the intron.

Option 3. Cell signaling pathways. This option enables the
exploration of a gene interaction network associated with
the selected pathology.

Figure 6 illustrates a representative gene interaction net-
work underlying Alzheimer’s disease.

In addition, users can access information on any selected
gene: encoded protein, its function, its 3D structure, and
amino acid sequence.

Option 4. Therapeutic molecules. PathoAnalyzer-I also iden-
tifies potential therapeutic and preventive molecular candi-
dates for chronic diseases. For Alzheimer’s disease, the
program proposes several compounds of interest including
Dorsomorphin, Beta-Lapachone, Butyrate, and Curcumin.

Option5. Al-based SNP prediction. PathoAnalyzer-I is char-
acterized by the integration of two machine learning mod-
els, enabling enhanced decoding of chronic pathologies.

The first model specialized in risk allele prediction
achieves 77.6% overall accuracy on real data. Comple-
mentary validation on simulated data showed comparable
performance with an average accuracy of 75.1% (SD=
0.62%) and a macro-averaged F1 score of 0.730. This
agreement suggests that the model maintains stable behav-
ior when applied to new datasets. The detailed performance
on real data is presented in Table 4 below:

To illustrate the classification performance and the dis-
tribution of prediction errors across nucleotide classes, the
corresponding confusion matrix is shown in Figure 7.
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Figure 5. Tissue-specific expression level of BINI, the carrier gene for SNP rs41289512.

The plot displays the transcript per million (TPM) values for the gene BINI/ (ENSG00000136717.15) across a panel of healthy human tissues. Each
data point represents the expression level measured in a bulk tissue sample. Samples are grouped and colored according to their tissue of origin.
The y-axis indicates the expression level (TPM), while the x-axis lists the different tissue types.

The confusion matrix demonstrates that the model
exhibits an overall satisfactory discriminative capability,
with the majority of predictions correctly located along
the main diagonal, reflecting accurate classification of the
four nucleotides. For class A (adenine), 5997 predictions
were correct, although notable misclassifications occurred
toward T (622 instances) and G (434 instances). Similarly,
cytosine (C) was accurately identified in 4267 cases, with
errors mainly involving confusion with T (602 cases) and A
(511 cases). Guanine (G) achieved 4207 correct predictions
while being occasionally misclassified as A (624 cases) and

C (354 cases). Finally, thymine (T) yielded 5511 correct
classifications, with fewer confusions observed toward A
(553 cases) and C (422 cases). Overall, the distribution of
errors remained relatively balanced across classes, without
evidence of substantial overprediction or underprediction
biases. These results are consistent with the precision and
recall metrics presented in the performance table (Table 4).

The second model of PathoAnalyzer-I, which special-
izes in SNP prediction, achieves 89.3% overall accuracy, as
detailed in Table 5 below. Validation on simulated data con-
firmed this robustness with an average accuracy of 87.9%
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Figure 6. Expanded interaction network at threshold 17.

The network shows the gene—gene interactions detected at a significance threshold of 17 (this is the minimum threshold that allows the construction
of a closed network in this case). Each node represents a gene, and each edge represents an interaction between two genes. Nodes are grouped into
clusters that reflect shared pathways or biological functions. The layout highlights the connectivity patterns among interacting genes.

Table 4. Performance of the allele-prediction model by
nucleotide base.

Nucleotide Precision Recall Fl score Support
A 0.78 0.8l 0.79 7434
Cc 0.79 0.74 0.76 5782
G 0.78 0.74 0.76 5696
T 0.76 0.8l 0.78 6839

(SD=0.24%) and a macro-averaged F1 score of 0.831. On
simulated data, the model showed excellent discrimination
for ultra-rare variants (F1=0.985) and common variants
(F1=0.864). while intermediate frequency classes remained
more difficult to distinguish, reflecting the inherent chal-
lenge of separating adjacent frequency categories.

To provide a clearer understanding of the classification,
the related confusion matrix is presented in Figure 8.

The confusion matrix shows that, for the COMMON _
VARIANT class, 872 predictions were correct, with 13
instances misclassified as MODERATE VARIANT. The
MODERATE VARIANT group had 3202 correct predic-
tions, with 38 misclassified as RARE _VARIANT. The
RARE VARIANT category recorded 13885 correct
predictions, with 311 misclassified as VERY RARE
VARIANT and 105 as ULTRA RARE VARIANT. VERY _
RARE VARIANT was correctly predicted in 14615
instances, with 971 predicted as RARE VARIANT and
816 as ULTRA RARE VARIANT. Finally, the ULTRA
RARE VARIANT class had 3172 correct predictions, with
1189 misclassified as VERY RARE VARIANT.

Taken together, the two validation studies on simulated
data showed low cross-validation variability (CV <3%)
and strong out-of-bag agreement (OOB error < 0.1%), indi-
cating minimal overfitting and support the stability of the

Confusion Matrix
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Figure 7. Confusion matrix of the risk allele prediction model.
The matrix displays the counts of correct and incorrect predictions
made by the risk allele prediction model. Rows correspond to the actual
nucleotides (A, C, G, T), and columns correspond to the predicted
nucleotides. The color scale on the right indicates the number of
observations in each cell, with darker colors representing higher counts.

models. The close convergence between performances
obtained on simulated and real data confirms that the mod-
els capture genuine biological signals and can be reliably
applied to genomic data.

Overall, the PathoAnalyzer-1 approach, through the selec-
tion of Option 5, enables the identification of novel biomark-
ers associated with chronic diseases. For Alzheimer’s
disease, the tool predicted 2593 SNPs, including rs12916T,
1$6859219-A, r$10992900-G, rs192074881-A, 1s6498168T,
rs1269326T, 1s9288520C, rs7671115T, rs7849973T, and
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Table 5. Performance of the SNP variant classification model.

Class Precision Recall Fl score Support
COMMON_VARIANT 0.904 0.979 0.940 891
VARIANT 0.900 0.977 0.937 3278
RARE_VARIANT 0910 0.957 0.933 14510
VERY_RARE_VARIANT  0.906 0.883 0.894 16560
ULTRA_RARE_VARIANT 0.774 0.665 0.715 4771
Confusion Matrix
14000
COMMON_VARIANT 1 872 13 4 2 0
12000
MODERATE_VARIANT - 23 3202 38 12 3

10000

8000

RARE_VARIANT - 48 161 105

True label

6000

VERY_RARE_VARIANT { 18 140 816

4000

2000
ULTRA_RARE_VARIANT - 4 40 366 1189 3172

Predicted label

Figure 8. Confusion matrix of the SNP—pathology association
prediction model.

The figure presents the confusion matrix of the Random Forest

model developed to predict new SNP—pathology associations. Rows
represent the true variant frequency classes (COMMON_VARIANT,
MODERATE_VARIANT, RARE_VARIANT, VERY_RARE_VARIANT,
ULTRA_RARE_VARIANT) and columns represent the predicted
classes. The color bar indicates the number of SNPs in each cell, with
darker shades reflecting higher counts of predictions.

rs1044069T. For any predicted SNP, the program provides
detailed information; for example, rs192074881-A is located
on chromosome 9, within the Fanconi anemia complementa-
tion group C (FANCC) gene at position 95292358, and is a
missense variant.

In addition, the tool predicts missing risk alleles for SNPs
already confirmed to be associated with chronic diseases.
For instance, the risk allele for rs1060743 (linked to
Alzheimer’s disease)** was previously unknown (rs1060743-
?7), but the model successfully predicted it as rs1060743T.

Discussion
Advantages and limitations

Our Python-based software provides an integrated platform
for in silico analyses of chronic pathologies.

Designed to optimize computational workflows, it ena-
bles rapid data processing and offers an intuitive interface
suitable for users with varying levels of expertise.

By combining key analytical modules within a single
environment, the tool reduces the need for multiple external

applications and supports efficient bioinformatics investiga-
tions of chronic disease mechanisms.

Ease of use. Our software is distinguished by its simplicity
and case of use, compatible with all levels of bioinformat-
ics expertise, enabling seamless adoption by researchers. In
this regard, Galaxy* is another tool known for its user-
friendliness, offering an accessible platform for users with-
out programming skills.

Similarly, integrated platforms like the cBio Cancer
Genomics Portal (cBioPortal)* deliver comprehensive
analytical capabilities through intuitive web interfaces.
However, leveraging these functionalities typically neces-
sitates navigating multi-layered menus and configuring
multistep analytical workflows posing onboarding chal-
lenges for users lacking bioinformatics training.

In contrast, command-line frameworks such as Genome
Analysis Toolkit (GATK)*” demand in-depth knowledge of
sequencing pipelines and configuration parameters, posing
barriers for experimental biologists without computational
backgrounds.

Ultimately, ease of use remains a core criterion for
selecting in silico analysis tools.

Comprehensive functionality. Integrated bioinformatics plat-
forms have emerged to address the complexity of multi-
omics analyses, yet significant gaps persist in chronic
disease research. For example, cBioPortal offers robust
cancer genomics exploration but provides limited coverage
of nononcological chronic conditions and therapeutic
insights. In contrast, our software delivers comprehensive
analyses of 531 carefully curated chronic pathologies (scal-
able through program utilization) through a specialized
workflow.

DisGeNET*® operates as a specialized knowledge base
for gene-disease associations. While valuable, its frame-
work lacks molecular interaction context essential for
mechanistic insights. PathoAnalyzer-I bridges this gap by
integrating protein interaction networks and drug discovery
within a unified analytical environment.

Where platforms like Open Targets** uses multiple mod-
ules requiring users to navigate between different contexts,
PathoAnalyzer-1 offers a streamlined workflow that sys-
tematically connects genetic markers to protein networks
and therapeutic candidates.

PathoAnalyzer-I’s distinctive architecture integrates six
core capabilities:

1. Pathology  Characterization:
description of chronic disease.
2. SNP Characteristics Analysis: Identification and
prioritization of pathology-associated SNPs using
population-aware scoring strategies, integrating sta-
tistical significance and sample size to ensure robust
and clinically relevant SNP selection.
3. Multi-Level SNP Annotation:
- Genomic localization and context
- Risk Allele
- Functional consequences

Comprehensive



Aguerd et al

- Associated gene/protein details
- 3D protein structure visualization
- Tissue-specific expression patterns

4. Network-Based Mechanistic Analysis: Construction
of gene interaction networks using adjustable inter-
action thresholds.

5. Therapeutic and Preventive Molecule Screening:
Identification of bioactive compounds targeting
pathology-associated genes and proteins.

6. Al-Enhanced SNP Prediction: Prediction of novel
SNP-disease associations using machine learning.

In summary, while existing solutions offer valuable spe-
cialized capabilities, PathoAnalyzer-I provides an integra-
tive framework specifically optimized for chronic disease
research. By combining multi-source data integration with
computational predictions in an intuitive interface, we
accelerate the translation of genetic insights into actiona-
ble therapeutic strategies.

Predictive capability. PathoAnalyzer-I’s two machine learn-
ing models demonstrated robust predictive performance
and substantial potential to expand both the annotation of
SNPs already linked to chronic diseases and the catalog of
SNPs associated with these pathologies.

Before discussing the utility of these predictions, it is
essential to first address their reliability. Indeed, the miss-
ing risk allele prediction model achieved robust discrimina-
tive accuracy across all four nucleotides, with an overall
accuracy of 77.6%, and demonstrated balanced precision
and recall across classes (Table 4). The confusion matrix
(Figure 7) further confirms that most predictions were cor-
rectly assigned, with adenine (A) and thymine (T) exhibit-
ing particularly high recall (5997 and 5511 correct
predictions, respectively), indicating that the model effec-
tively captures nucleotide-specific patterns.

As shown in figure 7, the higher recall for A and T can
be partly attributed to the intrinsic nucleotide composition
bias of the human genome, which is enriched in A/T bases
(~59%) compared to C/G (~41%).* This compositional
asymmetry biases the model toward A/T bases, explaining
the comparatively higher prediction accuracy for these
nucleotides. Misclassifications were primarily observed
between similar nucleotide pairs (A/T and C/T), reflecting
the current limitations of the machine learning model in
distinguishing nucleotides with closely related profiles, and
suggesting potential avenues for improving feature repre-
sentation and reducing recurrent errors.

Thanks to the robust accuracy of risk-allele predictions,
numerous SNPs that were previously only partially anno-
tated can now be meaningfully exploited. Knowing that an
SNP lacking a risk allele is merely a genomic location and
cannot be used in risk-allele—dependent analyses, such as
those assessing genetic predisposition, this model substan-
tially expands the pool of SNPs available for such analyses
by providing accurate risk-allele predictions.

The second machine learning model of PathoAnalyzer-I,
specialized in predicting novel SNP—chronic pathology
associations, achieved an overall accuracy of 89.3% and

demonstrates high precision and recall across all classes
(Table 5). The stratification of SNPs by occurrence fre-
quency directly contributed to these results. The confusion
matrix (Figure 8) shows that predictions for SNP—pathology
associations, relying on SNPs with the closest occurrence
frequencies, are more prone to ambiguity due to subtle dif-
ferences in SNP frequency, which limits the discriminative
resolution of the model. Despite these constraints, these
results demonstrate the model’s robustness across all
classes and ensure that the predictions remain reliable for
downstream analyses of chronic diseases.

The predictions generated by the second model can be
transformative on several levels.

First, rare chronic pathologies are often characterized by
a limited number of validated biomarkers,*® particularly
SNPs, creating substantial ambiguity and delaying progress
in their characterization. With PathoAnalyzer-I, however,
the set of SNPs associated with these rare diseases becomes
sufficiently enriched to support deeper biological insights
and accelerate research on their molecular mechanisms.

Second, many chronic diseases are defined by silent bio-
markers variants that show no clear involvement in disease
pathways. Here, the predictive power of PathoAnalyzer-1 is
particularly valuable, as it uncovers novel SNP—disease
associations that open entirely new avenues for scientific
inquiry.

Combined, the predictions from both models, annota-
tion and biomarker identification, provide the scientific
community with powerful resources to advance the under-
standing of chronic diseases and ultimately address their
incurability.

Current limitations and challenges of PathoAnalyzer-l. Like
most modern bioinformatics platforms, PathoAnalyzer-1
leverages distributed data resources to deliver comprehen-
sive analyses. While this architecture ensures exceptional
data freshness, it inherently creates dependencies on several
external databases, such as the GWAS Catalog, PDB, and
UniProt. As a result, when external APIs are temporarily
unavailable, certain analytical modules may become inac-
cessible. To address this, PathoAnalyzer-I incorporates a
resilience strategy: Intelligent Caching, whereby frequently
accessed datasets (e.g. GTEx expression profiles) are auto-
matically stored locally to reduce external query loads and
improve responsiveness. Prospects remain for definitively
addressing this limitation in future developments.

Another limitation is that predictive results are not avail-
able for pathologies outside the initial dataset, which com-
prises 531 chronic diseases, as predictions have been
precomputed exclusively for this reference set. This limita-
tion is partially mitigated by the fact that this set encom-
passes a wide range of chronic pathologies. Extending
prediction capabilities to additional or newly identified dis-
eases remains a priority for future releases, with plans to
integrate real-time prediction modules and further enhance
model performance.

The predicted SNPs (Option 5) are probabilistic and
statistical in nature and do not represent experimentally
validated biological or clinical findings. They should be
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considered as indicators that depend on the study and popu-
lation context rather than fixed biological features. In addi-
tion, the same allele may be pathogenic in one population
and neutral in another. This further confirms the need for in
vitro validation to move from statistical inference to bio-
logical confirmation.

Furthermore, although PathoAnalyzer-1 applies a dual
filtering step to candidate therapeutic molecules based on
safety and Absorption, Distribution, Metabolism, Excretion,
and Toxicity (ADMET) criteria, the safety assessment has
certain limitations. While the current list of hazardous GHS
codes captures the most critical hazards, further enrichment
is required to cover a broader range of safety concerns. In
addition, the clinical relevance of these compounds remains
to be established. Further in silico validation (e.g. molecular
docking and molecular dynamics simulations), followed by
in vitro experiments, is required before any biological inter-
pretation or translational application can be considered.

Comparison with existing SNP tools

PathoAnalyzer-1 is a Python-based platform for the analysis
of chronic diseases, integrating early diagnosis, therapeutic
guidance, and signaling pathway investigation. Unlike estab-
lished online version of tools such as SIFT,’! PhD-SNP,*?
and I-Mutant 2.0,%* which focus primarily on the functional
or structural consequences of non-synonymous variants,
PathoAnalyzer-1 implements a disease-centered integrative
framework. Specifically, SIFT evaluates amino acid substi-
tutions based on sequence conservation, PhD-SNP predicts
the likelihood of an SNP being disease-associated with an
accuracy of approximately 74%, and [-Mutant 2.0 estimates
mutation-induced protein stability changes, reporting accu-
racies of 80% and 77% depending on input type. In contrast,
PathoAnalyzer-I combines experimentally validated SNP—
disease associations from the GWAS Catalog with predic-
tions generated by a machine learning model achieving an
accuracy of 89.3%, surpassing the reported performance of
PhD-SNP. The platform considers both intragenic and inter-
genic SNPs, supports gene network analysis, identifies rele-
vant signaling pathways, and proposes potential therapeutic
molecules. While a direct comparison with the aforemen-
tioned tools is limited by differences in objectives and input
data, PathoAnalyzer-I demonstrates superior predictive per-
formance, broader genomic coverage, and a more disease-
oriented framework. As a result, it provides a systemic,
multi-level view of chronic diseases and enables direct SNP—
disease link, offering a more comprehensive and relevant
solution for their study.

Deciphering chronic disease

After presenting the structure and functionalities of
PathoAnalyzer-1 in detail, a central question arises: Does
this program truly enable the deciphering of chronic
diseases?

In the context of in silico approaches, “deciphering”
encompasses several dimensions: pre-diagnosis and diagnosis,

understanding the molecular mechanisms underlying a
disease, and identifying therapeutic and preventive avenues.
To answer this question, we examine the case of Alzheimer’s
disease as a concrete example to demonstrate the capacity of
PathoAnalyzer-I to decipher chronic pathologies.

Prediagnosis and risk estimation. PathoAnalyzer-I identifies
genetic biomarkers (SNPs) that can be exploited to detect
genetic predisposition to a disease before the onset of clini-
cal symptoms. This information paves the way for preven-
tive strategies, particularly through the control of gene
expression in SNP-carrying genes. Nutritional interven-
tions could achieve this, representing a promising avenue
in preventive epigenetics. Unlike simple detection meth-
ods, the tool calculates the SNP—pathology association
score by taking into account sample size, P-value, and
population.

For example, in Alzheimer’s disease, the top 5 SNPs
among the 175 meeting the criteria, ranked in descending
order, are: 1s6733839T, rs12590654-A, rs11771145-A,
rs12151021-A, and rs73223431T.

Importantly, probable genetic risk variants converge on
key genes, including BINI, NIFKP9 (rs6733839T),
SLC24A44 (rs12590654-A), EPHAI-ASI (rs11771145-A),
ABCA7 (rs12151021-A), and PTK2B (rs73223431T) for
which multiple studies have consistently reported signifi-
cant associations with Alzheimer’s disease.’*’

Finally, several studies highlight the importance of SNPs
as early biomarkers of chronic diseases.’®" In parallel,
numerous works emphasize gene expression control as a
preventive epigenetic strategy.®':%2

Confirmed diagnosis. These biomarkers can also serve in
confirmed diagnosis among individuals already presenting
clinical symptoms. Based on PathoAnalyzer-I, a subject
displaying neurological symptoms in addition to the com-
bination of SNPs (e.g. rs6733839T, rs12590654-A,
rs11771145-A, rs12151021-A, and rs73223431T) can be
reliably identified as an Alzheimer’s patient. This diagnos-
tic approach is supported by several studies, such as that of
Zhang et al.%

Understanding pathological mechanisms. Cellular signaling
is a cornerstone for deciphering pathological mechanisms
and identifying metabolites implicated in disease processes.
However, in chronic pathologies, well-established signal-
ing pathways and gene interaction networks are often lack-
ing, particularly in Alzheimer’s disease.**

PathoAnalyzer-1 overcomes this limitation by generat-
ing a gene interaction network for Alzheimer’s disease
(Figure 6). This network highlights 11 central genes BIN1,
SLC2444, ABCA7, PTK2B, CLU, APOE, GRB2, RIN3,
NMES, ZCWPWI1, CD2A4P.

On the other hand, the currently established mechanism
of Alzheimer’s disease involves the amyloid precursor pro-
tein (APP), which undergoes amyloidogenic cleavage by [3-
and y-secretases, producing amyloid-f§ (AB) peptides. These
peptides progressively accumulate in the extracellular
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neuronal space, forming toxic aggregates known as amyloid
plaques. Concurrently, tau proteins undergo abnormal phos-
phorylation, leading to neurofibrillary tangles inside neu-
rons. Together, plaques and tangles trigger early synaptic
dysfunction, impairing neuronal communication, and initiate
chronic neuroinflammation and oxidative stress. These dis-
turbances ultimately converge on neuronal apoptosis, which
underpins the severe cognitive and behavioral symptoms of
this chronic disease.®>¢7

Considering this, the central genes identified by
PathoAnalyzer-1 play pivotal roles in Alzheimer’s patho-
genesis and should be taken into account when interpreting
the disease mechanism:

Amyloid metabolism, lipid transport, and immune clear-
ance. APOE, CLU, and ABCA7 regulate lipid homeosta-
sis and amyloid-B (AP) dynamics in the brain. The APOE
€4 allele reduces AP clearance and promotes aggregation,
while CLU acts as an extracellular chaperone control-
ling AP solubility and deposition. ABCA7 contributes to
microglial phagocytosis of AP and modulates inflamma-
tory responses, thereby linking amyloid accumulation to
immune activation.%®-70

Endosomal trdfficking and APP processing. BINI1, CD2AP,
and RIN3 orchestrate endocytic trafficking, APP internali-
zation, and vesicular recycling. Dysfunction of this path-
way represents an early pathogenic event in Alzheimer’s
disease, favoring amyloidogenic processing and endoso-
mal stress, which precede plaque formation and synaptic
impairment.”!""3

Synaptic signaling, calcium homeostasis, and tau-related
degeneration. PTK2B and GRB?2 regulate intracellular sign-
aling pathways essential for synaptic plasticity, neuronal
survival, and stress responses, while SLC2444 maintains
calcium homeostasis. In Alzheimer’s disease, GRB2 mod-
ulates ERK1/2 signaling and helps protect the neuronal
cytoskeleton against B-amyloid—induced damage. Dysreg-
ulation of these mechanisms may promote synaptic failure,
calcium overload, tau hyperphosphorylation, and cytoskel-
etal destabilization.”*7”’

Structural integrity and transcriptional vulnerability. NMES
and ZCWPW1I contribute to cytoskeletal organization and
epigenetic regulation of neuronal gene expression.”® Alter-
ations in these processes may reduce neuronal resilience
and amplify vulnerability to neurodegeneration, reinforc-
ing the progressive nature of Alzheimer’s disease.

These mechanisms illustrate that Alzheimer’s pathogen-
esis emerges from the convergence of amyloid dysregula-
tion, endosomal trafficking failure, immune activation,
synaptic dysfunction, and transcriptional vulnerability,
each modulated by the key genes APOE, CLU, ABCA7,
BINI, CD2AP, RIN3, PTK2B, GRB2, SLC2444, NMES,
and ZCWPW 1. Genetic predisposition, in combination with
age-related and environmental risk factors, perturbs the
expression and function of these interconnected genes,

thereby accelerating pathological onset and promoting pro-
gressive neuronal degeneration.

Therapeutic molecules. To date, no curative treatments exist
for Alzheimer’s disease. Current strategies aim to alleviate
symptoms and slow disease progression.”* However, the
identification of effective therapeutic strategies is closely
linked to a comprehensive understanding of the gene net-
works and signaling pathways underlying chronic diseases.
To achieve this, we must identify regulators for the 11
genes that play a central role in the cellular signaling path-
way proposed by PathoAnalyzer-1, as already described—
BINI, SLC24A44, ABCA7, PTK2B, CLU, APOE, GRB2,
RIN3, NMES, ZCWPWI1, CD24P—PathoAnalyzer-1 pro-
posed gene regulators after a double filtering step (Safety
and ADMET), which made it possible to retain potential
therapeutic molecules, some of which are summarized
in Table 6.

Some of these molecules, such as curcumin (from tur-
meric), deguelin (from certain legumes like Derris spp.),
and protocatechuic acid (from fruits and vegetables), are of
dietary origin, offering preventive potential in addition to
therapeutic perspectives.

Another important point concerns Beta-Lapachone,
which regulates two key genes (APOE and RIN3) in the
identified networks, highlighting a strong potential for ther-
apeutic involvement. Moreover, some studies confirm its
therapeutic relevance to Alzheimer’s disease.’!-$?

The case study of Alzheimer’s disease demonstrates the
ability of PathoAnalyzer-1 to decipher chronic diseases.
The program provides an integrated framework for com-
prehensive analysis of chronic pathologies, combining
molecular-data-driven insights with predictive approaches
to support research and translational applications. By unit-
ing multi-source data integration with systematic analyses,
the software enables the development of targeted strategies
for understanding and managing chronic diseases.

Conclusion

PathoAnalyzer-1 is a comprehensive bioinformatics plat-
form designed for the in-depth analysis of chronic patholo-
gies. It integrates large-scale genetic and molecular datasets
with advanced machine learning models, enabling precise
biomarker annotation, prediction of risk alleles, identifica-
tion of causal molecular mechanisms, and suggestions of
potential therapeutic and preventive interventions. By com-
bining these functionalities within a single environment,
the tool provides researchers with rapid, reliable, and holis-
tic insights into disease biology.

The case of Alzheimer’s disease illustrates the capa-
bilities of PathoAnalyzer-I. The platform identified key
SNPs, such as rs6733839T, for early risk assessment and
confirmed diagnosis, and highlighted central genes
including BINI, APOE, SLC24A44, ABCA7, and PTK2B,
which are involved in amyloid processing, synaptic dys-
function, and cellular vulnerability. Moreover, it proposed
therapeutic molecules, such as Beta-Lapachone, targeting
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Table 6. Selected therapeutic modulators of central genes (BINI, SLC24A4, ABCA7, PTK2B, CLU, APOE, GRB2, RIN3, NMES,
ZCWPW I, CD2AP) identified by PathoAnalyzer-l in the context of Alzheimer’s disease.

Gene Stimulators Inhibitors

BINI 2-(Biphenyl-4-ylsulfonyl)
N-hydroxybenzamide

SLC24A4 2-(3-Trifluoromethylphenyl)histamine

ABCA7 - 2(R)-Hydroxy-2-methylbutyronitrile-
beta-D-glucopyranoside

PTK2B Benzo(a)pyrene-7,8-dione Clofibrate

APOE Beta-Lapachone, Beta-Naphthoflavone 3-(4-Dimethylaminobenzylidenyl)-2-
indolinone

CLU 2,5-Dimethoxy-4-iodoamphetamine 2,6-Dimethoxyphenol

GRB2 Protocatechuic acid Curcumin, Deguelin

RIN3 Beta-Lapachone 4-Methylpyrazole, Ocaperidone

NMES8

ZCWPWI Cgp-52608

CD2AP 4-(6-(4-(1-Piperazinyl)phenyl)pyrazolo

(1,5-a)pyrimidin-3-yl)quinoline

theses central pathways and dietary compounds, including
curcumin, offering preventive benefits through modula-
tion of gene expression. This example demonstrates the
platform’s ability to connect genetic data, molecular
mechanisms, and intervention strategies in a coherent
framework.

Overall, the tool provides the scientific community with
a powerful resource to advance the understanding and man-
agement of chronic diseases. The platform facilitates com-
prehensive research into chronic pathologies, ultimately
contributing to strategies that improve disease management
and public health outcomes.
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The Python code, datasets, and user guide for the PathoAnalyzer-I
platform are publicly available in the Zenodo repository at: https://
doi.org/10.5281/zenodo.19031470
The materials have been deposited as a 7-Zip archive
(PathoAnalyzer-1.7z) containing the following components:
e deciphering_incurable_pathologies — Core Python
scripts required to run the PathoAnalyzer-I platform.
e requirements.txt — List of Python libraries required to
install and execute the program.
e Prediction — Scripts used to build and apply machine-
learning models for genetic prediction tasks:
o RiskAllele-Prediction — model training and predic-
tion of risk alleles.
o  SNP-Prediction — model training and prediction of
SNPs associated with diseases.
e Validation — Two Python scripts used to validate the per-
formance of the prediction models.
e dataset — TSV files with curated data on 531 pathologies.
e User Guide — A Word document describing installation
steps and usage of the platform.

Project specifications

Operating systems: Platform independent (Windows, macOS,
Linux)
Programming language: Python

Best practices

To ensure optimal use of PathoAnalyzer-1, users should:

Install Python and the libraries listed in requirements.txt.

Run the main.py script located in the deciphering incurable
pathologies folder.

Use English scientific terminology for pathologies, and prefer-
ably adopt the nomenclature provided by the GWAS Catalog to
ensure consistency and accurate interoperability with both local
and external databases.

Maintain a stable Internet connection for reliable and rapid
access to external databases.

When using an integrated development environment (IDE)
such as PyCharm, a dark theme is recommended, as expressions
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displayed in light colors may be difficult to read on a light
background.

Supplemental Material

Supplemental material for this article is available online.
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