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ARTICLE INFO ABSTRACT

Keywords: Background: In the pharmaceutical industry, epidermal growth factor receptor (EGFR) and B-Raf
Cancer proto-oncogene, serine/threonine kinase (BRAF) are the primary targets for targeted cancer therapy.

EGFR Objective: This study aimed to develop novel models for predicting the bioactivity of EGFR and
BRAF BRAF inhibitors and to uncover critical substructural groups for EGFR and BRAF targets.

Machine learning

N Method: K-nearest neighbor, Gaussian naive Bayes, random forest (RF), decision tree, and support
Artificial intelligence

vector machine models were utilized to develop classifiers for EGFR and BRAF inhibitors. In addition,
the critical functional groups of these inhibitors were analyzed, and molecular docking was performed.
Results: The RF model was found to be the preferred choice for predicting the bioactivity of EGFR
and BRAF inhibitors. The RF model for BRAF had an accuracy and area under the curve (AUC) of
93% and 0.96, respectively, and the RF model for EGFR had an accuracy and AUC of 90% and
0.96, respectively. The results of this study show the importance of properly increasing chlorine
or fluorine in inhibitors of BRAF or EGFR. Moreover, the EGFR and BRAF inhibitors exhibited the
same halogen selection priority of fluorine > chlorine > bromine.

Conclusion: The present study develops novel models for predicting the bioactivity of EGFR and
BRAF inhibitors. The hydrogen bond formation is a key factor for influencing the selection
priority of fluorine > chlorine > bromine.

1. Introduction

Lung cancer is a leading cause of death worldwide, accounting for more than 1.8 million deaths annually.' Small cell lung cancer
and non-small cell lung cancer are two major histological types of lung cancer,” and adenocarcinoma mainly occurs in non-
small cell lung cancer.” In patients with lung cancer, targeted therapy has been demonstrated to be more beneficial and to produce
longer survival times than chemotherapy.®” In recent years, epidermal growth factor receptor (EGFR) and B-Raf proto-oncogene,
serine/threonine kinase (BRAF) have become attractive targets for lung cancer therapy.

As a member protein of the ErbB receptor family,'” EGFR has intracellular, extracellular, and transmembrane domains. The
intracellular domain of EGFR can bind to small molecular inhibitors."' EGFR mutations occurring in the tyrosine kinase domain can
result in constitutive EGFR signaling and cancer. The L858R mutation occurring in the EGFR protein is sensitive to targeted EGFR
inhibitors, such as gefitinib and erlotinib.'*'®
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Targeted lung cancer therapy has been demonstrated to control symptoms, increase quality of life, and generate higher responses than
conventional chemotherapy. However, an increase in resistance to the drugs involved in these therapies has negatively impacted their
effectiveness, with some lung cancer patients failing to have a positive response. Thus, the development of novel inhibitor therapies is needed.

At present, EGFR mutations T790M and C797S are a major problem in cancer targeted therapy because they promote drug
resistance in targeted therapies employing the inhibitors gefitinib or erlotinib.'”'® Therefore, novel targeted drugs that can neutralize
the effects of T790M and C797S mutations are needed.

As a type of ser-thr protein kinase, BRAF is essential to the Mitogen-activated protein kinase, which affects cell division and
differentiation.'®>' After being found in melanomas,’*** the BRAF V600E mutation was identified in patients with lung cancer.”’
Both EGFR and BRAF proteins are engaged in cellular proliferation, division, and differentiation.**>*

An effective strategy for resolving the issue of targeted drug therapy resistance in lung cancer patients is to focus on the discovery
of novel EGFR inhibitors based on the L858R, T790M, and C797S mutations and downstream BRAF inhibitors, thereby simulta-
neously inhibiting EGFR and BRAF signaling. In this study, novel models were developed to predict the bioactivities of EGFR and
BRAF inhibitors, and to analyze the key functional groups and substructures of these inhibitors. To the best of our knowledge, this
study is the first to uncover the critical substructural features of EGFR and BRAF inhibitors.

2. Materials and methods
2.1. Data preparation

In this research, two datasets of EGFR and BRAF target inhibitors were obtained from the following databases: ChEMBL,
Drugbank, and bindingdb.***° Because the Simplified Molecular Input-Line Entry System (SMILES) may have duplication or in-
validation in raw data, we used a cleaning program to exclude duplicated, null, or invalid molecules SMILES from the raw data.
Subsequently, a total of 740 molecules of EGFR inhibitors and 2,866 molecules of BRAF inhibitors were obtained. These validated
molecules and their IC50 values were used to construct two datasets.

The activity thresholds of the IC50 of the EGFR and BRAF inhibitors were less than 60 nM, which indicates that an inhibitor with
an IC50 value equal to or more than 60 nM was categorized into the inactive group. The development scheme in this research is
presented in Figure 1. The EGFR and BRAF inhibitor datasets were each divided into training (80%) and test (20%) subsets for use in

Retrieve data from databases and
literature

EGFR L858R, T790M and C797S, and BRAF V600E
mutations

Active threshold < 60 nM

Testing dataset (20%)

- J

{ Training dataset (80%)

Molecular Descriptor
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‘ The best model for new drug discovery ‘

Figure 1. Model development scheme.
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model development. For the EGFR inhibitor dataset, 358 were placed in the active group and 382 in the inactive group. For the BRAF
inhibitor dataset, 2,117 molecules were placed in the active group and 749 in the inactive group.

2.2. Molecular descriptors

Molecular descriptors are numerical representations of chemical information obtained through mathematical processes. In this
study, the ECFP4 molecular fingerprints of the inhibitors and the RDKit tool were used to calculate the molecular descriptors.

2.3. Model development and evaluation

The EGFR inhibitors of L858R, T790M, and C797S mutations and the BRAF target inhibitors of V6OOE mutation were used to
construct the datasets. Five machine learning-based classification models were developed, and their performance in predicting EGFR
and BRAF inhibitors was evaluated.

First, k-nearest neighbor (KNN) and Gaussian naive Bayes (GNB) algorithms were adopted for developing the model. GNB
is a probabilistic classifier based on applying Bayes’ theorem with strong independence assumptions between the features.
To improve performance, more sophisticated machine learning algorithms, including random forest (RF), decision tree (DT),
and support vector machine (SVM), were subsequently utilized. DT is a tree-based model that recursively splits a dataset
into subsets based on certain conditions, and SVM is a machine learning algorithm grounded in statistical learning theory that is
used to find the optimal hyperplane, which maximizes the margin between classes. The RF algorithm, introduced by Leo
Breiman in 2001,%' is based on ensemble learning and combines multiple decision trees to generate a more accurate and robust
prediction.

The feature selections of each model were determined through steps transforming the raw data into a format suitable for input
into a machine learning algorithm. The features of each model were determined by converting SMILES strings into Mol objects using
the RDKit library. The Mol objects were then employed to calculate extended circular fingerprints (ECFPs), thereby encoding
structural information as binary vectors. The compounds’ activity of IC50 was determined using a predefined threshold as described
in Section 2.1, resulting in a column indicating the group to which the inhibitor belonged: active or inactive.

The metrics of sensitivity (SE), specificity (SP), harmonic mean (F1), and Matthews correlation coefficient (MCC) were employed
to evaluate the models. The receiver operating characteristic (ROC), area under the curve (AUC), and accuracy (ACC) were also
adopted for model evaluation. In addition, 5-fold cross-validation was applied to the training group.

2.4. Functional group and substructural analysis

In addition to effective prediction models, a program was developed to conduct functional group or substructural analysis and to
compare the frequency of functional groups in the active and inactive groups of the BRAF and EGFR inhibitor datasets.

The number of key functional groups or substructures in the active and inactive groups was analyzed for both inhibitors. The average
frequency of substructures in the active group was calculated by dividing the total number of active groups. The average frequency of
substructures in the inactive group was calculated using the same method. The key functional groups and substructures enhancing bioactivity
were identified by comparing the frequency of substructures in the active and inactive groups. To identify key substructural rings in the
inhibitor structures, the number of 3-ring to 7-ring substructures in the EGFR and BRAF inhibitor datasets was calculated using the same
method.

2.5. Molecular docking

Protein and ligand docking were carried out using this molecule against EGFR and BRAF target proteins in a molecular operating
environment system. The cocrystal structures of the EGFR and BRAF proteins were collected from the protein data bank. The water
and original ligand small molecules were removed in preparation for docking.

3. Results
3.1. Classifiation models

In this study, five machine learning algorithms—RF, SVM, KNN, GNB, and DT—were utilized to develop predictive models for
EGFR and BRAF inhibitors. For the BRAF target, the accuracy of the RF, SVM, KNN, GNB, and DT models was 93%, 91%, 92%, 66%,
and 91%, respectively. The AUC of the BRAF-target RF model was 0.96. The ROCs of the RF and SVM models of the BRAF target are
shown in Figure 2a and 2b. Results of the DeLong test showed significant differences in the AUC values of the DT/GNB and RF models
(P < 0.05). However, no significant differences were observed between the AUC values of the SVM/KNN and RF models (P > 0.05).
The RF model was preferred for predicting the bioactivity of BRAF inhibitors (Table 1).

For EGFR target, the accuracy of RF, SVM, KNN, GNB, and DT was 90%, 89%, 88%, 84%, and 86%, respectively (Table 2). The
AUC of the EGFR-targeting RF model was 0.96. The ROCs for the EGFR-targeting RF and SVM models are shown in Figure 2¢ and 2d.
Results of the DeLong Test showed significant differences in AUC values between the DT/GNB and RF models (P < 0.05). However,
no significant differences in AUC were observed between the SVM/KNN and RF models (P > 0.05). Nevertheless, the RF model was
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Figure 2. ROC curves. a: BRAF target: ROC curve of RF model. b: BRAF target: ROC curve of SVM model. c: EGFR target: ROC curve of RF model. d: EGFR target: ROC
curve of SVM model.

Table 1

Performance of different models for BRAF target.
Model Accuracy Specificity Sensitivity F1 MCC AUC
RF 0.93 0.82 0.97 0.96 0.82 0.96
SVM 0.91 0.71 0.97 0.94 0.75 0.96
KNN 0.92 0.78 0.97 0.95 0.78 0.93
GNB 0.66 0.88 0.59 0.72 0.41 0.87
DT 0.91 0.83 0.94 0.94 0.77 0.89

Table 2

Performance of different models for EGFR target.
Model Accuracy Specificity Sensitivity F1 MCC AUC
RF 0.90 0.88 0.93 0.90 0.81 0.96
SVM 0.89 0.89 0.89 0.88 0.77 0.95
KNN 0.88 0.86 0.90 0.88 0.76 0.93
GNB 0.84 0.82 0.87 0.84 0.69 0.85
DT 0.86 0.86 0.86 0.86 0.72 0.85

found to perform better than the SVM and KNN models in terms of the comprehensive assessment of F1, MCC, and AUC. Thus, the RF
model was shown to be more effective predicting the bioactivity of EGFR inhibitors.

For EGFR target, the accuracy of the RF model was found to be superior to that of the KNN model, a finding smiliar to a previous study>”
Although the mutation sites and data of EGFR are different, it may provide a reference. The RF model was identified as most suitable for
predicting the bioactivity of both BRAF and EGFR inhibitors. However, it was more accurate at predicting the bioactivity of BRAF inhibitors.
This may be due to the various structures of the EGFR inhibitors, since three mutations (L858R, T790M, and C797S) were used to establish
the models, whereas the structures of the BRAF inhibitors were more unified, with the model using only one mutation (V600E). Conse-
quently, models for the BRAF inhibitors showed higher accuracy than those for the EGFR inhibitors.

10
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3.2. Resluts of functional group and substructural analysis

This study also developed a program for comparing the active and inactive substructural groups of BRAF and EGFR inhibitors. The
findings indicate that the amount of chlorine and fluorine in the active BRAF group was greater than in the inactive group, which
suggests that chlorine and fluorine are critical factors for BRAF inhibitors. However, bromine was rarely found in either the active or
inactive groups, suggesting that chlorine and fluorine cannot be replaced by bromine in the structures of BRAF inhibitors. Thus, the
selection priority of these three elements in the chemical structure of BRAF-targeting inhibitors is fluorine > chlorine > bromine.
Moreover, the frequency of the substructure of C=N in the active group was approximately twice as high as that in the inactive
group, and the frequency of the functional group of C=0 was higher in the active group than in the inactive group (Figure 3a).

Conversely, in the EGFR-targeting inhibitors, the frequency of the substructures C=N and C=O was lower in the active group
than in the inactive group. Additionally, phosphorus was not found in the structures of the BRAF inhibitors but was found in the
structures of the EGFR inhibitors (Figure 3b). Similarly, the frequency of the group of NH in the structures of the EGFR inhibitors was
higher than that of the BRAF inhibitors.

Furthermore, 3- to 7-ring structural features in the EGFR and BRAF inhibitors were identified in this research, with 5- and 6-ring
structures being the most prolific (Figure 4a). The frequency of 3-, 4-, and 7-ring structures ranged from 2% to 14% (Figure 4a), with
a 4-ring structure with three carbons and one nitrogen having the same frequency of approximately 2.8% in both EGFR and BRAF
inhibitors. It was determined that the optimum EGFR inhibitor structure contains one 5-ring, three or four 6-rings, and zero to two 6-
rings with one or two nitrogen atoms, whereas the optimum BRAF inhibitor structure contains zero or one 5-ring, three or four 6-
rings, and one or two 6-rings containing one or two nitrogen atoms (Table 3).

3.3. Molecular docking results

The molecule LMEB-1 (Figure 5a) was employed to perform molecular docking based on the substructural features of the in-
hibitors. The molecule exhibited good docking scores for both EGFR and BRAF, indicating the molecule’s ability to bind to these two
targets. The molecule showed docking scores of —6.79 and —8.13 with EGFR and BRAF, respectively.

Two hydrogen bonds were observed between the molecule and the EGFR target, with MET790 and LYS745 engaged in this
interaction (Figure 5b and 5c and Table 4). Three amino acid residues—SER536, PHE595, and VAL471—were observed to be
engaged in the interaction between the BRAF target protein and the molecule, and two hydrogen bonds were observed between the
molecule and the amino acid residues PHE595 and SER536 (Figure 5d and 5e and Table 4). Moreover, the molecule was found to
have more than one special interaction of pi-H with the BRAF target protein.

4. Discussion

Currently, the drug-resistant EGFR mutations T790M and C797S are a major problem for targeted cancer therapy. Thus, the
development of novel drugs targeting these mutations is critical to further improving targeted therapy for cancer patients. The
predictive models developed in this study are valuable tools for the discovery of antiresistance EGFR inhibitors. We also established
predictive models for BRAF inhibitors, providing treatment options for cancer patients. Besides, we developed and compared the
performance of the RF, SVM, KNN, GNB, and DT predictive models in EGFR and BRAF inhibitors.

The accuracy ranking of the five algorithms in the BRAF model was similar to that of the EGFR model, which may indicate that BRAF and
EGFR inhibitors show much similarity. However, the DT model of EGFR target was less accurate than the DT model of BRAF target, with the
KNN algorithm having a similar pattern. These results may suggest that the DT and KNN algorithms are more suitable for single mutation
target model development. The GNB algorithm had the lowest accuracy, particularly in relation to the BRAF model, which may imply that the
GNB model is inappropriate for involving these types of inhibitors. The results also demonstrate that it may be helpful to obtain a higher
accuracy by comparing more algorithms, which may be a limitation of the present study.

Moreover, the elements of chlorine and fluorine were in higher frequency in the active group than in the inactive group of EGFR
inhibitors and exhibited a selecting priority of fluorine > chlorine > bromine. This selection priority was similar to that of the BRAF
inhibitors. In contrast to inhibitors of BRAF target, the bromine occasionally appeared to replace fluorine or chlorine in EGFR
inhibitor structures. However, the elements of fluorine and chlorine were irreplaceable by bromine in the inhibitor structures of the
BRAF target. Bromine is not a good option for use in BRAF-based anticancer drugs. However, bromine is often adopted in the
treatment of respiratory disease. For example, the drug ambroxol hydrochloride (C13H19Br2CIN20) contains bromine and is used to
treat respiratory diseases associated with excessive mucus.?” Similarly, bromhexine hydrochloride contains bromine and is used to
decrease the viscosity of mucus in the airway, thereby easing the difficulty breathing and discomfort associated with various re-
spiratory diseases.’* As a result, the phenomenon of using bromine may be related to the type of disease being treated.

Notably, an ideal inhibitor molecule should have one fluorine, three 6-rings, one 6-ring containing one nitrogen, one 5-ring, one
group of C=0, two groups of NH, and 5 nitrogens (Table 5). Although chlorine is lower in the selecting priority than fluorine,
chlorine is acceptable for both EGFR and BRAF inhibitors.

The importance of fluorine or chlorine was interpreted by molecular docking analysis. Because fluorine and chlorine form hy-
drogen bonds with the amino acids of the targeted proteins, they play a critical role in the molecular structure. Given that fluorine
forms hydrogen bonds easily while bromine does not, the selecting priority for the EGFR/BRAF inhibitors should be fluorine >
chlorine > bromine. The molecule LMEB-1 was able to bind with both EGFR and BRAF. However, based on docking scores and
binding bonds, the molecule showed more affinity for the BRAF than for EGFR.

11
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Figure 3. Average frequency of functional groups between active group and inactive group. a: Average frequency of functional groups between active group and
inactive group for the inhibitors of BRAF target. b: Average frequency of functional groups between active group and inactive group for the inhibitors of EGFR target.
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Table 3
Key substructural features for inhibitors of EGFR and BRAF targets.

Target Number of 5-Ring Number of 6-Ring Number of 6-Ring (5C1N and 4C2N)
EGFR 1 3-4 0-2
BRAF 0-1 34 1-2

The development of multitarget drugs is a promising trend in cancer therapy.®” In the present study, functional and substructural
analyses of BRAF and EGFR inhibitors revealed critical substructural features. First, it is important to enhance bioactivity by in-
creasing the amount of chlorine or fluorine in the structures of BRAF and EGFR inhibitors. However, the functional group C6N should
be used with caution since it showed inverse effects on the active groups of the BRAF and EGFR inhibitors. Also, bromine use should
be carefully adopted since it was rarely found in the BRAF inhibitors. Second, the number of NH groups should be 2 or 3, and the
number of fluorine should be 1 or 2, aligning with the common ranges in the structures of both BRAF and EGFR inhibitors (Table 6
and Figure 4b). Third, the optimum EGFR- or BRAF-inhibitor structure should contain zero or one 5-ring, three or four 6-rings, and
one or two 6-rings containing zero to two nitrogen atoms (Table 3).
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Figure 5. Molecular docking. a: Chemical structure of molecule LMEB-1. b: Snapshots of docking pose of the compound interacting with EGFR protein. ¢: Interaction
details between the compound and EGFR protein. d: Snapshots of docking pose of the compound interacting with BRAF protein. e: Interaction details between the
compound and BRAF protein.
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Table 4
Bonding characterization of compound interacting with EGFR and BRAF targets.

Target Bonding interaction Bond type Distance E (kcal/mol) Dock score (S)
EGFR MET790C—SD H-donor 4.21 -0.6 -6.79
(PDB id: 6JX4) LYS745 F—NZ H-acceptor 2.93 —-2.7
BRAF SER536 CL—OG H-donor 3.51 -0.5 -813
(PDB id: 4XV2) PHE595 O—N H-acceptor 3.14 -2.8
VAL471 5-ring—CG2 pi-H 3.85 -0.6
Table 5

Substructural features of the inhibitor.

Molecule Number of Number of Number of Number of Number of 6- Number of 6- Number of 5-
groups of NH Fluorine groups of C=0 nitrogen Ring Ring (5CIN) Ring
LMEB—-1 2 1 1 5 3 1 1
Table 6

Key functional groups for inhibitors of EGFR and BRAF targets.

Target Number of groups of Number of Halogen Selecting Priority Number of functional groups Number of
NH Fluorine of C=0 nitrogens

EGFR 2-3 1-2 fluorine > chlorine > bromine 1-2 5-7

BRAF 2-3 1-2 fluorine > chlorine > bromine 1-2 5-7

5. Conclusions

The present study developed novel models for predicting the bioactivity of EGFR and BRAF inhibitors. The RF model was found to
be the preferred choice for predicting the bioacitivity of EGFR and BRAF inhibitors. In addition, as far as we know, this is the first
study to reveal that EGFR and BRAF inhibitors exhibit the same selecting priority of fluorine > chlorine > bromine. The molecular
docking uncovers that hydrogen bond formation is a key factor affecting the priority of fluorine > chlorine > bromine. Our findings
indicate that it is critical to appropriately increase the elements of chlorine or fluorine in the structures of BRAF and EGFR inhibitors.
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