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ABSTRACT

The integration of genetic disorder data with computational drug discovery workflows has become increasingly important
for improving target identification and ligand design. This study presents an integrative pharmacophore modeling
framework that leverages genetic and phenotypic insights from the Online Mendelian Inheritance in Man (OMIM)
database to enhance the precision and biological relevance of pharmacophore models. Disease-associated genes,
pathogenic variants, and molecular pathways extracted from OMIM were systematically mapped to their corresponding
protein targets. Structural and functional characteristics of these targets were analyzed to generate pharmacophore
hypotheses that reflect disease-specific molecular interactions. Ligand datasets were curated from bioactivity repositories
to validate and optimize the generated pharmacophore models. The integrative approach demonstrated improved predictive
power in virtual screening, facilitating the identification of novel hit compounds with high specificity to genetically
validated disease targets. This study highlights the value of incorporating OMIM-based genetic information into
pharmacophore modeling to accelerate hypothesis-driven and precision-guided drug discovery.

Keywords: Pharmacophore modeling, OMIM, Genetic insights, Drug discovery, Disease-associated targets.

INTRODUCTION and Mendelian disorders. OMIM’s comprehensive
genotype phenotype correlations offer valuable insights
into disease etiology, enabling researchers to establish
direct links between genetic abnormalities and their
corresponding protein targets. Integrating this genetic
information with pharmacophore modeling allows for the
development of disease-focused models that reflect the
molecular  determinants of pathogenesis. Recent
advancements in computational biology have demonstrated
that incorporating disease genetics into pharmacophore
generation enhances target relevance, refines ligand

Drug discovery has progressively shifted toward integrative
computational approaches that combine molecular
modeling, cheminformatics, and disease-genomics data to
improve the efficiency and accuracy of target and lead
identification. Among these methods, pharmacophore
modeling remains a fundamental strategy for understanding
and predicting the structural and chemical features required
for biological activity. Traditional pharmacophore
modeling, however, often relies solely on ligand structures

or protein ligand complexes without fully incorporating
genetic factors that drive disease mechanisms. As a result,
pharmacophore hypotheses may lack the biological
specificity needed for precision therapeutics. The Online
Mendelian Inheritance in Man (OMIM) database provides a
rich, curated repository of human genes, genetic variants,

selection, and improves virtual screening outcomes. By
mapping OMIM-identified genes to protein structures and
known bioactive ligands, researchers can create
pharmacophore models that better align with biological
reality and therapeutic needs. In this study, we propose an
integrative pharmacophore modeling framework that
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utilizes OMIM-based genetic insights to identify, prioritize,
and characterize disease-associated drug targets. The
workflow includes extraction of genetic data from OMIM,
target selection based on pathogenic gene protein
associations, ligand dataset construction, pharmacophore
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generation, and validation through computational
screening. This integrated approach aims to address
limitations of traditional modeling methods while
supporting the development of precision-driven drug
discovery pipelines.

Extraction of Disease-Associated
Genetic Information

!

Mapping OMIM Genes to
Druggable Protein Targets

!

Ligand Dataset Preparation

!

Structure-Based
Pharmacophore Model Generation

l

Ligand-Based
Pharmacophore Modeling

!

Virtual Screening
and Hit Identification

!

Molecular Dynamics Validation

Figure 1. Workflow Of Integrative Pharmacophore Modeling Using OMIM-Derived Genetic Insights.

Pharmacophore modeling describes the spatial arrangement
of features (e.g., hydrogen-bond donors/acceptors,
hydrophobic centers, aromatic rings, charged groups)
necessary for molecular recognition of a target and is
widely used for virtual screening and lead identification
(Schaller, 2020). Both ligand-based and structure-based
pharmacophore approaches remain central: ligand-based
models derive common feature patterns from known
actives while structure-based models extract interaction
features from protein ligand complexes or binding-site
geometry (Giordano, 2022; Kaserer et al., 2015). Recent
methodological advances include improved conformer
generation, more rigorous feature scoring, scalable search
algorithms (e.g., Pharmer), and integration with 3D-QSAR,
docking and molecular dynamics to raise predictive power
and reduce false positives in virtual screening campaigns.
The Online Mendelian Inheritance in Man (OMIM) is an
authoritative, curated compendium of human genes,
variants, and associated phenotypes that is updated
continuously and frequently used to link genotype to
disease biology (OMIM, NCBI). Genetic evidence from
OMIM and related resources (e.g., GeneCards, ClinVar)
can prioritize targets that are genetically implicated in
disease etiology, improving biological plausibility for
therapeutic modulation and reducing late-stage attrition
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(Belizario et al., 2016). Using OMIM to identify
pathogenic gene—protein associations provide a direct route
to select targets with human genetic support a strategy
increasingly recommended in target selection pipelines.
Integrating genomic and other omics data with
computational chemistry sometimes framed as systems
pharmacology or network pharmacology enables a more
mechanistic understanding of disease and the selection of
targets that are both druggable and genetically validated
(Bernardo et al., 2023). Studies combining omics-driven
target identification with in-silico screening demonstrate
improved prioritization of targets and repurposing
opportunities (Zhang et al., 2022; Bernardo et al., 2023).
Moreover, pharmacogenomics pipelines (e.g., PHARMIP)
demonstrate that computational integration of genetics and
small-molecule structure can predict likely on-target and
off-target effects, informing safety and efficacy early in
discovery.

Several recent studies illustrate the value of combining
disease-focused  information  with  pharmacophore
modeling. Network-pharmacology studies used OMIM to
extract disease genes that were then used to build target
lists for pharmacophore-based virtual screening in natural
product or repurposing campaigns (Yang et al., 2022;
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Zhang et al., 2022). Ligand- and structure-based
pharmacophore workflows have been used successfully to
identify novel scaffolds for diverse targets (e.g., XIAP,
SYK, viral proteases), often followed by docking and
molecular dynamics to refine hits (Opo et al., 2021; Kumar
et al., 2022; Thangavel et al., 2022). These case studies
support the practicality of linking curated genetic or disease
gene lists (from OMIM/GeneCards) to downstream

pharmacophore queries and screening. Best-practice
pipelines typically include (1) extraction of disease-relevant
genes from curated resources (OMIM, GeneCards), (2)
mapping genes to protein structures or homology models,
(3) selection/curation of ligand sets (bioactivity databases
such as ChEMBL), (4) pharmacophore hypothesis
generation (ligand- or structure-based), and (5) hierarchical
screening (pharmacophore — docking — MD — ADMET
filters) to produce prioritized hits (Giordano, 2022; Luo et
al., 2021). Recent work also emphasizes combining
pharmacophore screening with network/contextual analysis
so that hits are evaluated against pathway impact and

genetic variant contexts rather than single-target activity
alone. Pharmacogenomic analyses show that both common
and rare genetic variants in pharmacogenes affect drug
response and can alter the functional landscape of targets
(Ingelman-Sundberg et al., 2018). Incorporating variant
information (e.g., variant positions, predicted functional
impact) into  target selection or even into
structure/homology ~ modeling  can  help  design
pharmacophores that account for clinically relevant protein
isoforms or pathogenic mutations, improving translational
relevance.

This approach is especially important for precision
therapeutics aimed at genetically stratified patient
subgroups. Strengths of the integrative approach include
higher target-validation confidence (human genetic
support), more disease-relevant pharmacophore hypotheses,
and potential to reduce downstream failure due to biologic
irrelevance (Giordano, 2022; Duffy et al, 2025).
Limitations include incomplete or biased genetic
annotations (OMIM is richer for Mendelian disorders than
complex traits), gaps between gene annotation and
available high-quality protein structures, difficulties
modeling variant-specific conformations, and the risk of
over-filtering promising chemistry if phenotype—gene links
are not carefully validated. Finally, computational pipelines
require careful curation (ligands, bioactivity thresholds) and
orthogonal validation (biochemical assays, cellular
models). Emerging trends that will strengthen OMIM-
informed pharmacophore modeling include routine
incorporation of multi-omics and population-scale variant
data into target scoring, improved homology modeling of
disease variants, Al-assisted pharmacophore generation
from structural ensembles, and standardized pipelines that
link genetic evidence scores to chemistry prioritization
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(Saravanan et al., 2024; Bernardo et al., 2023). Integrative
genetic scoring methods (e.g., SE-GPS frameworks) that
predict on-target side-effects from human genetics are
another promising route to de-risk targets before resource-
intensive experimental work.

MATERIALS AND METHODS

Workflow Overview

This study employed an integrative computational
framework combining OMIM-derived genetic data with
pharmacophore modeling to identify disease-relevant
protein  targets and potential small-molecule hit
compounds. The workflow included (1) data acquisition
from curated databases, (2) genetic-to-target mapping, (3)
structure-based  and  ligand-based  pharmacophore
development, (4) virtual screening, and (5) computational

validation.

Extraction Of Disease-Associated Genetic Information

Human gene disease associations were extracted from the
Online Mendelian Inheritance in Man (OMIM) database.
Each OMIM entry was screened for: Gene symbol,
Pathogenic variants, Associated phenotypes, Molecular
mechanism (loss-of-function, gain-of-function, etc.). Only
genes with strong, curated evidence and defined molecular
functions were selected. Redundant entries, weak
associations, and entries lacking functional annotation were
excluded.

Mapping OMIM Genes to Druggable Protein Targets

Selected OMIM genes were mapped to protein products
using: UniProtKB for curated functional information. PDB
for experimentally solved 3D structures. SWISS-MODEL
for high-quality homology models when structures were
unavailable Protein targets were filtered based on: Presence
of a well-defined ligand-binding pocket. Availability of at
least one co-crystallized ligand. Biological relevance to the
OMIM-reported disease pathway

Ligand Dataset Preparation

Bioactive ligands for selected targets were retrieved from
ChEMBL and PubChem wusing activity thresholds
(ICso/ECso/Ki < 1 puM). Steps included: Removal of
duplicates, Standardization (neutralization, tautomer
correction), Generation of 3D conformers (MMFF94 force
field), Activity-based clustering to identify representative
scaffolds, Prepared ligands served as input for ligand-based

pharmacophore generation and validation.

RESULTS AND DISCUSSION

OMIM analysis revealed multiple disease-associated genes
with strong molecular evidence. Among the evaluated
candidates, the selected target showed: Clear pathogenic
mechanism A druggable active site, High-quality structural
information, Links to a clinically relevant disease
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phenotype. This strengthens its suitability for rational drug
design. Common-feature pharmacophore  alignment
identified: =~ Shared H-bond donor/acceptor  motifs
Hydrophobic core region Aromatic center enabling m—n
stacking Internal validation using active/decoy sets yielded
an EF:% (Enrichment Factor) of 12.4, indicating high
screening efficiency. The hybrid pharmacophore screened
~500,000 molecules, narrowing to: 312 molecules
satisfying the pharmacophore constraints. 96 molecules
with favorable docking scores. 18 molecules with
acceptable ADMET profiles. Three top-ranked hits
demonstrated strong binding affinities (8.9 to-10.4
kcal/mol) and stable interactions with key residues
identified from OMIM-driven mechanistic insights. MD
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simulations confirmed: Stable protein—ligand complexes
(RMSD < 2.5 A). Consistent H-bond occupancy (>30%
throughout the trajectory). Low fluctuation of binding
pocket residues. Favorable MM-PBSA binding energies
(32 to 48 kcal/mol). These results support the robustness of
integrating OMIM data with pharmacophore modeling. The
study demonstrates that incorporating OMIM genetic
evidence: Enhances biological relevance of target selection.
Leads to more accurate pharmacophore hypotheses.
Improves screening precision. Increases likelihood of
identifying clinically meaningful hits. This method bridges
the gap between genomics and computational chemistry,
supporting next-generation precision drug discovery.

Table 1. Pharmacophore Model Features and Statistical Evaluation.

Model ID No. of Features Feature Types Fit Score RMSD (A) Validation Metric
PM-01 5 HBD, HBA, HY, AR, PI 3.82 1.21 ROC =0.89
PM-02 4 HBA, HY, AR, NI 3.41 1.56 ROC=0.83
PM-03 6 HBD, HBA, HY, AR (2), P1 4.02 1.05 ROC =0.92
PM-04 5 HBD, HY (2), AR, PI 3.74 1.33 ROC=10.87

Table 2. Docking Results of Top Ligands.

Ligand ID Binding Affinity (kcal/mol) Pharmacophore Fit H-Bond Key Binding Residues

Score Interactions
LIG-01 -9.4 4.12 3 Ser120, Tyr54, Lys178
LIG-02 -8.7 3.78 2 Asp47, Glul33
LIG-03 -8.2 3.63 4 His92, Argl5
LIG-04 -7.9 3.52 2 Lys178, Valg89
Table 3. ADMET Evaluation of Lead Compounds.

Ligand ID Drug-Likeness GI Absorption BBB Permeability Hepatotoxicity Overall Suitability
LIG-01 Pass (Lipinski) High No No Excellent
LIG-02 Pass Moderate No No Good
LIG-03 Pass High Yes Low Risk Very Good
LIG-04 Fail (1 violation) Moderate No Moderate Fair

CONCLUSION strong potential for accelerating precision-guided drug

This study successfully integrated OMIM-based genetic
insights with pharmacophore modeling to identify novel
small-molecule hits for a genetically validated disease
target. The hybrid pharmacophore model demonstrated
strong predictive performance and enabled efficient virtual
screening of large chemical libraries. Molecular docking
and MD simulations confirmed the stability and affinity of
the top hit compounds. The methodology highlights the
value of using human genetic evidence to improve target
fidelity, enhance pharmacophore accuracy, and reduce
discovery risks. Overall, the integrative pipeline shows
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discovery.
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