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Cholangiocarcinoma (CCA) is a rare but aggressive cancer affecting the bile duct, with limited treatment options
and a poor prognosis. This study employed a machine learning algorithm and molecular docking using Maestro
to screen 215,925 compounds from the Lotus database, aiming to identify potential fibroblast growth factor
receptor-1 (FGFR1) inhibitors as therapeutic agents. Five promising compounds were identified, with binding
energies ranging from —10.018 to —8.439 kcal/mol, all outperforming the standard drug Dovitinib (—8.419
kcal/mol). Molecular mechanics calculations and MM/GBSA analysis confirmed the structural stability and
favorable binding energies of the protein-ligand complexes. Additionally, 100-ns molecular dynamic simulations

demonstrated that the top three compounds remained stable within FGFR1’s active site, supported by root mean
square deviation, root mean square fluctuation, and hydrogen bond interactions. Overall, these five compounds
show promise as potential therapeutic agents for CCA and warrant further investigation for drug development.

1. Introduction

Over the last decade, intensive advancements in cancer genomic
research have provided a foundation for the use of specific small mol-
ecules to target disrupted cellular processes. The dysregulation of
fibroblast growth factor receptor (FGFR) signaling pathways as observed
in a subset of various cancers, makes it a highly promising therapeutic
target as evident in diverse pre-clinical and clinical studies (Chmiel
et al., 2022).

The FGFR family constitute of four tyrosine kinase receptors, (FGFR
1-4). These enzymes are essential in carcinogenesis and several other
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physiological signaling pathways. During the early stages of embryonic
development FGFRs are primarily involved in essential cellular inter-
action and functions (Ornitz and Legeai-Mallet, 2017). Moreover, these
signaling pathways are involved in the regulation of fundamental
metabolic functions such as bile acid, fatty acid, glucose, and mineral
metabolism (Zhou et al., 2017). For example; activation of FGFR1 has
been demonstrated to affect vascular endothelium proliferation posi-
tively (Cross and Claesson-Welsh, 2001). Therefore, activation of these
receptors could likely initiate downstream signaling through key
cellular pathways such as PI3K, AKT, mTOR, RAS/RAF/MEK/MAPK,
JAK/STAT, and PLCy, all of which play critical roles in tumor
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Fig. 1a. Bar charts of features counts of FGFR-1 inhibitors from CHEMBL database.
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Fig. 1b. Bar charts of features counts of FGFR-1 inhibitors from CHEMBL database.
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Fig. 2. Scatter plot of different features of FGFR-1 inhibitors from CHEMBL database.
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Table 1
Best 10 descriptors importance.
Features Scores
SMR_VSA10 0.185727718

TPSA 0.171837253
BCUT2D_MRHI 0.167809861
EState_VSA8 0.156903893

SlogP_VSA2 0.147997215
PEOE_VSA1l 0.139312067
SMR_VSA7 0.133327107
PEOE_VSA8 0.132902051
BCUT2D_MWHI 0.126873558
SMR_VSA3 0.12616125

development, including mitogenesis via the MAPK pathway, cell sur-
vival via the PI3K pathway, and mobility via the PKC pathway, and these
pathways are also present in Cholangiocarcinoma (CCA) (Goetz and
Mohammadi, 2013; Teven et al., 2014; Turner and Grose, 2010).
Multiple studies regarding various forms of cancer demonstrated that
there is a close association between FGFRs and tumor growth as well as
tumor cell proliferation (Kim et al., 2013). For example, a study by Kim
et al. (2013) demonstrated that FGFR2 promotes breast cancer tumori-
genicity by maintaining breast tumor-initiating cells. Moreover, it is also
possible that the FGFR1 signaling pathway plays a key role in tumor cell
invasion (Coleman et al., 2014). Therefore, dysregulation of the FGFR

pathways can also impact angiogenesis, a crucial stage in the develop-
ment of cancer. Additionally, Wang et al. (2021) demonstrated that
growth of tumors can be prevented by blocking angiogenesis through
FGFR1 inhibition. In summary, gain-of-function coding mutations or
gene amplifications have the potential to significantly impact each
critical stage of cancer formation, ultimately resulting in dysregulation
of the FGF/FGFR signaling pathway.

Consequently, new treatment avenues have emerged, such as the use
of FGFR inhibitors in tumors like CCA, which have a poor prognosis and
few available treatment options (Banales et al., 2016). Chol-
angiocarcinoma (CCA) is a rare type of cancer that originates in the bile
ducts, which are responsible for carrying bile from the liver to the small
intestine (Ghouri et al., 2015). CCA is frequently diagnosed at an
advanced stage, mostly in older males, with a peak incidence age of 70
(Izquierdo-Sanchez et al., 2022). The incidence rate is higher in Eastern
countries (e.g., Thailand) compared to Western countries, with risk
factors such as cirrhosis and cholelithiasis. However, new potential risk
factors are still being discovered (Khan et al., 2019). However, due to its
rare occurrence, CCA continues to pose diagnostic and therapeutic
challenges as the expected 5-year survival rate for CCA patients still
oscillates at around 5 % (Sung et al., 2021). According to Chmiel et al.
(2022), management of CCA currently relies on surgical procedures and
chemotherapy which also have limited effectiveness, necessitating the
need for finding an alternative therapeutic agent. However conventional
methods of drug discovery through clinical trials have been overtaken
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Fig. 3. Barplot of the best 10 features importance.

by events due to cost and the trial-and-error steps involved. It is esti-
mated that a typical drug discovery cycle, from lead identification
through to clinical trial can roughly take fourteen years with a cost of
800 million US dollars (Link, 2019). Such limitation brings into play the
recent computational approach such as Machine Learning (ML) and
Deep Learning (DL) which predicts new therapeutic agents using com-
puter algorithms.

The development of machine learning (ML) models and the expan-
sion of chemical and pharmacological data have given rise to AL para-
digms (Vamathevan et al., 2019). This era of technology has created a
space in the field of drug discovery for data-driven computer processes
(Pasrija et al., 2022). As an offshoot of Al, ML-facilitated approaches
place more emphasis on the transformation of massive biomedical big
data into new enlightening, and sustainable expertise than conventional
approaches do on the theoretical advancement of the complex and
sustainable physicochemical tenets (Pasrija et al., 2022). Deep learning
(DL) another tenet of Al allows its models to process information and
make judgments or predictions without the need for explicit program-
ming (Lavecchia, 2019). DL plays a pivotal role in drug development as
it can analyze large datasets including both genetic and clinical data,
hence helping in the identification of novel drug targets, with precise
drug efficacy prediction, and drug optimization (Nag et al., 2022). Its
ability to evaluate big and complicated datasets is one of its unique
features. In contrast to labor-intensive and time-consuming traditional
data analysis approaches such as statistical techniques and manual ex-
amination, deep learning models provide quick and efficient data
analysis that may identify patterns and foresee outcomes, thereby

expediting the drug development process (Nag et al., 2022).

Our study focuses on the identification of novel and natural FGFR-1
Inhibitors from the Lotus Database for CCA Treatment. Lotus database is
an extensive natural product database designed to facilitate the explo-
ration and discovery of bioactive chemical compounds (Rutz et al.,
2022). The database comprises an array of more than 215,925 chemical
entities derived from a variety of natural sources, such as fungi, plants,
marine organisms, and microbes (Rutz et al., 2022). In this study, we
employed a machine learning algorithm to train on active molecule
datasets. Subsequently, we screened the Lotus database to identify po-
tential FGFR-1 inhibitors. We further assessed the selected molecules
using molecular docking techniques and molecular dynamic
simulations.

2. Materials and methods

The workflow of this study is depicted in Supplementary Fig. 1.

2.1. Generation of FGFR1 inhibitors from CHEMBL

The experimental data on the activity of FGFR1 inhibitors ((n =
4896) were obtained from the CHEMBL database. The target protein’s
(5AM6) FASTA sequence was retrieved from the PDB and used to search
for the antagonists in the CHEMBL database (https://www.ebi.ac.uk/ch
embl/). The list of antagonists was then preprocessed to contain just the
Chembl ID of the compound, SMILES of the compound, and the pIC50
value in a CSV file.
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2.2. Target library

The target library data set contains 215,925 compounds that were
downloaded from the LOTUS database (https://lotus.naturalproducts.
net/). The LOTUS database is one of the biggest resources for natural
products. The database was downloaded in a SDF format.

Table 2

Classification report of the model classifier on the test data.
classification precision Recall Fl-score support
Strong Inhibitor 0.71 0.79 0.75 224
Weak Inhibitor 0.75 0.66 0.70 215
accuracy 0.72 439
macro avg 0.73 0.72 0.72 439
weighted avg 0.73 0.72 0.72 439

2.3. Machine learning architecture

The FGFR1 inhibitors dataset was cleaned using pandas. Compounds
with missing activity data were removed, and duplicates were also
removed. The compounds were categorized into weak and strong in-
hibitors using a 6.5 pChEMBL value as the threshold (i.e., pChEMBL
values greater than or equal to 6.5 were classified as strong inhibitors,
while those less than 6.5 were classified as weak inhibitors). The data
was balanced by randomly removing compounds to make the number of
weak inhibitors equal to the number of strong inhibitors, resulting in a
total of 2194 compounds. 210 descriptors were generated using the
RDKit package. Exploratory data analysis was conducted using the
Seaborn and Matplotlib packages. The final descriptors for the model
were selected by: ! Removing features with high correlation (>0.90) 2
Removing features with low variance.

The remaining features were transformed using the MinMaxScaler
based on the fitness from the training set after dividing the entire dataset
into training and test sets using a test size ratio of 0.2. Using the KBest
algorithm (a traditional feature selection method) in the Scikit-learn
library, the top 10 performing features were selected.

The machine learning model was built

using  the
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GradientBoostingClassifier, an ensemble technique that can operate
with a small amount of data. The model was used to screen the LOTUS
database of 215,925 compounds, classifying the database into 147,310
weak inhibitors and 68,508 strong inhibitors.

2.4. Virtual screening by Lipinski rule of 5, QED, and SAScore

The resulting 68,508 strong inhibitors were further screened using
Lipinski’s rule of five (ROV = 0), which resulted in 34,738 compounds.
The compounds were further screened using the QED score (threshold
0.6) and SA score (threshold 5.0), resulting in 19,417 compounds and
14,500 compounds, respectively. Both the QED and SA scores were
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calculated using the RDKit library. The SAScorer was used for the SA
score calculation as this is not part of the CalculateDescriptors class.

2.4.1. Ligand preparation

The filtered compounds (14500) were prepared using the LigPrep
module, employing the OPLS3 force field (Bodun et al., 2024). Tautomer
generation was excluded, while stereoisomer calculation was limited to
a single isomer per ligand.

2.4.2. Protein preparation

The crystal structure of the FGFR-1 was obtained from the Protein
Data Bank (PDB) with PDB ID 5AM6. The process started by importing
the protein into the workspace, followed by Prime-facilitated filling of
missing loops and chains. Subsequently, water molecules were elimi-
nated during chain refinement. PROPKA pH 7.5 was applied to optimize
the protein, followed by removal of water beyond a 5 A radius and
protein minimization. Finally, an energy minimization process was
executed to achieve a lower-energy state for the protein.

2.5. Grid generation

The active site of the FGFR-1 was determined using the receptor grid
generation module in Schrodinger Maestro software. The coordinates of
the active site were calculated based on the position of co-crystallized

Table 3
Top compounds and their fitness scores.
Compound Lotus ID Fitness
score
(S)-2-(2-ox0-1,2-dihydroquinoline-4-carboxamido) 73350744 1.615
succinic acid
(2R)-4-methoxy-4-ox0-2-[[2-[(3S)-2-0x0-1,3- 162848022 1.952
dihydroindol-3-yl]acetyllamino]butanoic acid
2-demethylcyclopiamide E 137206669  1.826
(4bR,5R,10aS)-11,11-dimethyl-4b,5,10,10a- 102410411 1.345
tetrahydrobenzo[b]fluorene-5,7,9-triol
Chandrananimycin D 46939591 1.359

D6
A2 Donor
Acceptor Permitted
Permitted
A

00 A
A .66 kcal/mol
.16 kcal/mol R12
Aromatic Ring
Permitted
R

200 A
-1.07 kcal/mol

-

Fig. 7. The E-pharmacophore hypothesis developed with five features (2 Donors, 1 Acceptor and 2 Aromatic Rings).
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a — Compound 73350744, b — Compound 162848022, ¢ — Compound 137206669, d — Compound 102410411, e — Compound 46939591, f — Standard

drug (Dovitinib).

ligand that was present within the FGFR-1 binding pocket. The x, y, and
z grid coordinates were measured to be 217.92, —8.14, and 24.83
respectively.

2.6. E-pharmacophore generation and screening

Pharmacophore screening was conducted using Schrodinger Maestro
software version 12.8. A pharmacophore model was created based on
the interactions between a co-crystallized ligand and the target protein.
This model featured five distinct characteristics. Strict screening criteria
(requiring at least 4 out of 5 features) were applied to filter 14,500
compounds, resulting in 1937 compounds passing the initial screening.

2.7. Structure-based virtual screening

Out of the initial 1937 compounds that passed the pharmacophore
screening, further screening was performed using molecular docking
methods with different precision levels. Initially, HTVS (High
Throughput Virtual Screening) was applied, followed by filtering based
on a docking threshold of —6.0 kcal/mol, resulting in 1770 compounds.

Subsequently, Standard Precision (SP) docking was employed with a
stricter threshold score of —6.5 kcal/mol, reducing the list to 227
compounds. Finally, Extra Precision (XP) docking was used on the top
50 compounds from SP, leading to the selection of the top five
compounds.

Throughout this process, the binding affinity of each compound was
evaluated against the co-crystallized ligand, 4-amino-5-fluoro-3-[5-(4-
methylpiperazin-1-yl)-1H-benzimidazol-2-yl]quinolin-2(1H)-one  also
known as Dovitinib.

2.8. Estimation of binding energy

Following XP docking, which demonstrated a positive correlation
between favorable poses and high scores among the docked complexes,
the next step involved evaluating the potential biological response of
these complexes. This assessment was conducted by calculating the free
binding energy using the molecular mechanics generalized Born surface
area (MM-GBSA) method within the Prime module of Maestro. The
study focused on the top five ranked compounds, including the standard
drug, to ascertain the stability of the protein-ligand complexes. This
analysis aimed to determine whether the interactions between the li-
gands and the target protein were sufficiently strong to potentially
induce a biological response (Bodun et al., 2023).

AGbind = AGcomplex — (AGligand + AGprotein) €8}
2.9. Evaluation of DrugLikeness and ADMET properties

The ADMET properties of the top five compounds were evaluated
using the SwissADME (http://www.swissadme.ch/) and ADMETLab
(https://admetlab3.scbdd.com/). These processes—absorption, distri-
bution, metabolism, and excretion—are critical in drug development for
understanding how drugs are absorbed into the body, distributed within
tissues, metabolized by enzymes, and ultimately eliminated. These web
servers provide predictions for various ADMET parameters, which are
essential for assessing the potential effectiveness and safety of drug
candidates during the early stages of development.
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Fig. 8b. 3D interaction of the top compounds with the FGFR-1 protein

Aspects of Molecular Medicine 5 (2025) 100085

P 641 \ 7ALA 564 LU 562

-

\

a — Compound 73350744, b — Compound 162848022, ¢ — Compound 137206669, d — Compound 102410411, e — Compound 46939591, f - Standard

drug (Dovitinib).

Table 4
Docking scores and the free energy of the top compounds.
Compound Docking MMGBSA
score score
(8)-2-(2-0x0-1,2-dihydroquinoline-4-carboxamido) —10.018 —59.10
succinic acid (Compound 73350744)
(2R)-4-methoxy-4-ox0-2-[[2-[(3S)-2-0x0-1,3- —0.9.981 —51.80
dihydroindol-3-yl]acetyllamino]butanoic acid
(Compound 162848022)
2-demethylcyclopiamide E (Compound 137206669) —8.851 —47.61
(4bR,5R,10aS)-11,11-dimethyl-4b,5,10,10a- —8.442 —45.14
tetrahydrobenzo[b]fluorene-5,7,9-triol
(Compound 102410411)
Chandrananimycin D (Compound 46939591) —8.439 —45.67
Standard drug (Dovitinib) —8.419 —46.28

2.10. Molecular dynamic simulation

The top three compounds based on docking scores with the co-
crystalized ligand were subjected to a 100 ns molecular dynamics

Table 5
Interacting amino acids at the active site with the lead compounds.

(MD) simulation using the Desmond tool of the Schrodinger (version
2017-1). The simulation was carried out with an explicit solvent system,
and to maintain neutrality, Na+, and Cl-were added at 300°K and
1.01325 bar. An orthorhombic box with a 10 x 10 x 10 A buffer and
0.15 M salt was used to prepare the model for the physiological envi-
ronment, with the transferable intermolecular potential-4 point (TIP4P)
force field. After the MD simulation, the trajectories were analyzed for
RMSF, RMSD, and protein-ligand contacts using the interaction diagram
module of the Desmond-Schrodinger suite.

3. Results and discussion
3.1. Exploratory data analysis

Fig. 1 shows the histogram plots of some selected descriptors. Fig. 2a
shows a scatterplot of the Quantitative Estimate of Drug-likeness (QED)
and Molecular Weight (Mol Wt). There was a negative correlation be-
tween these two descriptors: the higher the molecular weight, the lower
the QED. We also noticed that strong inhibitors formed a noticeable
cluster with low QED values. This was also the case in Fig. 2c, where the

Compound name Docking H- Interacting residue

score bond
Compound 73350744 —-10.018 6 ARG 627, ASN 568, GLU 562, LEU

484, ALA 564

Compound 162848022 —9.981 4 GLU 562, TYR 563, ALA 564, SER 565
Compound 137206669 —8.851 2 GLU 562, ALA 564
Compound 102410411 —8.442 3 LEU 484, ALA 564, SER 565
Compound 46939591 —8.439 4 ASP 641, ALA 564, SER 565
STANDARD DRUG —8.419 3 GLU 562, ALA 564

(Dovitinib)

Hydrophobic interaction Other
interaction

LEU 484, ALA 640, ALA 512, ILE 545, VAL 561, TYR 563, ALA  None
564, VAL 492, LEU 630

ALA 640, ILE 545, ALA 512, VAL 561, TYR 563, ALA 564, VAL None
492, LEU 630, LEU 484

VAL 492, LEU 630, ALA 640, ILE 545, ALA 512, VAL 561, TYR None
563, ALA 564, LEU 484

ILE 565, ALA 512, VAL 561, TYR 563, LEU 630, ALA 564, LEU None
484, VAL 492

LEU 644, ALA 640, VAL 492, ALA 512, LEU 630, TYR 563, ALA None
564, LEU 484

ALA 640, ILE 545, VAL 492, ALA 512, VAL 561, TYR 563, ALA  None
564, LEU 630, LEU 484
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Table 6
In-silico drug likeness prediction of the top compounds.

Pubchem ID Compound name MW HBA  HBD  TPSA ILOGP LOGKP ROV

Compound 73350744  (S)-2-(2-0x0-1,2-dihydroquinoline-4-carboxamido)succinic acid 30425 6 4 136.56 0.5 —8.54 0

Compound (2R)-4-methoxy-4-ox0-2-[[2-[(3S)-2-0x0-1,3-dihydroindol-3-yl]acetyl]Jamino] 320.3 6 4 128.72 1.19 —-7.76 0

162848022 butanoic acid
Compound 2-demethylcyclopiamide E 317.34 4 0 62.63 244 —8.27 0
137206669
Compound (4bR,5R,10aS)-11,11-dimethyl-4b,5,10,10a-tetrahydrobenzo[b]fluorene-5,7,9-triol 296.36 3 3 60.69 2.2 —5.76 0
102410411
Compound 46939591 Chandrananimycin D 300.27 5 4 107.89 1.04 —7.49 0
Table 7
The bio-availability, pharmacokinetic properties and Cytochrome P450 metabolizing enzymes inhibitory potentials of the top compounds.

Models (S)-2-(2-o0x0-1,2- (2R)-4-methoxy-4-0x0-2- 2- (4bR,5R,10a8)-11,11- Chandrananimycin Standard
dihydroquinoline-4- [[2-[(3S)-2-0x0-1,3- demethylcyclopiamide dimethyl-4b,5,10,10a- D drug
carboxamido)succinic acid ~ dihydroindol-3-yl]acetyl] E tetrahydrobenzo[b]fluorene-

amino]butanoic acid 5,7,9-triol
Bioavaliability 0.56 0.56 0.55 0.55 0.55 0.55
Score

CYP1A2 No No Yes Yes No Yes

inhibitor

CYP2C19 No No No No No No

inhibitor

CYP2C9 No No No No No No

inhibitor

CYP2D6 No No No Yes No Yes

inhibitor

CYP3A4 No No No No No No

inhibitor

GI Absorption High High High High High High

BBB permeant No No Yes Yes No

Pgp substrate No Yes No Yes Yes Yes

Mutagenicity No No No No Yes Yes

Carcinogenicity No No No No No No

Hepatotoxicity No No No No No No

Cytotoxicity No No No No No No

heavy atom count of the molecules was compared to their QED values. In
Fig. 2b, there was a positive correlation between the two descriptors,
MolLogP (which measures the lipophilicity of a compound) and Mol Wt.
The higher the weight of a compound, the more probable it is that it can
cross lipid layers.

3.2. ML model

Prior to model building, the top 10 features were selected using the
KBest algorithm from the Scikit-learn library. The features selected
include SMR_VSA10, TPSA, BCUT2D_MRHI, EState_VSA8, SlogP_VSA2,
PEOE_VSA1, SMR_VSA7, PEOE_VSAS8, BCUT2D_MWHI, and SMR_VSA3.
SMR_VSA10 represents the sum of van der Waals surface areas (VSA) for
atoms with a specific contribution range to molecular refractivity
(SMR). It highlights the portion of the molecule contributing to refrac-
tivity within a defined range. TPSA (Topological Polar Surface Area)
calculates the sum of the surface areas of polar atoms (usually oxygen
and nitrogen, including their attached hydrogen atoms). It is useful for
predicting a molecule’s ability to permeate cells and cross biological
membranes, making it important in drug discovery. BCUT2D_MRHI re-
fers to the high eigenvalue related to molecular refractivity in the BCUT
descriptor family, which is based on the eigenvalues of a modified
connectivity matrix. This provides insights into the electronic properties
and diversity of a molecule. EState_VSA8 sums the van der Waals surface
areas for atoms with a specific EState (electronic state) index range,
relating the VSA to the electronic environment of the atoms. SlogP_VSA2
relates the VSA of atoms to their logP contributions (partition coefficient
between octanol and water. SlogP_VSA2 corresponds to atoms within a
specific logP contribution range.

PEOE _VSAl is derived from Partial Equalization of Orbital

Electronegativities (PEOE) and sums the VSA for atoms with specific
partial charge ranges. PEOE_VSA1 corresponds to atoms with a specific
range of partial charges. SMR_VSA?7 is similar to SMR_VSA10, summing
the VSA for atoms with a different specific contribution range to mo-
lecular refractivity (SMR), emphasizing another aspect of refractivity
contribution. PEOE_VSAS8, another PEOE_VSA descriptor, sums the VSA
for atoms with partial charges in a specific range, focusing on a different
partial charge range compared to PEOE_VSAl. BCUT2D_MWHI is a
BCUT descriptor related to the high eigenvalue associated with molec-
ular weight (MW) (Zhang et al., 2023). SMR_VSA3 sums the VSA for
atoms with a specific SMR contribution range, highlighting a different
aspect of the molecular refractivity contribution compared to
SMR_VSA10 and SMR _VSA7.

Table 1 presents the scores of the 10 most important features. The
feature with the highest score was reported to be SMR_VSA10
(0.185727718), while the feature with the least score was SMR_VSA3
(0.12616125). The higher the value, the better it contributes to building
an accurate model. Fig. 3 Shows a bar plot representing the best 10
features of importance with the scores on the y-axis and features on the
x-axis, ranging from the highest features importance (left) to the lowest
(right) on the plot.

Fig. 4 indicates the relationships between the top 10 selected features
for the model. Each cell in the matrix shows the correlation coefficient
(similarity) between the features. A lower value indicates better feature
independence, which is crucial to build a good model for classification.
On the other hand, a higher value indicates high feature dependence.
The order of feature independence was represented with color range
from blue to red (i.e the closer to blue, the better degree of indepen-
dence). As observed from the correlation matrix, almost all the features
are highly independent which indicated that the features contributed
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Fig. 9a. Fig. 10 The Root Mean Square Fluctuation (RMSF) line plot used for characterizing local changes along the protein chain. A shows the RMSF values for the
73350744 complex with FGFR1, while B displays the RMSF values for the 162848022 complex with FGFR1. C presents the RMSF values for the 137206669 complex
with FGFR1. Lastly, D shows the RMSF values of the reference ligand Dovitinib in complex with FGFR1.

independently to the model’s performance.

The confusion matrix of the test data prediction is shown in Fig. 5.
The matrix shows the summary of the actual results and the predicted
results. The model correctly predicted 177 actual negative results as
negative and 47 were misclassified as positives while 141 actual posi-
tives were correctly predicted as positives and 74 were misclassified as
negative. This aligns with the precision and recall values reported in
Table 2, where the classification report of the model classifier on the test
data was presented including precision, recall, and F1-scores. As seen in
Table 2, the model performed reasonably well in predicting the weak
and strong inhibitors with a recall and precision rate ranging from 0.66
to 0.79.

Receiver Operating Characteristic Curve (ROC curve) is an important
tool for evaluating the performance of machine learning models. ROC
curves demonstrate the correlation between true positive rates (sensi-
tivity) for a given model and false positive rates (1-specificity). Fig. 6
shows the ROC curve for the model for this study. The area under the
curve (AUC) quantifies the overall ability of the model to distinguish
between the two classes. As shown in Fig. 6, the model performed
reasonably well in distinguishing between the strong and weak in-
hibitors in the test data.

All the evaluating parameters employed in assessing the model’s
performance (classification report, confusion matrix and ROC curve)
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confirmed that our model performed well on the test dataset.

3.3. Pharmacophore-based screening

The pharmacophore model is a computational representation of the
essential features and constraints that a molecule needs to possess in
order to interact with a specific biological target, such as a receptor or
enzyme. These features include things like hydrogen bond donors/ac-
ceptors, hydrophobic regions, or specific functional groups; the phar-
macophore model is constructed based on the known characteristics of
the target and the expected binding interactions. In this study, the e-
pharmacophore model for the human FGFR-1 complex with the refer-
ence drug was developed using four partitioning features for the iden-
tification of the hypothesis model. The generated hypothesis from the
target with the reference drug is shown in Fig. 7. The features used for
predicting the model with the best fitness score include two hydrogen
bond donors, one hydrogen bond acceptor and two aromatic ring. The
screening of the five top ranked compounds was carried out according to
these features. The fitness scores for the top ranked compounds are
shown in Table 3. Among the compounds, compound 2 has the best
fitness score of 1.952. The fitness score serves as a measure for evalu-
ating the geometric alignment of the features of a compound to the
pharmacophore model (Table 3).
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Fig. 9b. illustrates the Root Mean Square Deviation (RMSD) line plots, which measure the average change in displacement of selected atoms for each frame relative
to a reference frame. Panel A shows the RMSD values for the 73350744 complex with FGFR1, while Panel B displays the RMSD values for the 162848022 complex
with FGFR1. Panel C presents the RMSD values for the 137206669 complex with FGFR1. Lastly, Panel D shows the RMSD values of the reference ligand Dovitinib in

complex with FGFR1.

The involvement of aromatic rings, in addition to hydrogen bond
formation, in the interaction of the test compounds with the enzyme
might have contributed to the higher binding affinity of the compounds
compared with the standard ligand. Aromatic rings are important resi-
dues for molecular interactions and frequently exist in several protein-
ligand and protein-protein interactions. Owing to their natural exis-
tence in amino acid residues like histidine, tryptophan, phenylalanine,
and tyrosine, they are considered essential for protein stability and
molecular recognition processes. Furthermore, aromatic rings are
frequently used in drug design due to their role in the improvement of
binding affinity and specificity of drug-like molecules (Ojo et al., 2021).

3.4. Structure-based screening

Molecular docking remains an important and established computa-
tional structural based virtual screening method employed in drug dis-
covery and design. It predicts potential drug targets and molecular
ligand-target interactions at the atomic level (Ferreira et al., 2015).

The 2D and 3D interaction diagrams for the five top ranked com-
pounds are presented in Figure Fig. 8a and b. Through comprehensive
analysis of these figures, we examined the binding poses and
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interactions of the hit compounds with the active site amino acid resi-
dues of the target, FGFR1. The specific amino acid residues involved in
these interactions are listed in Table 4.

Table 5 shows a comparative evaluation of the docking scores among
the top five compounds and reference drug, Dovitinib. The docking
scores ranged from —10.018 to —8.419 kcal/mol, where lower scores
indicated stronger binding affinity. Compound 73350744, the lead
compound, exhibited a binding energy of - 10.018 kcal/mol and
demonstrated six hydrogen bond interactions with ARG 627, ASN 568,
GLU 562, LEU 484 and ALA 564. It also interacted with several hydro-
phobic amino acids, including LEU 484, ALA 640, ALA 512, ILE 545,
VAL 561, TYR 563, ALA 564, VAL 492 and LEU 630 at the active site.

Compound 162848022, ranking second with a docking score of
—9.981 kcal/mol, formed four hydrogen bond interactions with GLU
562, TYR 563, ALA 564, SER 565. Additionally, hydrophobic amino
acids such as ALA 640, ILE 545, ALA 512, VAL 561, TYR 563, ALA 564,
VAL 492, LEU 630 and LEU 484 interacted with compound 2 at the
active site. Compound 137206669, with a docking score of —8.851 kcal/
mol, formed two hydrogen bond interactions with GLU 562 and ALA
564. Similar hydrophobic interactions occurred with various amino
acids such as VAL 492, LEU 630, ALA 640, ILE 545, ALA 512, VAL 561,
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Fig. 9c. The protein-ligand contact histogram used for comprehensive interaction fraction within the simulation trajectory. A presents the protein-ligand contact
histogram of 73350744 complex with FGFR1, B presents the protein-ligand contact histogram of 162848022 and FGFR1, C presents the protein-ligand contact
histogram of 137206669 and FGFR1 and D presents the protein-ligand contact histogram of the reference ligand Dovitinib and FGFR1.

TYR 563, ALA 564 and LEU 484. Compound 102410411 had a good
docking score of —8.442 kcal/mol, forming hydrogen bonds with LEU
484, ALA 564 and SER 565. Hydrophobic contacts were formed with ILE
565, ALA 512, VAL 561, TYR 563, LEU 630, ALA 564, LEU 484 and VAL
492.

Similarly, Compound 46939591 with a docking score of —8.439
kcal/mol, engaged in four hydrogen bond interactions with ALA 564,
SER 565 and ASP 641. Hydrophobic contacts involving LEU 644, ALA
640, VAL 492, ALA 512, LEU 630, TYR 563, ALA 564 and LEU 484 were
also established. The standard drug, Dovitinib, had a high docking score
of —8.419 kcal/mol, forming three hydrogen interaction with GLU 562
and ALA 564 and formed hydrophobic contacts with ALA 640, ILE 545,
VAL 492, ALA 512, VAL 561, TYR 563, ALA 564, LEU 630 and LEU 484.

3.5. Binding free energy calculation

Although molecular docking is commonly utilized in computer-aided
drug design (CADD), it has been criticized for its lack of some energy
parameters, such as solvation energy systems. To address this issue, the
validation procedure was further supported by prime MM/GBSA
calculation. MM/GBSA is known for its dependability and accuracy in
determining the structural stability and binding energy of protein-ligand
complexes (Bodun et al.,, 2023). A positive binding free energy
(MM/GBSA) score depicts false binding energy (docking score).
Remarkably, the results of the binding free energy obtained from the
investigated natural compounds and inhibitor formed favorable stability
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with FGFR1 with negative binding free energy values (Table 4). Com-
pound 1 (—59.10) and Compound 2 (—51.80) complexes were computed
with the highest binding free energy among the ligands and the
FGFR1-inhibitor complex (—46.28) was observed to give the lower
binding free energy.

3.6. Drug likeness and ADMET

Majority of potential molecules fail during the final stages of clinical
trials due to undesirable side effects and toxicity. The primary reasons
for these failures are typically related to toxicity issues. So predicting the
pharmacokinetic and toxicological characteristics of a potential lead
compound during the initial stages of drug discovery is a critical strategy
to mitigate future risks. In this study, we examined the absorption,
distribution, metabolism, excretion and toxicity (ADMET) profiles of the
top five lead compounds using the SwissADME web server.

The results of the predictions are presented in Tables 6 and 7. All the
top 5 lead compounds obeyed the Lipinski rule of five, a rule in which a
compound is considered a drug candidate if it does not violate one of the
following rules: hydrogen bond donor not greater than 5 (HBD <5),
hydrogen bond acceptor not greater than 10 (HBA <10), molecular
weight not greater than 500 Da (MW < 500 Da), and octanol-water
partition coefficient not greater than 5 (LogP<5) (Lipinski et al.,
2012). The results shown on Table 6 revealed that all the top ranked
compounds including the reference drug, Dovitinib obeyed all Lipinski’s
rule of five. This suggests that all the top ranked compounds can be
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Fig. 10. Number of H-bond contacts. a) 73350744 b) 162848022 c) 137206669 d) Dovitinib (Reference Ligand).

predicted as good therapeutic candidates. Furthermore, the compounds
showed good metabolism profile with the CYP450 isoenzymes (the key
enzymes in drug metabolism) which is characterized by the
non-inhibition of CYP450 2C9, CYP450 2C19 and CYP450 3A4. CYP450
1A2 also showed non-inhibitory properties for compounds 73350744,
162848022, and 46939591 whereas the enzyme was inhibited by
137206669, 102410411 and the standard drug. Similarly, the CYP450
2D6 was also inhibited by compound 4 and the standard drug as seen in
Table 7.

The oral bioavailability is the critical factor for any potential drug
candidate. To be orally bioavailable, a compound must possess specific
functions that enable it to penetrate cellular membranes. Without these
functions, the compound may become trapped within the barrier and
pose a serious health risk. These functions are desolvation, diffusion,
resolvation and physicochemical properties including lipophilicity
(Kullappan et al., 2023).

As shown in Table 6, all the five top ranked compounds, including
the standard drug are permeable to the human intestinal membrane and
Caco-2 cell permeability, signifying favorable absorption through the
human intestine. The p-glycoprotein is a significant drug transporter
(Fortuna et al., 2012), and thus, examining the potential for the
top-ranked compounds to act as substrates or inhibitors of p-glycopro-
tein is clinically relevant. Compounds 73350744, 162848022, and
46939591 inhibited p-glycoprotein while compounds 3, 4 and the
standard were predicted to be non-substrate. Additionally, all the
top-ranked compounds including the standard have an oral
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bioavailability rate of 0.55.

Lastly, the toxicity assessment revealed that all compounds,
including the standard, were non-carcinogenic, non-eye corrosive, and
non-irritating. Furthermore, none of the compounds were projected to
cause skin irritation. Additionally, all compounds, except for Compound
5 and the standard, were predicted to have no mutagenic potential ac-
cording to the Ames mutagenesis test, which evaluates mutagenic or
carcinogenic effects. From our observations, we can infer that the top-
ranked compounds could be safe to prescribe as medicinal candidates.

Based on the key features important for classifying actives and in-
actives against FGFR1, TPSA, EState VSA8, PEOE_VSA1l, and
PEOE_VSAS all provide insights into the polar or hydrophilic nature of
molecules. Higher TPSA values indicate increased polarity, influencing
solubility and membrane permeability. The positive correlation between
TPSA and molecular weight is notable, as most compounds classified as
active (Fig. 2) have a molecular weight above 300, falling within the
optimal TPSA range of 60-140 A? (Prasanna and Doerksen, 2009). This
suggests that active compounds possess a balance between polarity and
molecular size, which is crucial for their biological activity hence the
significance of these descriptors.

4. Molecular dynamic simulation
4.1. RMSF

The local changes and flexibility of the FGFR1 and 73350744,



S.A. Osunnaya et al.

162848022, 137206669, and Dovitinib in respective complexes were
evaluated for root mean square fluctuations (RMSF) analysis throughout
the 100 ns simulation trajectories. RMSF was done to study the flexi-
bility of protein-ligand complexes and fluctuation in interactive amino
acid residues in the secondary structure of the target protein (Bodun
et al., 2023). The RMSF plot characterizes the local fluctuations of the
residues of the protein. The peaks indicate the residues of the protein
that fluctuate the most. Based on the resulting output, the amino acid
residues of FGFR1 of the docked complexes did not have similar fluc-
tuation, especially between the 160-280 amino acid residues during the
simulation process of 100 ns.

RMSF plots are instrumental in identifying regions within the protein
that exhibit considerable variability during the simulation, with pro-
nounced peaks indicating areas of constant and frequent fluctuation,
thus suggesting less stability (Olanrewaju et al., 2024). Typically, the
peripheral or tail regions of proteins are less stable compared to their
core, leading to higher fluctuations observed in these areas, a phe-
nomenon that was noted in the reference ligand complex. In Frame 1 of
Fig. 9a, the FGFR1-73350744 complex initially shows a peak at 3.4 A,
followed by continuous and consistent residue fluctuations ranging be-
tween 1.5 A and a peak of 3.0 A. Significant fluctuations are observed at
amino acid residues 0-50 and 110-130. Frame 2 illustrates the
FGFR1-162848022 complex’s fluctuation over a 100 ns simulation
period, with the highest fluctuation occurring at residues 110-130,
reaching a distance of 3.5 A, which is within the permissible range.
Frame 3 shows the FGFR1-137206669 complex interaction and fluctu-
ation over the same 100 ns period, with residue 0-50 exhibiting fluc-
tuations of 3.2 A and 3.0 A, and the highest fluctuation at residues
110-130 with a range of 3.5 A. Finally, a comparative simulation study
with the standard Dovitinib reveals similar fluctuations around residues
0-50 and 110-120, comparable to Frames 1, 2, and 3. However, Dovi-
tinib exhibits a maximum fluctuation range exceeding 4.8 A at residues
170-200, indicating a less stable interaction over the 100 ns simulation
period compared to 73350744, 162848022, and 137206669.

5. RMSD

Fig. 9b represents the ligand RMSD value, which measures the sta-
bility of the docked ligand pose within the binding pocket on the Y-axis.
The term "Lig Fit Prot" refers to the RMSD values of the ligand to the
protein backbone, providing additional insight into the conformational
changes and structural compatibility between the ligand and the pro-
tein. Typically, the "Lig Fit Prot" values are slightly higher than the
protein RMSD, which suggests some flexibility or movement of the
ligand relative to the protein backbone. However, if this value is
significantly higher, it may indicate substantial changes in the ligand’s
pose compared to its initial docked position. Such deviations could
imply a less stable interaction between the ligand and the protein or
notable conformational adjustments within the binding pocket, poten-
tially affecting the ligand’s effectiveness in binding to its target
(Olanrewaju et al., 2024).

Fig. 9b, Frame 1, illustrates the RMSD deviation of the FGFR1-
73350744 complex over a 100 ns simulation period. The results indi-
cate an unstable interaction with a deviation range of 0.5-4.0 A which is
above the acceptable value. The complex appears stable at the beginning
of the interaction but experiences a significant deviation, peaking at
approximately 4 A towards the end of the simulation period. Notably,
the FGFR1-73350744 complex exhibits a significantly reduced "Lig Fit
Prot" value, indicating a normalization of the complex interaction by the
end of the 100 ns simulation. Frame 2 shows the FGFR1-162848022
complex, which demonstrates a significant deviation in the first 20ns
of the simulation period. However, after the 20 ns mark, there is a
somewhat stable interaction from 1.7 A to a "Lig Fit Prot" value of 3.8 A.
Despite the initial fluctuations, the deviation remains within the
permissible range after the 20ns mark, suggesting a stable interaction.
Frame 3 displays the FGFR1-137206669 complex, which maintains a
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more stable interaction, as indicated by a relatively consistent "Lig Fit
Prot" value, with minor fluctuations from 0.4 A to a "Lig Fit Prot" value of
2.6 A, suggesting a stable interaction across the entire simulation period.
The reference ligand-complex in frame 4 also shows somewhat stable
interaction, with a "Lig Fit Prot" value of 0.5 A to 3.5 A, reflecting a less
fluctuating interaction with the FGFR1 protein throughout the
simulations.

5.1. Interaction fraction analyses

Fig. 9c, Frame 1, shows that 73350744 formed hydrogen bonds with
eight specific amino acids, including LEU484, GLU485, GLUA486,
GLU562, ALA564, ASN568, GLU571, and ARG627, each displaying
varying durations of interaction. Notably, hydrogen bonds with
GLU562, ALA564, ASN568, and GLU571 were maintained for over 50 %
of the simulation time, with GLU571 engaged for approximately 25 % of
the simulation duration. In contrast, LEU484, GLU485, and GLU486
sustained hydrogen bonds for less than 10 % of the simulation time, with
ALA564 demonstrating the most prolonged interaction, being main-
tained 100 % of the time. Furthermore, ALA564, ASN568, GLU571, and
ARG627 also participated in water bridge formations—hydrogen bonds
mediated by water molecules occurring approximately 40 %-80 % of the
simulation, respectively, underscoring the dynamic nature of ligand-
protein interactions. Hydrophobic interactions were observed with
LEU484, VAL492, ALA512, ILE545, VAL561, LEU630, and ALA640, all
of which were maintained for less than 50 % of the simulation duration.

Frame 2 depicts the interaction fraction between FGFR1 and
162848022, showing hydrogen bonds established with four amino acid
residues: GLY485, GLU486, and SER565, all maintained for less than 20
% of the simulation time. Prolonged hydrogen bond interactions were
observed with GLU562 and ALA564, lasting about 80 % and above 175
% of the simulation time, respectively. Notably, there was a pronounced
hydrophobic interaction with LEU630, which persisted for more than
50 % of the simulation period. Frame C analyzes the interaction fraction
of FGFR1 complexed with 137206669, involving three major amino
acids in hydrogen bond interactions: GLU562 and ALA564, both sus-
tained for 100 % of the simulation time, and ASN568 for less than 20 %.
Additionally, LEU485, ASN568, and GLU571 participated in water
bridge formations for approximately 40 %-60 % of the simulation
duration. This complex exhibited increased hydrophobic bond in-
teractions with seven amino acid residues, including LEU485, VAL492,
ALAS512, ILE545, VAL561, TYR563, LEU630, and ALA640, with inter-
action durations ranging from 10 % to 60 % of the simulation time.

In the MDS analysis, the reference ligand Dovitinib engaged in five
hydrogen bond interactions with amino acids GLY485, GLU486,
GLU562, ALA564, and GLU571, demonstrating significant stability
(Fig. 10). Notably, interactions with GLU562 and ALA564 were main-
tained for 80 % and above 160 % of the simulation time, respectively.
This finding is consistent with the initial docking results, emphasizing
the crucial roles of GLU562 and ALA564 in the binding of the reference
ligand. Additionally, of the six observed water bridge interactions, only
those involving LEU484 and GLU571 were sustained for about 40 % of
the simulation duration. A significant hydrophobic interaction with
LEU630 persisted for 60 % of the simulation, highlighting its role in the
stability of the protein-ligand complex. Furthermore, an ionic bond with
GLU571 was maintained for approximately 20 % of the simulation time.
Remarkably, GLU562 and ALA564 consistently demonstrated the most
prolonged hydrogen bond interactions across all frames, underscoring
their crucial roles in the active site of FGFR1. Their consistent involve-
ment highlights their significance in ligand binding interactions and
stability within the active site.

6. Conclusion

FGFR (1-4) enzymes play a significant role in carcinogenesis,
including cholangiocarcinoma (CCA), through their involvement in key
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signaling pathways. Current treatment options for CCA remain limited.
In this study, we screened a database of natural compounds to identify
potential FGFR-1 inhibitors for CCA therapy. We identified five com-
pounds with stronger binding affinities and more favorable binding free
energies compared to the reference ligand. All five compounds also
demonstrated drug-like properties based on their ADMET profiles.
Furthermore, molecular dynamics simulations over 100 ns revealed that
compounds 162848022 and 137206669 exhibited lower fluctuations at
the active site, indicating greater stability than the reference ligand.
Based on these findings, we recommend further in vitro and in vivo
studies to validate the potential of these compounds as FGFR-1 in-
hibitors for the treatment of CCA.
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