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Abstract

The FGF/FGFR system may affect tumor cells and stromal microenvironment through autocrine and
paracrine stimulation, thereby significantly promoting oncogene transformation and tumor growth.
Abnormal expression of FGFR1 in cells is considered to be the main cause of tumorigenesis and a
potential target for the treatment of cancer. In this study, a combination of structure-based drug carriers
and molecular docking-based virtual screening was used to screen new potential FGFR1 inhibitors.
Twenty-one known inhibitors were collected as training sets to establish a 3D-QSAR pharmacophore
model, and cost analysis, test set validation, and Fischer randomization test were used to validate the
efficiency of the pharmacophore model. In Accelrys Discovery Studio 2016, the zinc database was filtered
by Lipinski's Rule of Five and SMART's filtration. Then, HypoO1 was used for virtual screening of ZINC
database. Compounds with predicted activity values less than 1 uM were molecularly docked with FGFR1
protein crystals, the docking results were observed, and the interaction between compounds and targets
was studied. The absorption, distribution, metabolism and excretion (ADME) and toxicity of potential
inhibitors were studied, and a compound with new structural scaffolds were obtained. It could be further
studied to explore their better therapeutic effects.

Introduction

Cancer is the second leading disease in morbidity and mortality after cardiovascular disease. According
to the Global Cancer Report issued by the World Health Organization (WHO), there were 18.1 million new
cancer patients worldwide in 2018, and about 9.6 million patients died of cancer [1]. In fact, unhealthy
lifestyle and dietary habits are one of the main factors inducing cancer [2]. In order to treat cancer and
reduce cancer mortality, human beings have invested a lot of money and energy to find effective
treatment methods. However, due to the diversity of cancer pathogenesis and different treatment
mechanisms, treatment lacks selectivity and cannot directly act on cancer cells and avoid normal tissues
[3], leading to difficulties in the development of new drugs. Therefore, it is necessary to find effective
therapeutic targets.

The FGFR pathway was initially thought to promote angiogenesis and synergize with the vascular
endothelial growth pathway [4], but recent studies have shown that this pathway is also a driving
oncogene in some tumors [5]. In recent years, more and more researchers have paid attention to the
FGF/FGFR system as an effective target for the development of new anticancer drugs. Fibroblast growth
factor receptors (FGFRs) are a subfamily of tyrosine kinase receptors with four subtypes, including
FGFR1, FGFR2, FGFR3 and FGFR4 [6]. Fibroblast growth factors bind to FGFRs with the assistance of
heparan sulfate glycosaminoglycans, causing the dimerization of FGFRs, leading to the activation of
multiple tyrosine residues in their intracellular tyrosine kinase regions by autophosphorylation. Activated
FGFRs activate their substrates PLCy and signal adaptor protein FRS2 by phosphorylation, and their
substrates reactivate downstream signaling pathways such as PI3K/AKT, MEK/MAPK, and PKC [7-9].
Misexpression of fibroblast growth factor induces tumorigenesis and growth, so FGFR is considered an
important target for cancer treatment. Amplification of the FGFR1 gene, the most common FGFR
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amplification in cancer, has been reported in different types of tumors. Weiss et al. have shown that the
frequent and local amplification of FGFR1 in squamous cell lung cancer is related to the therapeutic
FGFR1 dependence [10]. Fischbach et al. have shown that the gene amplification of fibroblast growth
factor is closely related to the occurrence of bladder cancer [11]. Turner et al demonstrated that the
FGFR1 gene is a therapeutic target for breast cancer [12].

Researchers have designed and synthesized a large number of FGFR1 inhibitors [13], and some drugs
have been put into clinical treatment, but the treatment failure rate is high. Therefore, it is still urgent to
develop new FGFR1 inhibitors. Advances in science and technology have promoted the development of
virtual screening technology, which has greatly improved the efficiency of drug research and development
and reduced the cost of research. The aim of this study was to discover a novel inhibitor of FGFR1. Using
3D-QSAR pharmacophore technology, we constructed pharmacophores by analyzing the structural
characteristics of 21 known active inhibitors with different molecular structure patterns. The selected
pharmacophore was used as a 3D query to screen potential compounds in a Zinc database containing
86976 molecules. The screened molecules were docked with the receptor proteins, and six hit compounds
were selected by visual inspection. The ADME (absorption, distribution, metabolism, excretion) and
toxicity of the obtained screened compounds were analyzed to examine the properties of the drugs.
Finally, one molecules were screened as potential inhibitors of FGFR1(Fig. 1).

Materials And Methods
Database Preparation

From the RCSB protein database (www.rcsb.org) Download the X-ray crystal structure of the inhibitor-
containing complex FGFR1 (PDB ID: 4ZSA). 86956 compounds were downloaded from Zinc database for
screening potential inhibitors of FGFR1. Discovery Studio was used to define the physical properties of
the compound library so that its molecular mass does not exceed 500, the lipoid-water partition
coefficient (ClogP) is less than 5, the number of hydrogen bond donors is not more than five, the number
of hydrogen bond acceptors is not more than 10, and the number of rotatable bonds is not more than 10
[14, 15]. The SMART's filtration is then used to filter out molecules containing unwanted functional
groups .

Generation of Pharmacophore Models
Compound Preparations

Thirty-two FGFR1 receptor inhibitors were collected from previously published literature [16—18]. These
compounds obtained the experimental data using the same experimental method, with good biological
activity and effective binding to the active site of the FGFR1 receptor. The IC5, values cover four orders of

magnitude, including the highest activity, higher activity, intermediate activity, and lower activity. The ICs,
values of the most active molecule are less than 0.1 pM, those of the higher active molecule are between

Page 4/27


http://www.rcsb.org/

0.1 uM to 1 uM, The IC5, values of moderately active molecules range from 1 pM to 10 pM, and those of
the lower active molecule are higher than 10 pM [19].

ChemDraw was used to map the structure of the selected FGFR1 receptor inhibition, which was saved as
a .sdf file [20]. Discovery Studio was used to convert it into a 3D form with energy minimization,
optimized with the MMFF force field, and constructed up to 255 different conformations for each
compound in the energy range of 20 kcal mol~'. These conformations were used to construct
pharmacophores and to predict the activity of new discovered compounds [21]. Twenty-one compounds
were randomly selected as training sets (Fig. 2) and the rest as test sets.

Construction of 3D-QSAR pharmacophore model

The pharmacophore characteristics of the two compounds with the best activity were analyzed using the
Feature Mapping module, and it was found that the hydrogen bond donor (HBD), hydrogen bond acceptor
(HBA), negative ion (NI), hydrophobicity (HY) and ring aromaticity (RA) features were well mapped on the
training set molecules [22]. Additional Pl and RA were added to improve the types of pharmacodynamic
characteristics. Using the Conformation module in Discovery Studio, 21 compounds in the training set
generate multi-conformations of compounds in Best mode. Each compound generates up to 255
conformations with an energy constraint of 10 kcal mol™, a minimum interference distance of 1.5, an
IC5q for activity data selection, and an activity uncertainty factor of 3.0, resulting in 10 pharmacophore
models [23, 24].

Verification of Pharmacophore and Database Screening

In the process of pharmacophore evaluation, the cost value is an evaluation of the deviation between the
predicted activity value and the real activity value of the pharmacophore model and the complexity of the
model, and is an important parameter to evaluate the quality of the model. The smaller the cost value, the
stronger the predictive activity of the pharmacophore [25—-27]. Fixed cost refers to the situation where the
activity value predicted by the generated model is exactly the same as the experimental activity value.
Null cost is an extremely unsatisfactory situation, that is, the activity values predicted by the generated
model are completely different from the experimental activity values. The cost value of an ideal
pharmacophore model should be as close as possible to Fixed cost and away from Null cost. Cost is the
difference between cost value and Null cost value. If the cost of the pharmacophore model is greater than
40, it indicates that 75%~90% of the pharmacophore model may reflect the objective situation in a
statistical sense. If the cost of the pharmacophore model is greater than 60, it indicates that more than
95% of the pharmacophore model in a statistical sense may reflect the objective situation. In addition, the
closer the corrlation value is to 1, the more credible the model is [28].

The statistic of the pharmacophore model was obtained by Fischer randomization test. The activity
values of the training set molecules were randomly assigned to each molecular, and then the
pharmacophore model was constructed using the same method. If the resulting pharmacophore model
has similar or better Cost value, RMSD value and correlation coefficient with HypoQ1, the evaluated model
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is considered to be accidental and not statistically significant. The Fischer randomization test was set at
a 95% confidence level to evaluate the ten pharmacophore models generated.

In order to further verify the reliability of the best pharmacophore, the pharmacophore will be evaluated
on the test set molecule, and the actual and predicted activity values of the compounds will be compared.
Discovery Studio was used to construct a database of small molecules to be screened, map
pharmacophores on compounds, select molecules with pharmacodynamic characteristics, and retain
molecules with predicted activity values less than 1 pM.

Molecular Docking

Molecular docking is performed based on the LibDock and CDOCKEER modules in Discovery studio 2016
client. LibDock is a fast rigid docking method [29], while CDOCKER is based on the CHARMm energy force
field to achieve docking, keeping the receptor rigid while the ligand allows bending during docking [30].
The binding mode, interaction between molecule and active site, binding energy and docking score
generated by the co-execution of LibDock and CDOCEER can facilitate us to screen the optimal docking
posture.

E-3810, also known as Lucitanib, is a novel small molecule drug that selectively binds RTK to the ATP-
binding capsule of VEGFR1-3, PDGFRa/B, and FGFR1-3 receptor tyrosine kinases as competitive
inhibitors, thereby impeding receptor dimerization and downstream signaling [31, 32]. E-3810 was added
with polar hydrogen and stored after energy optimization using the CHARMm force field.

After removing the B chain and water molecule, adding polar hydrogen, and energy optimization with
CHARMmM force field, the interacting amino acid residues were inspected, and the original ligands were
removed. In chain A, the active sites were defined as Leu484, Lys514, Glu531, Val561, Glu562, Ala564,
Leu630, and the radius was set to 10 so that the compounds could accurately dock with the molecules.
The compound obtained after pharmacophore-based screening was used as a pair acceptor with E-3810,
and the docking of the hit compound with the training set compound was at the protein active site where
the crystalline ligand was located [33, 34]. LibDock Score and CDOCKER Energy were used as scoring
functions, respectively, and the higher LibDock Score and the lower CDOCKER Energy were the more
advantageous combinations. In addition, intermolecular interactions and hydrogen bonding interactions
between key amino acid residues of proteins and compounds should also be considered.

ADMET and Toxicity Prediction

The ADMET and TOPKAT modules of DS are used to calculate the ADMET properties of compounds,
such as their water solubility, BBB permeability, cytochrome P4502D6 (CYP2D6) inhibition, hepatotoxicity,
human intestinal absorption, plasma protein binding (PPB) levels, rodent carcinogenicity, AMES
mutagenicity and developmental toxicity potential [26, 35]. According to these properties, the lead
compounds can be selected and optimized in the early stage of drug research and development, which is
of great significance to improve the success rate of drug development and reduce the waste of funds in
the process of drug research and development.
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Results
Pharmacophore Model Generation

Cost analysis

21 compounds with different activities were included in the training set, and their ICs, values covered four
orders of magnitude to generate 3D-QSAR pharmacophore model. The null cost of the generated
pharmacophore was 284.43 and the fixed cost was 65.5657. Since the cost value of the ideal
pharmacophore model should be as close as possible to the fixed cost, the larger the Acost, the better.
Table 1 lists the cost values, Acost, RMSD and corrlation of the ten pharmacophore models generated. It
is not difficult to see that among the 10 pharmacophores generated, hypoO1 is the closest to fixed cost,
Acost value is 195.736 (more than 60). Compared with other pharmacophore models, hypo01 has a
certain predictive ability and low complexity. Also, from the analysis of other pharmacophore indexes,
hypo01 has the largest correlation coefficient (0.950852) and the minimum RMSD (1.46439), which
means that the pharmacophore is better than other models and can better predict the activity value of
compounds.

Table 1
Results of Hypogen model generation with the training set data.

HYPO  Total Cost  Acost! RMSD Corrlation = MaximumFit  Features 2

01 88.694 195.736 1.46439  0.950852 6.66393 HBAHBAHYAHYD
02 90.0072 194.4228  1.49407  0.948795 6.28908 HBAHBAHYAHYD
03 90.8522 193.5778  1.53574  0.9485 5.07409 HBA,HBAHYA
04 91.346 193.084 1.55899  0.944088 5.34599 HBAHBAHYA
05 103.217 181.213 1.88939  0.916699 6.52523 HBAHYAHYD
06 110.053 174.377 2.04936 0.9012 5.2013 HBAHYAHYD
07 111.188 173.242 1.99687  0.906521 4.69033 HBAHBAHYAHYD
08 112.159 172.271 2.09768 0.896214 5.19966 HBAHYAHYD
09 112.685 171.745 2.05 0.901195 5.04447 HBA,HBAHBD,HYD
10 113.703 170.727 213622 0.892124 5.39697 HBA,HBAHYA

T Null cost = 284.43, Fixed cost = 65.5657, ACost = Null cost-Total Cost.

2HBA-Hydrogen bond acceptor, HYA-Hydrophobic aromatic, HYD- Hydrophobic, HBD- Hydrogen bond
donor.

Page 7/27



The pharmacophore characteristics of hypo01 including four hydrogen bond receptor characteristics
(HBA), one hydrophobic characteristic (HYD) and hydrophobic aromatic characteristic (HYA) (Fig. 3). 3D-
QSAR pharmacophores can be predicted by the degree of overlap between molecules and models. The
activity prediction value (Estimate), matching value (Fit Valve) and grade classification of 21 training set
compounds are listed in Table 2. The activity levels are divided into four orders of magnitude: the most
active molecule (IC5y < 0.1 pM, ++++), and the more active molecule (0.1 uM < IC5q < 1 pM, +++), the
moderate activity molecules (1 yp m<ICsq < 10 pM, ++), and lowest activity molecules (IC5y > 10 uM, +).

The most active molecules can be well mapped on the pharmacophore model, while other molecules
have some pharmacodynamic characteristics that are not mapped.
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Table 2

Comparison between the experiment biological (ICs,) and the estimated activity (ICsg) of the HypoO1

model

NO  IC50 Value(uM) Fit Valve Error'  Activity scale 2

Experimental Estimated Experimental Estimated
1 77 56 2.95 -1.4 + +
2 90 34 3.16 2.7 + +
3 2 2.9 4.23 1.4 -+ ++
4 12 28 3.25 2.3 + +
5 9.7 18 3.44 1.8 ++ +
6 14 28 3.25 2 + +
7 0.03 0.034 6.16 1.1 ++++ ++++
8 0.08 0.1 5.69 1.3 ++++ ++++
9 0.28 0.71 4.84 2.5 +++ +++
10 0.46 0.24 5.3 1.9 +++ +++
11 0.77 0.73 4.83 -1.1 +++ +++
12 1.2 0.85 476 1.4 ++ +++
13 1.4 2.6 4.27 1.9 ++ ++
14 1.5 2.8 4.24 1.8 ++ ++
15 2.1 2.6 4.27 1.2 ++ ++
16 3 3.5 414 1.2 ++ ++
17 5.4 2.3 4.33 2.3 ++ ++
18 58 2.8 4.24 -2 ++ ++
19 7.1 4.9 4 1.5 ++ ++
20 7.3 2.7 4.27 2.8 ++ ++
21 3.7 3.4 4.16 1.1 ++ ++

T The error coefficient is calculated as the ratio of measured activity to estimated activity; + indicates
that the estimated ICx is higher than the experimental IC5y; - indicates that the estimated ICs is lower

than the experimental ICs.

2 The activity scale is the same as that defined in the 2.1. session.
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Fischer randomization test

Fischer randomization test method can verify whether the pharmacophore model is statistically
significant. By randomly corresponding the activity values to different molecular structures and
comparing HypoO1 with 10 other randomly generated models, it is obvious that HypoO1 has a lower cost
and a higher correlation coefficient (Fig. 4), which proves that the model we constructed is not a result of
chance.

Test Set Analysis

To further verify the predictive ability of the pharmacophore, the pharmacophore was used to predict the
activity of the test set, which contained 11 compounds with different activities. The difference between
the predicted activity value and the experimental activity value was compared. The regression analysis
(Fig. 5) demonstrated that the pharmacophore had a good predictive ability.

Database screening

The Zinc database containing 86 976 molecules was obtained by Lipinski's Rule of Five, and then
SMART's filtration was used to reduce the number of molecules to 82 663.Using the validated hypoO1
model as a 3D query, the processed database was screened, and 16181 molecules could be mapped on
hypo01, of which 2763 molecules had predicted activity values less than 1 pM.

Molecular Docking

The FGFR1 protein complex (PDB ID: 4ZSA) contains the entire protein and its original ligand, which is
immobilized at the active site of the FGFR1 protein, and key amino acid residues are determined by non-
bonding action to define the active site. The ligand was extracted and then docked with the FGFR1
protein, with a high degree of molecular overlap and a RMSD value of 1.7. It can be concluded that the
LibDock docking has a high reliability and can be used for the next virtual screening.

The well-known inhibitor of FGFR, E-3810, can effectively inhibit the activity of FGFR1, which is used as a
reference compound. E-3810 inhibits the activity of FGFR1 by forming hydrogen bonds between
methylamino group, phenoxy group and key residues such as Gly485, Asp641, Glu562, Glu531 on the
phenyl ring(Figure 6). The docking score of E-3810 and FGFR1 is 145.145. A series of compounds with
docking score greater than this value were screened using LibDock.

In LibDock, 659 compounds were successfully docked, and these compounds were docked on the
receptor protein using the CDOCKER module. We selected the molecules with the highest LibDock score
and -CDOCKER energy score for visual observation, and found 6 small molecules, and the docking results
of 6 small molecules are shown in Table 3.
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The docking results of 7 potential FGFR1 inhibitors.

Table 3

Name

E-3810

2D Structure

ZINC000038579824
ZINC000230274254
ZINC000011878462
ZINC000219521723
ZINC000072436123
ZINC000097657383

LibDock Score

158.868
151.735
146.958
148.581
148.899
150.456
145.145

-CDOCKER
Energe
44,3841
12.6032
30.956
31.1579
18.813
20.7042
3.35382

Estimated ICg,

0.110979
0.143403
0.181035
0.511363
0.877224
0.88008

1.63942

All the selected molecules can be linked to the key residues of the receptor protein, thus inhibiting the
activity of the protein. The hydrogen bond interaction between the six molecules and the protein is shown

in Table 4.
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Table 4
Hydrogen bond interaction parameters of each compound

Name Donor Atom Receptor Atom H-Bond Distance (A)
ZINC000038579824  Asp641:HN ZINC000038579824  3.04
Phf642:HN 02 2.39
Asn568:HD21  N25 2.20
ZINC000230274254 Phe489:0 H43 2.79
Asp641:HN 015 2.96
Ala564:HN N11 2.60
Ala564.0 H28 1.57
ZINC000011878462  Ala564:HN 06 2.70
Ala564:0 H31 2.45
Ala564:0 H33 2.86
ZINC000219521723  Asp641:HN 024 2.01
Ala564.0 H28 2.74
Tyr563:HA 03 2.89
ZINC000072436123 Phe642:HN N23 2.09
Asp641:HA N24 2.15
Ala:564:0 H41 2.76
ZINC000097657383  Ala564:HN 010 2.53
Gly643:HN N27 2.41
Asp641:0D1 H46 2.92

The docking score was 158.868 for ZINC000038579824 (2-(1,3-dimethyl-2,6-dioxo-1,2,3,6-tetrahydro-7H-
purin-7-yl)-N-(2-((6-methoxy-3,4-dihydroisoquinolin-2(1H)-yl)sulfonyl)ethyl)acetamide) has - 44.3841
CDOCKER energy, and its predicted activity value is only 0.110979, which can be well mapped on the
pharmacophore Fig. 7A). The oxygen atom at the end and the nitrogen atom on the imidazole group form
hydrogen bonds with Phf64 2 and Asn5688, respectively (Fig. 8A). ZINC000230274254 ((R)-3-(2,5-
dimethyl-7-oxo-4,7-dihydro-[1, 2, 4]triazolo[1,5-a]pyrimidin-6-yl)-N-(1-hydroxy-3-phenylpropan-2-
yl)propanamide) can form four hydrogen bonds with Phe489, Ala564, Asp641 (Fig. 8B), and the
pharmacophore predicted activity is 0.143403 (Fig. 7B). ZINC000011878462 ((R)-2-(3-ox0-1-
phenethylpiperazin-2-yl)-N-(2-(2-oxooxazolidin-3-yl) ethyl) acetamide) had higher docking score and lower
CDOCKER energy, formed three hydrogen bonds on Ala564 (Fig. 8C), and could bind stably on the

pharmacophore (Fig. 7C). ZINC000219521723 ((R)-2-(5-phenyl-2H-tetrazol-2-yl)-N-(2-(5-(tetrahydrofuran-2-
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yl)-1,2,4-oxadiazol-3-yl)ethyl)acetamide) with docking score of 148.581 formed three hydrogen bonds
with Asp641, Ala564, Tyr563, Oxadiazole and Phf489 formed a pi-pi conjugate system (Fig. 8D), and
tetrazolium group mapped on HBA (Fig. 7D). ZINC000072436123 ((R)-2-(4-(2-(3-(1H-tetrazol-1-yl)
phenoxy) acetyl) morpholin-3-yl)-N, N-dimethylacetamide) formed three hydrogen bond interactions with
Ala564, Asp641, Phe642 (Fig. 8E), and the tetrazolium group was mapped on HBA (Fig. 7E).
ZINC000097657383 ((R)-N-(3-(1H-imidazol-1-yl)propyl)-2,7-dioxo-N-(pyridin-3-yImethyl)-1,3-diazepane-4-
carboxamide) with docking score of 150.456 formed three hydrogen bonds with Ala564, Gly643, Asp641,
and benzene ring formed a pi-pi conjugate system with Phf642 (Fig. 8F), which could be mapped on the
pharmacophore (Fig. 7F).

ADMET and Toxicity Prediction

The ADMET module of DS2016 was used to predict the absorption, distribution, metabolism, excretion
level of all selected small molecules and E-3810. The results are shown in Table 5. The solubility level (in
water at 25 °C) indicates that all compounds are soluble in water. For human intestinal absorption,
except ZINC00000385579824, it has good absorption level. CYP2 D6 is one of the important enzymes
involved in drug metabolism. All compounds are non-inhibitors of cytochrome P4502D6 (CYP2D6). For
hepatotoxicity, compared with E-3810 (toxic), ZINC0002219521723 was predicted to be toxic, and the
other compounds were not hepatotoxic (Fig. 9).

Table 5
ADME prediction

Name Solubility BBB Absorption  cyp2pe? Hepatotoxity® PPB

Level’ Level? Level® Level®
ZINC000038579824 3 4 1 0 0 0
ZINC000230274254 3 3 0 0 0 0
ZINC000011878462 4 4 0 0 0 0
ZINC000219521723 3 4 0 0 0 1
ZINC000072436123 4 3 0 0 0 0
ZINC000097657383 4 4 0 0 1 0
E-3810 2 3 0 0 1 1
T footer. a. Solubility level: 0 (extremely low); 1 (very low, but possible); 2 (low); 3 (good). 2 BBB(Blood
Brain Barrier level)Level: 0(Very High Penetrant); 1(High); 2(Middle); 3(Low); 4(undefined). 2
Absorption (Human Intestinal Absorption) Level: 0(good); 1(moderate); 2(Poor); 3(Very Poor).*
CYP2D6(Cytochrome P4502D6) level: 0(non-inhibitor); 1(inhibitor).> Hepatotoxicity: 0 (Nontoxic); 1
(Tox)ic). ® PPB (Plasma Protein Binding): 0 (Binding is <90%); 1 (Binding is >90%); 2 (Binding is >
95%).
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To check the safety of the compound, the toxicity of all selected small molecules and E-3810 was
predicted using the TOPKAT module, as shown in Table 6. The results showed that all compounds except
ZINC0000038579824 were predicted to be non-mutagens. All of the three compounds have good aerobic
biodegradation performance, four compounds have no potential developmental toxicity, and one is a non-
carcinogen.

Table 6
Toxicity prediction

Name Ames’ Mouse NTP? DTP®  Aerobic Biodegradability*

Male Female

ZINC000038579824 1 1 1 1 0
ZINC000230274254 0 0 0 0 1
ZINC000011878462 0 1 0 0 1
ZINC000219521723 0 1 0 0 0
ZINC000072436123 0 0 1 1 0
ZINC000097657383 0 1 1 0 1
E-3810 0 1 1 1 1

T Mutagenicity (Ames text): 0 (non-toxic), 1 (toxic); 2 Rodent Carcinogenicity: 0 (non-carcinogenicity),

1 (carcinogenicity); 3 Developmental Toxicity Potential: 0 (non-toxic), 1 (toxic); 4 Aerobic
Biodegradability: 0 (non-aerobic biodegradability), 1 (aerobic biodegradability).

Therefore, ZINC000230274254 can not inhibit CYP2D6, has no hepatotoxicity, mutagenicity and potential
developmental toxicity, and has good aerobic biodegradation performance and absorption level. It is
predicted to be a safe candidate drug and selected for further research.

Discussion

Abnormal expression of FGFR1 is one of the causes of tumorigenesis and provides a new direction for
cancer treatment. The designed drugs need to act selectively on the target and have high inhibitory
activity. Therefore, based on some known inhibitors of FGFR1, we attempted to construct a 3D-QSAR
pharmacophore model. Among the ten pharmacophores constructed, HypoO1 includes four
pharmacodynamic characteristics: HBA, HBA, HYA and HYD, with significant cost differences, higher
correlation coefficients and smaller root mean square deviations. Through cost analysis, Fisher random
validation, and test set validation, the ability of this HypoO1 to predict activity was confirmed. We
downloaded 86 976 molecules from the ZINC database, and Lipinski's Rule of Five and SMART's filter
preliminarily filtered the compounds, using pharmacophores to screen out compounds with a predicted
activity value of less than 1 uM. To determine the docking conformation of the molecule to the receptor,
the obtained compounds were molecularly docked, and a series of compounds were obtained by
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comparing with the known inhibitor of FGFR1, E-3810 Among them, the molecules with the best
conformation are ZINC000038579824, ZINC000230274254, ZINC0O00011878462, ZINC000219521723,
ZINC000072436123, ZINC000097657383, which are more capable of interacting with the hydrogen bond
of the key amino acid residues of the receptor and can be well mapped on the pharmacophore. Through
ADME and toxicity analysis, it was found that ZINC000230274254, a non-toxic compound, could produce
better absorption and metabolism levels, and had strong inhibitory activity. We believe that the selected
compounds may be safe candidates for FGFR1, which has certain reference significance for the future
research and development of FGFR1-related inhibitors.

Conclusion

ZINC000230274254, a non-toxic compound with good bioavailability, can selectively combine with
FGFR1 to produce inhibitory effect, and has good inhibitory activity. The research and development of
antitumor drugs has a good reference significance.
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fibroblast growth factor receptor;
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Figure 1

Schematic representation of the virtual screening process implemented to screen potential FGFR1
inhibitors.
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Figure 2

Training set molecules along with their corresponding IC50 values.
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Figure 3

The best Hypogen Pharmacophore mode. (A) Features present in Hypo0O1 (B) Distance between features.
(Light blue: hydrophobic, Green: hydrogen bond receptor, Dark blue: Hydrophobic aromatic.)
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Fisher Validation of Total Cost Value and Correlation Coefficient. (A) Comparison of the total cost value
of HypoO1 with the total cost value of 10 pharmacophores randomly generated; (B) Comparison of
correlation coefficients of HypoO1 with those of 10 pharmacophores randomly generated.
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FGFR1 combines with E-3810: (A) 2D schematic diagram I; (B) Distribution of hydrogen bond in binding
pocket.
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Figure 7

Overlay of lead molecules on the pharmacophore Hypo01. (A)ZINC000038579824
(B)ZINC000230274254; (C)ZINC000011878462; (D)ZINC000219521723; (E)ZINC000072436123; (F)
ZINC000097657383.
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Figure 8

Interaction of Receptor Proteins and Molecules. (A)ZINC000038579824K(B)ZINC000230274254;
(C)ZINC000011878462; (D)ZINC000219521723; (E)ZINC000072436123; (F) ZINCO00097657383.
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Figure 9

The two ovals in the diagram represent 95% and 99% confidence intervals for the blood-brain barrier
permeability (BBB) model and 95% and 99% confidence intervals for the human intestinal absorptivity
(HIA) model.
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