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ABSTRACT

RhoH is an atypical Rho GTPase with restricted expression in hematopoietic cells and lacks intrinsic GTPase activity
W Although it regulates Tcell receptor signaling ? recent studies link RhoH to tumourrelated mechanisms such as
immune evasion . enhanced survival ¥ and metastasis ' through P13K-Akt ©® NFIB [7], and RacI-JNK pathways
81 To explore its therapeutic potential, we constructed a 3D homology model of RhoH and wvalidated it structurally.
Docking simulations revealed interactions with Racl, ZAP-70 © and druglike ligands, identifying key binding
residues. This study provides new structural insights into RhoH and supports its role as a candidate for targeted cancer

therapy development.
Keywords: Rho GTPase, P13K-Akt ) NFEIB [7], and Racl-JNK pathway

INTRODUCTION

Cancer encompasses a wide range of disorders marked by uncontrolled cell growth, evasion of
programmed cell death, persistent blood vessel formation, and the capacity to invade nearby tissues and
spread to distant sites. These malignant traits are often driven by abnormal activation of cellular signalling
pathways that reshape the tumour environment. Among the molecular players influencing these events
are Rho GTPases, which regulate processes like cell movement, growth, and immune responses.RhoH is
an atypical member of this family, restricted to hematopoietic cells and lacking the GTP-hydrolysing
ability seen in other Rho proteins. Rather than acting as a switch, RhoH functions as a signalling adaptor.
It was initially recognized for its role in T-cell activation but is now linked to several cancers through
mutations, altered expression, or gene rearrangements. By affecting pathways such as P13K,-Akt, NF-IB,
and Racl-JNK " RhoH contributes to cancer cell survival, mobility, and immune resistance, making it
promising target for structural and therapeutic research.

Figure 1. The signaling cascade of RhoH protein

RhoH is an atypical member
of the Rho GTPase family
Restricted to Lacks GTP-
hematopoietic cells hydrolyznng ability

CFunctions as a signaling aclaptor )

Linked to several cancers
- PIBK-Akt
- NF-x<B
- Rac1 INK

G E ] Altered Gene
CAF =AU express-on rearrangements
CCancer cell survival)
C Motility )
=
Cancer cell Immune
survwvival resistance

956



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 155,2025
https://theaspd.com/index.php

2. METHODOLOGY

In recent times, computational chemistry has emerged as a powerful tool to address the challenges
associated with conventional drug discovery techniques. Despite ongoing efforts, the complete three-
dimensional (3D) structure of the RhoH protein remains unresolved through both laboratory
experiments and in silico modeling. Consequently, this section focuses on constructing and validating a
3D model of RhoH using computational strategies. The amino acid sequence of RhoH, provided in
FASTA format, was obtained from the UniProt database "". To find appropriate structural templates,
proteins exhibiting similar domain architecture, folding patterns, and secondary structures were
identified with the aid of prediction tools like BLAST " PHYRE2 !, Sequence -to-structure alignments
were further assessed using the E-value, a metric that reflects the degree of similarity between RhoH and
the selected templates.

Protein sequence Alignment and 3D model construction

The amino acid sequence of the target protein was aligned with template sequences using CLUSTALW
14 A 3D structural model of RhoH was then constructed using MODELLER " which employs the
CHARMmMm?22 force field to guide the modeling process. From the multiple models produced, the one
exhibiting the lowest objective function value was chosen for subsequent refinement and optimization.
Energy minimization and Validation

To improve the precision of the predicted 3D structure, loop regions were refined and energy
minimization was carried out using the Impref module within the Schrodinger software suite, employing
a 0.3A cut-off. This step utilized the OPLS2004 (Optimized Potentials for Liquid Simulations) force field
U6l to preserve the native geometry of the protein’s carbon backbone. Throughout the minimization
process, the backbone atoms were restrained, allowing only the side chains to adjust their positions. This
approach enabled the model to reach stable, low-energy conformation without altering the coordinates
of the ca atoms.To enhance the structural stability of the model, molecular dynamics simulations were
performed using the Protein Preparation Wizard integrated in the Schrodinger Suite ", During this
procedure, the OPLS-AA (all-atom) force field was applied to further refine and optimize the 3D
conformation of the protein.The quality and credibility of the homology models were assessed using
validation tools including PROCHECK """ ProSA "8, To measure the structural similarity between RhoH
and its chosen template, root mean square deviation (RMSD) analysis was conducted. The conformation
exhibiting the highest structural stability was selected for in-depth analysis, with particular attention given
to its secondary structure elements and potential active site regions.

Active site identification by computational approach

Accurately determining a protein’s active site is crucial for elucidating its biological role and plays a
fundamental part in structure-based drug discovery. Computational approaches are often employed to
predict potential ligand-binding regions within the protein’s three-dimensional structure. Tools such as
CASTp " and SiteMap *, available in the Schrodinger suite, are widely utilized to identify hydrophobic
cavities and geometrically favorable areas for ligand interaction.

Virtual Screening and Molecular Docking

To facilitate molecular docking and virtual screening, a receptor grid was generated at the predicted
binding site of the RhoH protein using the Glide module within the Schrodinger software suite. Ligand
structures were obtained from established molecular databases and prepared using LigPrep, which
optimizes features such as stereochemistry, ionization states, and ring conformations to enhance docking
reliability. The virtual screening workflow was conducted in sequential phases, utilizing Glide’s HTVS
(High Throughput Virtual Screening), SP (Standard Precision), and XP (Extra Precision) modes. After
docking, the ligands were assessed and ranked based on their Glide Scores, reflecting their estimated
binding affinities.

a) ADMET Properties

Comprehensive evaluation of Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET)
B properties is essential during the initial phases of drug development, as these parameters heavily
influence clinical trial outcomes and a drug candidate’s commercial viability. Ligands that demonstrated
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high binding affinity to RhoH during virtual screening and docking were further analysed for their
pharmacokinetic behaviour using the QikProp module in the Schrodinger suite.

3. RESULTS AND DISCUSSION
Modeling and Structural evaluation of the RhoH protein
a) Template selection using amino acid sequence of RhoH protein
The UniProt database is a cornerstone in bioinformatics, offering a meticulously curated repository of
protein sequences and their corresponding annotations, which supports a broad array of biological
research applications. By consolidating data from renowned sources such as Swiss-Prot, TTEMBL, and
PIR, UniProt delivers detailed insights into protein sequences, their functional annotations, structural
properties, and taxonomic classifications. Its user-friendly interface simplifies protein searches, utilizing
query-based tools that allow the efficient retrieval and downloading of FASTA-formatted sequences,
which are vital for high-level bioinformatics investigations.In this study, the UniProt platform was
employed to retrieve the protein sequences of RhoH protein, which were then subjected to analysis for
obtaining functional annotations and exploring structural features. These sequences were instrumental
in identifying conserve domains and active sites, essential for homology modelling endeavours. By
utilizing protein accession numbers or sequence-specific queries. UniProt provided and reproducible
data, playing a crucial role in the computational workflow.The BLAST (Basic Local Alignment Search
Tool) server was used to identify an appropriate structural template for RhoH protein, a critical protein
involved in regulate cytoskeleton dynamics, cell morphology and polarity, cell motility, vesicle trafficking
, cell survival, differentiation and new gene expression, cell cycle progression and cell growth. The FASTA
sequence of RhoH protein was submitted to the Protein Data Bank (PDB) using the BLASTP algorithm.
The selection process emphasized template with high sequence identity, low E-values (<0.001), and
substantial query coverage to ensure precise structural modeling and biological relevance. Among the
options, a template 1kI1_A with 42.25% sequence identity, an E-value of 3 x ¢, and 94% query coverage
was chosen for its strong similarity to RhoH Protein. This selected template served as a reliable starting
point for 3D structural modeling and analysis, underlining the value BLAST server in homology-based
protein structure predictions.Similarly, the PHYRE2 server identifies template proteins with comparable
fold architectures. It provides a confidence score to indicate the likelihood of sequence similarity between
the target amino acid sequence and the template structures. This similarity is further evaluated using
statistical metrics such as E-values and percentage confidence. Based on these analyses, a template 1KI1_A
is selected for constructing the three-dimensional structure of the RhoH protein (Table 3.1)

Table 3.1. Selection of template for The RhoH protein

S.NO. Server tool Identified E ~Value/ | Identity %
Template Confidence score
1 BLAST 1KI1_A 3 x ¢t 94
3 Phyre2 1KI1_A 99.6% 95
b) Comparative Sequence Analysis and Structural Characterization of the RhoH protein

The RhoH protein sequence was aligned with selected template 1KI1_A, using the CLUSTALW tool for

sequence alignment (Figure 4.1)

Figure 3.1. Sequence alignment of the RhoH protein with the template 1KI1_A
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Figure 3.1. Illustrated the sequence alignment of the RhoH protein with its corresponding template
1KI1_A sequence. The alignment was performed using CLUSTALW and subsequently visualized
through Discovery Studio in the figure, identical amino acids are shown with dark blue color, strong
similarity are shown in blue color , weak similarity are shown in light blue color and non-matching are
shown in white color.The FASTA sequence of the RhoH protein, along with the chosen template
sequence and their corresponding atomic coordinates, was submitted to the MODELLER software to
construct a three dimensional model of RhoH protein. A total 100 initial models were generated, and
the one with the lowest Modeller objective function score was selected for subsequent optimization
analysis.

4. VALIDATION OF MODEL GENERATED BY COMPUTATIONAL METHOD

The stereochemical integrity of the RhoH protein structure was evaluated using a Ramachandran plot
analysis (Figure 4.1)

Figure 4.1. Ramachandran contour plot of the protein RhoH (Stereochemical Integrity)
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Figure 4.1 displays the Ramachandran plot *''** for the RhoH protein structure, illustrating the
distribution of residues (Shown as black dots) across various energetically favorable region. These regions
are color-coded, with red denoting the most favorable zones, yellow representing additionally allowed
areas, and light yellow indicating generously allowed regions. The analysis confirms that all residues of
the RhoH protein fall within these energetically permissible zones.

Figure 4.2. ProSA Server predicted Z-Score of the RhoH protein
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In addition, the overall structural integrity of the RhoH protein model was examined using the ProSA
(Protein Structure Analysis) server *. The resulting Z-score of -4.56 (Figure 4.2) falls within the typical
range observed for experimentally determined protein structures of similar size, whether resolved through
X-ray crystallography (light blue) or NMR spectroscopy (dark blue), suggesting a reliable model. ProSA
energy profile ' (Figure 4.3) presents the calculated energy values for the structure across two segment
lengths-windows of 10 and 40 amino acids-offering into localized energy variations within the model.

Figure 4.3. RhoH protein Local Model Quality
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5. Secondary Structure Profile
Figure 5.1. The 3D structure of the RhoH protein
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Figure illustrates the three-dimensional structure of the RhoH protein, presented as a cartoon diagram.
In this representation, the N-terminal is positioned at the top right, while the C-terminal is located at the
bottom right. The three dimensional structure of the Rho] protein comprises 9 a helices and 6 B sheets
(Figure 5.1 and Table 5.1)

Figure 5.2. RhoH protein profile
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After submission of the generated 3D- model with PDB ID lib7 is analyzed and shown in Figure 5.2
presents the secondary structural features of the RhoH protein as generated by the PDB-sum server tool
U8 In this visualization, 9 o-helices are depicted in dark violet, 6 Bsheets are represented by pink arrows
and as well as in cylindrical form of RhoH, a helices (red color), B sheets (pink arrows) are represented.
Table 5.1. The a-helices and B-sheets in RhoH protein
S. NO. Type of secondary structure Amino acid sequences
From to To
1 o helices 16 to 26
63 to 67
68 to 74
88 to 96
97 t0106
118 to 124
125 to 131
136 to 144
158 to 171
2 B sheets 3t012
41 to 47
50 to 59
78 to 85
110 to 116
145 to 151

Table lists the a- helices and 8 - sheets identified within the RhoH protein structure, a total of 9 a helices,
6 B - sheets.

6. Identification of Putative active sites

In silico analyses were performed using advanced structural bioinformatics tools, namely CASTp and
SiteMap, to predict potential ligand-binding regions within the protein. The CASTp server evaluates
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topographical features of protein surfaces by applying both Connolly’s molecular surface model and
Richards’ solvent - accessible surface model to identify and characterize putative binding pockets.
Complementary predictions generated by SiteMap revealed a high probability active sites.

Table 6.1. RhoH protein active site regions

S.NO. Active site | Site Number Volume Amino acids
prediction server / (A)
tool

1 SiteMap 1 235.641 5,47,48,50,52,112,

137,140,141,144,
145,146,147,148,
149,164,165,167,
168,170,171,176,
177,178

2 CASTp 1 443.862 47,48,167,168,
171,172,173,174,
175,177,181,183,
184,186,188
Table 6.1 indicating one active site region identified using SiteMap and CASTp server tools. The putative
active sites shown by SiteMap starting from 5 to 178 with a volume of 235.641A and CASTp showing an
active site starting from 47 to 188 with a volume of 443.862 A.

7. Screening of Ligand Molecules and Docking Studies

In this research, a structure-based virtual screening (SBVS) strategy was applied to discover new small
molecules that can interact with the RhoH protein. The docking simulations were guided by a receptor
grid centered on the RhoH active site, with grid dimensions set to 23 A x -27.56 A x -1.33 A. Ligand
preparation was carried out using the LigPrep module form the Schrédinger software suite, which
generated low-energy conformers for each compound. The Epik tool, integrated within LigProp
(Schrodinger Suite) *, was used to predict multiple ionization and tautomeric states based on Hammett
and Taft parameters, allowing for the generation of up to eight tautomeric variants per molecule by
default. To ensure chemical and stereochemical validity, the software automatically corrected structural
irregularities, such as incorrect ring geometries or chirality issues often encountered in natural product
scaffolds.A total of 30,000 compounds sourced from the Comprehensive Marine Natural Products
Database (CMNPD) #1250 were processed, yielding 44,850 unique ligand structures. These were then
evaluated using a tiered virtual screening approach via Glide (Schrédinger, LLC, New York, NY, 2023),
which included High Throughput Virtual Screening (HTVS), followed by Standard Precision (SP), and
finally Extra Precision (XP) docking stages. At each level roughly the top 10% of compounds-those
showing the most promising binding poses-were advanced to the next phase in accordance with Glide’s
default filtering mechanisms.The screening process ultimately identified five high-scoring ligand-Rho]
complexes. These top candidates, selected based on their docking scores, are summarized in Figure 7.1
and Table 7.1. Similar SBVS frameworks have been previously utilized in the literature for lead compound
discovery targeting novel therapeutic proteins.An in-depth examination of the docking outcomes
demonstrated strong ligand-protein interactions, suggesting high binding affinities between the
compounds and the Rho] protein. Visualization of hydrogen bond interactions was carried out using
Schrodinger suite *'*? with bond lengths ranging from 1.61 A to 2.78 A, which fall within a meaningful
and favorable range (refer Table 8.1). The 3D and corresponding 2D interaction profiles for the selected
ligand-RhoH complexes (D1 to D5) are depicted in Figure 7.1.
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Figure 7.1. Ligands (D1 to D5) - RhoH Protein interactions

S.NO. | Ligand Glide Score | Glide Hydrogen bond | Hydrogen
Energy between ligand and | Bond

(Kcal/mol) | amino acid Distance
DI.ARG168 2.53
DI1-GLN161 2.02
DI1-MET47 2.00
D1 -7.005 -56.922 D1-ASP48 2.23
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*W*\Lﬂ(\iw\f\r DIILE50 2.28
Y ' D1-MET47 1.91
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D2 7.042 -53.027 D2-ASN178 2.08
D2- ALA146 2.07
D3-MET47 1.98
D3-MET47(A) 2.63
) D3-ARG177 2.38
D3 ;5»\ -7.498 -51.102 D3-ARG177 2.32
P D3-TYR148 1.89
i D3-TYR148 1.94
IfL R @ § D3.GLN161 2.08
D3-GLU164(A) 2.38
; i D4.GLN161 1.93
D4 R R S -6.206 -50.631 D4.ARG168 2.12
~ % D4GLU164 1.92
D5 N -7.006 -60.867 D5.LYS137 2.34
o oy D5-TYR148 1.89
P D5-LYS146(A) 2.78
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Figure 7.1. Ligand - RhoH protein docked complexes
D1 Ligand - RhoH protein
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8. ADMET properties
Figure 8.1. Recommended ADME profile

permissible ranges
S. No. Descriptor ADME property or recommended
value
1 CNS Predicted central nervous system -2 (inactive) to
activity on -2 to +2 scale +2 (active)
2 mol MW Molecular weight of the molecule 130 t0 725
Estimated number of hydrogen bonds
3 DHB that would be donated by the solute 0to 6
to water molecules in an aqueous
solution
Estimated number of hydrogen bonds
4 AHB that would be accepted by the solute 2 to 20
from water molecules in an aqueous
solution
- QPPCaco Predicted apparent Caco-2 cell SESPOON,
5 >500 great
permeability in nm/sec
Predicted water/gas partition
6 QPlogPw PO 4.0 - 450
Predicted octanol/water partition
7 QPlogPo/w coatficiant 2.0 -6.5
Predicted aqueous solubility, log S. S
8 QPlogS s mol doy> 6.5-05
Prediction of binding to human
9 QPlogKhsa Sarus Slbiimi 1.5- 1.5
Predicted 1Cso value for blockage of .
10 QPlogHERG HERG K-* channels Below +5.0
11 QPlogBB Predicted blood / partition coefficient 3.0-12
% Predicted human oral absorption on 0 >80% is high
= orel to 100% scale 25% is
absorption » o = e
13 Rule Of Five | Number of \':)l:‘a L})g::fl.lpumkn . maximum is 4
14 Rule OF Number of violations of Jorgensen's T
Three rule of three
15 Synthetic Predicted synthetic feasibility: 0 = high feasibility
feasibility on scale of 1 to 10: 10 = least feasible
Predicted lyophilic nature of the
16 Eipophilciy ligand calculated from plC50-LogP min -6; max +3

a) Physicochemical Profile

Preclinical assessment plays a crucial role in the early stages of drug development. In this investigation,
ADME (Absorption, Distribution, Metabolism, and Excretion) analysis ' "% was performed on the
newly identified ligands using the QikProp module integrated within the Schrodinger suite (figure). The
evaluated physicochemical properties-including molecular weight (<624.912 Da), number of hydrogen
bond donors (£5.25), and hydrogen bond acceptors (<12.8) -were all within the generally accepted
thresholds for drug-like compounds, as illustrated in Figure 8.1.

b) Pharmacokinetic Properties

Human Oral Absorption (HOA) is a crucial and essential pharmacokinetic parameter during the initial
phases of drug development. In this study, all candidate ligands exhibited strong HOA values, ranging
from 69.233 to 100%, suggesting excellent potential for oral bioavailability (Table 8.1). As shown in
Figure 8.1, all compounds evaluated met the standard criteria for effective oral absorption (refer Table

8.1).
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Aqueous solubility, a critical factor influencing both absorption and systemic distribution, was evaluated
using the QPlogS descriptor. The calculated solubility values for the compounds spanned from -6.315 to
-1.97, which are within acceptable ranges for druglike molecules. To estimate intestinal permeability, the
QPPCaco descriptor was used; it yielded values between 675.07 and 521.665, indicating the compounds
have sufficient permeability to cross the gastrointestinal barrier (refer Table 8.1).Additionally, the extent
of protein binding-particularly to human serum albumin-was assessed through QPlogKhsa values. These
values, which reflect serum protein affinity, ranged from -0.783 to -0.081, suggesting that all ligands fall
within the pharmacologically acceptable range for plasma interaction (refer Table 8.1)

Table 8.1 The ADME profile of ligands D1 to D5 obtained from virtual screening

Ligand Physicochemical Properties Pharmacokinetic Drug Likeness
Number Properties Property
mol MW | donorHB | accptHB | QPlogS | HOA% | QPPCaco | QPlogKhsa | QPlogPw | QPlogBB | CNS | QPIogHERG | RuleOfFive | RuleOfThree | QPlogPo/w

o 624912 | 5.25 1125 | -3.353 | 100 | 600.145 | -0.783 | 29.827 | -2.254 | -2 -3.127 3 1 1442
b2 385376 | 425 825 | -197 | 76351 521.665 | -0.597 | 21.583 | -2.301 | -2 -3.896 1 2 0.273
b3 609432 | 3.25 9 546 | 85.67 | 67507 0.026 24138 | 2075 | -2 -4.893 3 2 2.559
H 538.68 4 128 | -6315|69.233 | 672509 | -0.081 | 17.947 | -2951 | -2 -1.094 1 2 3.749
5 250.294 3 10 | 4521|7525 | 56321 | 0152 | 18256 | -2.635 | -2 -1.022 1 1 2.546

Considering the potential risks associated with unintended blood-brain barrier (BBB) permeability and
its impact on the central nervous system (CNS), QPlogBB values were examined. The results indicated
that all compounds fell within an acceptable range of -2.951 to -2.075 (Table 8.1), suggesting minimal
ability to penetrate the CNS. Additionally, all ligands exhibited negative CNS activity scores, implying
low neurotoxicity potential and favorable CNS safety profiles.Furthermore, inhibition of the hERG
(human ether-a-go-go-related gene) potassium channel is a well-established concern in cardiac safety, as it
can lead to QT interval prolongation and increase the risk of arrhythmias. To asses this, predicted pIC50
values for hERG channel inhibition were calculated and found to range from -4.893 to -1.022. These
values indicate a low likelihood of cardio toxic effects among the tested ligands.

Toxicity Summary

To assess the metabolic vulnerabilities of the compounds, their potential interactions with Cytochrome
P450 enzymes were evaluated using The ProTox 3.0 platform P*'®7P8 (Table 8.2). The analysis revealed
that several ligands either inhibited or did not affect major CYP450 isoform-an important factor in
predicting metabolic stability and possible drug-drug interactions. Additionally, the compounds
demonstrated no sign of hepatotoxicity or cardiotoxicity. Collectively, these findings suggest that the
selected molecules possess favorable pharmacological properties and low toxicity profiles, highlighting
their promise as therapeutic candidates for treating cancer.

Table 8.2 The Toxic profiling of the ligands D1 to D5 using ProTox server

S.ND. LIGANDS | HEPATOTOXICITY | CARDIOTOXICITY | CYP-[AZ CYP-2C19 CYP-209 CYP-206 CYP-34

I 1] INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE

2 02 INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE

3 03 INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE ACTIVE

§ 04 INACTIVE INACTIVE INACTIVE INACTIVE ACTIVE INACTIVE INACTIVE

2 03 INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE INACTIVE
CONCLUSION

The computational inhibition of RhoH-an atypical Rho GTPase implicated in hematopoietic
malignancies-represents a promising therapeutic strategy. This study highlights the potential of in silico
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drug discovery approaches to identify small-molecule inhibitors capable of targeting aberrant RhoH
activity resulting from mutations, dysregulated expression, or chromosomal arrangements. By disrupting
RhoH-mediated signalling cascades, including P13K - Akt, NfIB, and Racl-JNK pathways, such
interventions may suppress cancer cell survival, motility, and immune evasion. These findings underscore
the value of structure-based virtual screening and ADMET profiling in the early identification of
candidate compounds for modulating oncogenic adaptors like RhoH, thereby advancing targeted cancer
therapy development.
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