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Abstract
Many compounds have been proposed and tested as human epidermal growth factor receptor (EGFR) inhibitors for cancer
treatment. Recently, new survival mechanisms of cancer cells have been discovered with the consequent resistance to
therapy, which makes it necessary to search for new anticancer drugs. Here we perform a quantitative structure-activity
relationship (QSAR) study on 290 compounds reported in the literature as EGFR inhibitors to analyze the molecular
properties that may influence their activity. A large number of nonconformational descriptors (17,974) were explored
including molecular descriptors, flexible molecular descriptors, and combination of both. To avoid ambiguities derived from
the existence of several conformational states, only constitutional and topological molecular descriptors have been
considered. The models were validated through Y-randomization, cross-validation, and mean absolute error criteria. A
simple model involving flexible descriptors shows the best predictive performance and suggests that the presence of multiple
aromatic rings and amino groups in a compound structure may increase its EGFR inhibitory activity.
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EGFR Epidermal growth factor receptor
QSAR Quantitative structure-activity relationship
U.S. FDA United State Food and Drug Administration
IC50 The inhibitory activity was expressed as the

concentration of the test compound that inhib-
ited the activity of EGFR by 50%

pIC50 The logarithmic molar IC50 values
SMILES Molecular-input line-entry system
SR Structural representation
HSG Hydrogen-suppressed graph
HFG Hydrogen-filled graph
GAO Graph of atomic orbitals
SA Structural attributes

DCW Defined flexible descriptor
CW Correlation weights
MC Monte Carlo simulation
T Threshold value
BSM Balanced subsets method (BSM)
k-MCA k-means cluster analysis
RM Replacement method
MLR Multivariable linear regression
Loo Leave-one-out cross-validation
R2
Loo Loo variance

MAE Mean absolute error
AD Applicability domain
hi Calculated leverage value
h* Warning leverage value
SVal Standard deviation in the validation set
F Fisher parameter
o(2.5S) Number of outlier compounds in the training set
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Introduction

The epidermal growth factor receptor (EGFR) tyrosine
kinase protein, which includes the EGFR/HER1/Erb1,
EGFR/ErbB2, HER3/ErbB3, and ErbB4 family of recep-
tors, is among the most investigated cell signaling families
in cancer research (Schlessinger 2000; Arteaga and Engel-
man 2014). The overexpression, deregulation, and muta-
tions of EGFR appear to be crucial in tumor growth and
progression in many malignancies, principally in the dif-
ferent kinds of epithelial cancers (Sigismund et al. 2018).
Therefore, the use of tyrosine kinase inhibitors is one of the
most clinically advanced approaches for the treatment of
these cancers. The overexpression of EGFR is found in
many malignancies particularly in carcinoma of lungs,
glioblastoma, epithelial head and neck tumors, colon and
breast cancer (Barber et al. 2004; Kalyankrishna and
Grandis 2006; Mok et al. 2009; Walker et al. 2009; Ueno
and Zhang 2011). Several drugs have already been launched
as FDA approved kinase inhibitors including: gefitinib,
erlotinib, afatinib, brigatinib, neratinib, vandetanib, lapati-
nib, osimertinib, icotinib among others (Gazit et al. 1993;
Levitzki and Gazit 1995; Wu et al. 2016). For breast cancer,
for example, trastuzumab (HerceptinH) (Orman and Perry
2007; Liang et al. 2010) has proven to be efficient in the
inhibition of EGFR but induces EGFR overexpression and
resistance after long term treatment (Pohlmann et al. 2009).
For patients who are refractory to trastuzumab and che-
motherapy, lapatinib (TykerbH) may be more effective
because inhibits both, HER2 and EGFR (Curran 2010;
Kroep et al. 2010). Recent findings of EGFR mutations and
the dose-related toxicity of gefitinib, erlotinib, and afatinib,
impose an urgent need for the design and development of
new and more effective drugs. Most FDA approved inhi-
bitors act towards the best known functions of the EGFR,
which are in the context of ligand- and kinase-dependent
activation (Lemmon and Schlessinger 2010). However,
novel functions have been recently discovered both kinase
dependent and independent, revealing unexpected roles of
the EGFR in the regulation of autophagy and metabolism
(Tan et al. 2016). Moreover, it was found that these new
functions are stimulated by cellular stress, for example the
stress caused by EGFR inhibitors. This may result in
additional mechanisms of cancer cells survival with the
consequential therapy resistance (Jutten et al. 2013). It is
clear then, than the search for new anticancer agents is
mandatory. At present, different families of structures have
been suggested as EGFR inhibitors and their efficiency has
been published (Gazit et al. 1991; Levitzki and Gazit 1995;
Fink et al. 2005; Mastalerz et al. 2007; Mastalerz et al.
2007; Mastalerz et al. 2007; Xu et al. 2008; Xu et al. 2008;
Cai et al. 2010; Li et al. 2010; Lv et al. 2010; Fink et al.
2011). Finding new molecular features that improve drug

efficacy is an expensive and time-consuming task, although
essential for the design of improved drugs.

The application of QSAR techniques and computer-aided
modeling are valuable tools to initiate the search for new
drugs and are being intensively used for this purpose.
Trustworthy models can provide insight into the molecular
characteristics that may influence the drug inhibitory
activity, drastically improving the success and the pace of
the development of more effective drugs with weaker sec-
ondary effects. The identification of new EGFR inhibitor
molecules has been intensely studied using different
approaches including QSAR (Noolvi and Patel 2010;
Marzaro et al. 2011; Chauhan et al. 2014; Sun et al. 2014;
Singh et al. 2015; Faghih-Mirzaei et al. 2019), molecular
docking (Nandi and Bagchi 2010; Bathini et al. 2016;
Shinde et al. 2017; Gaber et al. 2018; Faghih-Mirzaei et al.
2019; Ruslin et al. 2019), and pharmacophore modeling
(Gupta et al. 2011) studies.

The purpose of this study is to model the inhibitory
activity of a large number of compounds towards EGFR
using QSAR, considering only flexible molecular descrip-
tors of 0, 1, and 2 dimensions. As a result, simple models
were developed based solely on constitutional and topolo-
gical molecular properties, thus avoiding the ambiguities
that can arise if different conformational states are con-
sidered (Duchowicz et al. 2012; Talevi et al. 2012). Three
different approaches were explored using different types of
descriptors: (i) 0D, 1D, and 2D descriptors and fingerprints
generated by popular and freely available programs:
PaDEL-descriptor (version 2.20) (Yap 2011), EPI Suite
(U.S. Environmental Protection Agency 2016), and Mold2
(Hong et al. 2008); (ii) flexible descriptors obtained through
the CORALSEA program (Toropova et al. 2012) and (iii)
both sets of descriptors, combined. Based on the analysis of
the statistical parameters obtained using this methodology
and always looking for the simplest models, linear rela-
tionships based on 1–8 descriptors have been selected as the
best predictive combinations of independently selected
variables. This strategy was successfully applied recently
for the modeling of the inhibitory activity of HER2,
obtaining a hybrid relationship that combines a flexible
descriptor, three PaDel descriptors, and one fingerprint
(Duchowicz et al. 2017).

Materials and methods

QSAR analysis was performed on 290 EGFR inhibitors
(Table 1S). Their structures and in vitro activities, measured
by different enzymological methods, were collected from
recently published literature (Gazit et al. 1991; Gazit et al.
1993; Levitzki and Gazit 1995; Fink et al. 2005; Mastalerz
et al. 2007; Mastalerz et al. 2007; Mastalerz et al. 2007; Xu
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et al. 2008; Xu et al. 2008; Cai et al. 2010; Li et al. 2010; Lv
et al. 2010; Fink et al. 2011). The inhibitory activity was
expressed as the concentration of the test compound that
inhibited the activity of EGFR by 50% (IC50). The molar
IC50 values were converted into the logarithmic (pIC50, M)
values to be used in the QSAR analysis.

Structural representation and molecular descriptors
calculation

Compound structures were generated in both SMILES
notation and bidimensional structures drawn with the free
Discovery Studio software (Version 3.5) (Dassault Sys-
tèmes Biovia 2017) and saved in MDL-MOL format with-
out performing any geometrical optimizations. Two
different methods were used to calculate the descriptors: (a)
Theoretical conformation-independent molecular descrip-
tors and fingerprints were calculated using the freely
available software PaDEL-descriptor (version 2.20) (Yap
2011), EPI Suite (U.S. Environmental Protection Agency
2016), and Mold2 (Hong et al. 2008). Overall, 1444 1D and
2D descriptors and 12 types of fingerprints (16,092) were
obtained from PaDEL-descriptor, 184 descriptors from EPI
Suite, and 254 descriptors from Mold2. A total of 17,974
descriptors were used to exhaustively explore the structural
characteristics that may influence EGFR inhibitory activity.
To minimize redundant information, descriptors found to be
linearly dependent and constant values were excluded from
the matrix of variables. (b) The CORAL freeware (Tor-
opova et al. 2012) was used to calculate flexible molecular
descriptors. The SMILES notations of the compounds were
provided as input to the CORAL program along with the
experimental pIC50 values. Three different structural
representation (SR) approaches are available in the CORAL
program: (i) a chemical graph, such as hydrogen-suppressed
graph, hydrogen-filled graph (HFG), or graph of atomic
orbitals; (ii) SMILES; and (iii) a hybrid of chemical graph
and SMILES. Given that the SR selected defines the num-
ber and types of local descriptors to be included in the
QSAR analysis, the most appropriate combination of
structural attributes (local descriptors, SA) for modeling
should be chosen. The CORAL framework searches for a
QSAR model that correlates the experimental pIC50 and a
properly defined flexible descriptor (DCW) through a one-
variable linear relationship. The DCW descriptor is a linear
combination of special coefficients called correlation
weights (CW) whose value is calculated for each SA type in
the training set via a Monte Carlo simulation (Table 2S).
The DCW depends on the threshold value (T) and the
number of epochs or iterations (Nepochs) used (Toropova
et al. 2012). T defines rare SMILES attributes that do not
contribute to the predicted activity. All SMILES attributes
that take place in less than T SMILES notations of the

training set are classified as rare instead of active. In this
study, T ranges from 0 to 5 and the maximum number of
iterations used is 50.

Model validation

To verify the predictive capability of the proposed models
the dataset was split into a training set (99 compounds) for
model development, a validation set (99 compounds) for
model validation, and a test set (92 compounds) for external
validation. The split of the dataset was carried out by the
balanced subsets method (Rojas et al. 2016), a technique
based on k-Means Cluster Analysis (k-MCA), to ensure that
the training set is representative of the validation and test
sets. The replacement method (Duchowicz et al. 2006), was
applied to generate multivariable linear regression (MLR)
models on the training set. The algorithms used in our
calculations were programmed in MATLAB software (The
MathWorks 2018). The MLR models were validated theo-
retically through the leave-one-out cross-validation (Loo)
method to measure the stability of the QSAR model upon
inclusion/exclusion of molecules. A general validation cri-
terion is to accept the model if the Loo variance (R2

Loo) is
greater than 0.5. This is a necessary but not sufficient
condition for predictive power (Golbraikh and Tropsha
2002). A more thorough validation was sought using the
external test set of 92 compounds. To check that the model
does not result from happenstance, the experimental values
were scrambled through the Y-randomization method
(Wold et al. 1995) in such a way as to not correspond to
their respective compounds.

Mean absolute error (MAE) was the criterion applied to
evaluate the predictive error values relative to the training
set response range (Roy et al. 2016). A MAE of 10% of the
training set range indicates that the model is adequately
predictive. The criterion based on the value of the MAE+
3σ to be less than 25% of the training set range was also
assessed (σ is the standard deviation of absolute error values
for the test set).

Applicability domain

The applicability domain (AD) is a theoretically defined
area such that only the molecules that are within this AD are
not considered model extrapolations (Gramatica 2007;
Gadaleta et al. 2016). The ADs for the proposed models
were determined though two methodologies: the leverage
approach (Eriksson et al. 2003) and a simple standardization
method (Roy et al. 2015). In the leverage approach each
compound i has a calculated leverage value hi and a
warning leverage value h* (Table 2S), so that if hi is greater
than h*, the prediction is considered a model extrapolation
and is therefore, not reliable. In addition, the recently
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proposed method for identifying compounds outside the
AD, developed by Roy et al., was applied (Roy et al. 2015).

Results and discussion

We performed a QSAR analysis on 290 different com-
pounds with proven inhibitory activity towards EGFR using
experimental data reported in the literature. The three dif-
ferent approaches to QSAR described in the previous sec-
tion were explored following a general methodology. First,
the training set is used both for the selection of the best
molecular descriptors and for the adjustment of the MLR
parameters, while the validation set is used to determine the
predictive capacity of the model. Then, the models are
tested externally for the experimental pIC50 data in the test
set. This allows to take maximum advantage of the available
structural and response information and to enlarge the AD.
The statistical parameters for each model are provided as
supplementary information. The detailed results obtained
for each approach are presented and thoroughly analyzed in
the following sections.

Molecular descriptors models

Table 1 shows the results obtained for the best models
found with the first approach using molecular descriptors
and fingerprints. Models involving from one to eight
descriptors were explored and the best predictive perfor-
mance is observed for the five and six descriptors models.
Both present similar values of SVal. The five-descriptors
model was selected as the best because the SVal and STrain
values are closer to each other and it is a simpler model than
the one with six descriptors. Figure 1 shows the calculated
pIC50 versus the experimental values for the five-descriptors

model represented by the equation:

pIC50 ¼ 1:695� 1:529GATS5cþ 1:440

SpMax3 Bhm� 0:883PubchemFP260

þ1:913PubchemFP577þ 1:085PubchemFP703

ð1Þ

NTrain ¼ 99;R2
Train ¼ 0:76; STrain ¼ 0:62;NVal ¼ 99;R2

Val ¼ 0:73;

SVal ¼ 0:67;F ¼ 59

NTest ¼ 92;R2
Test ¼ 0:73; STest ¼ 0:65; oð2:5SÞ ¼ 1;R2

Loo ¼ 0:68

SLoo ¼ 0:65; SRand ¼ 1:18; h� ¼ 0:0909;MAE ¼ 0:46;

Train range ¼ 4:92:

Table 1 Descriptors identified for modeling inhibitory EGFR activity together with the squared correlation coefficient and the standard deviation
for the training, validation, and test sets

No. of Des. Descriptors R2
Train STrain R2

Val SVal R2
Test STest

1 PubchemFP379 0.55 0.83 0.62 0.76 0.59 0.71

2 MACCSFP38, APC2D8_C_X 0.61 0.78 0.69 0.71 0.59 0.71

3 GATS5e, maxHBd, PubchemFP577 0.68 0.70 0.73 0.66 0.63 0.68

4 GATS5c, PubchemFP259, PubchemFP260, PubchemFP577 0.73 0.65 0.73 0.67 0.65 0.67

5 GATS5c, SpMax3_Bhm, PubchemFP260, PubchemFP577, PubchemFP703 0.76 0.62 0.73 0.67 0.65 0.68

6 SpMax3_Bhm, SpMin5_Bhm, nHBDon_Lipinski, EStateFP32, PubchemFP577,
PubchemFP703

0.80 0.57 0.74 0.66 0.63 0.71

7 SaaaC, MIC1, EStateFP18, Pubchem FP192, PubchemFP577, KRFP480, Estimated BCF 0.83 0.52 0.72 0.69 0.58 0.63

8 MIC2, MACCSFP38, Pubchem FP192, PubchemFP260, PubchemFP577, KRFP480,
KRFP4254, Estimated BCF

0.86 0.48 0.71 0.69 0.62 0.74

The best model is in bold text

Experimental pIC50
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Fig. 1 Experimental and predicted values for the training, validation,
and test sets for the five-descriptor model (Eq. 1) for 290 EGFR
inhibitors
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The Fisher parameter (F) accounts for statistical sig-
nificance and o(2.5S) (Verma and Hansch 2005) indicates
the number of outlier compounds in the training set. A
compound having an absolute residual value (difference
between experimental and calculated pIC50) greater than 2.5
times STrain is considered an outlier. All compounds in this
model are within the AD and only one outlier (compound
248) was found. The MAE result including all test com-
pounds is under 10% of the training compounds’ value
range (Roy et al. 2015). Equation 1 satisfies the external
validation conditions (Roy 2007).

�1� R2
0=R

2
Test < 0:1 0:0028ð Þ or 1� R′2

0 =R
2
Test < 0:1 0:12ð Þ

and;�0:85 � k � 1:15 0:98ð Þ and 0:85 � k′ � 1:15 1:01ð Þ
and� R2

M > 0:5 0:67ð Þ:

Two descriptors in this model present a negative effect
on the inhibitory activity: GATS5c and PubchemFP260.
The GATS5c is a 2D-autocorrelation descriptor originating
in autocorrelation of the topological structure of Geary
(GATS). This descriptor encodes both the molecular
structure and a physicochemical property as a vector,
associating the topology of a structure with a selected
physicochemical attribute. The two indices following the
descriptor symbol represent the topological distance
between pairs of atoms, lag 5 in this case, and the physi-
cochemical property considered in the weighting compo-
nent for its computation. For the GATS5c descriptor the
letter c means weighted by charge. The PubchemFP260 is a
fingerprint that indicates the presence of three hetero-
aromatic rings in the structure.

On the other hand, the SpMax3_Bhm descriptor and the
PubchemFP577 and PubchemFP703 fingerprints present a
positive correlation with the pIC50. These three descriptors
also appear in the six descriptors model with positive
coefficients supporting the conclusion that higher values for
these descriptors should increase the EGFR inhibitory
activity. Fingerprints PubchemFP577 and PubchemFP703
both test for the presence of an amino group. The FP577
indicates the existence of a secondary amino group bridging
two aromatic carbons and the FP703 the presence of a
primary amine bonded to an aliphatic carbon. Secondary
and tertiary amino groups have been recently reported as the
most frequent moieties found in anticancer drugs tested
against NCI-60 cell lines in a QSAR study using a dataset of
8565 molecules (Singh et al. 2016). The SpMax3_Bhm
descriptor represents the largest absolute eigenvalue of the
Burden modified matrix – n 3/weighted by relative mass.
The Burden matrix is an adjacency matrix and its eigen-
values reflect relevant aspects of molecular structure useful
for similarity searching. In the case of the SpMax3_Bhm
descriptor, the diagonal elements of the matrix are given by
the carbon normalized atomic mass. The molecular

descriptors and fingerprints appearing in Eq. 1 suggest that
the inhibitory activity of EGFR is decreased by the presence
of multiple hetero-aromatic rings and increased by the
occurrence of atoms heavier than carbon and also by the
presence of primary or secondary amines in the compounds
structure (Scheme 1).

Flexible molecular descriptors model

The best linear regression models were selected by per-
forming a QSAR analysis on the training set of 99 com-
pounds. The flexible-descriptor design requires finding the
most efficient structural attributes for each SR. To achieve
this, the DCW flexible descriptor is optimized by increasing
R2
Train, until the predictive capability of the model in the

validation set begins to decrease. This is the same procedure
followed to select the most predictive MLR model search-
ing for the best combination among thousands of descrip-
tors. In all cases, the test set is not involved in the
development of the model. The main statistical parameters
for the QSAR models with better predictive performance
are presented in Table 2. It can be seen from these results
that the best choice is a CORAL combination that contains
HFG representations. Three variable types based on 168
active attributes compose the optimal descriptor (shown in
Table 10S). Figure 2 shows that the predicted and experi-
mental values for the training, validation, and test sets fol-
low a straight line. The resulting equation for this model
with one DCW is:

pIC50 ¼ 3:699þ 0:042 � DCW ð2Þ
NTrain ¼ 99;R2

Train ¼ 0:73; STrain ¼ 0:64;NVal ¼ 99;

R2
Val ¼ 0:74; SVal ¼ 0:64;F ¼ 260

NTest ¼ 92;R2
Test ¼ 0:67; STest ¼ 0:64; oð2:5SÞ ¼ 3;

R2
Loo ¼ 0:79SLoo ¼ 0:56; SRand ¼ 1:12;

h� ¼ 0:06;MAE ¼ 0:46; Train range ¼ 4:92:

Scheme 1 Influence of the presence of functional groups on the EGFR
inhibitory activity
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All compounds are within the AD according to both
methods used, and systematic error is absent. The MAE
calculated including all test compounds is lower than 10 %
of the training compounds’ value range. Three compounds
in the training set (67, 213, and 248) show absolute resi-
duals greater than 2.5 times STrain and are considered out-
liers, however the three present absolute residuals lower
than 3 times STrain. We applied both Y-randomization to
demonstrate that STrain < SRand and also the external valida-
tion criterion (Roy 2007) to ensure that a valid structure-

activity relationship is achieved:

�1� R2
0=R

2
Test < 0:1 0:0001ð Þ or 1� R′2

0 =R
2
Test < 0:1 0:12ð Þ

and;�0:85 � k � 1:15 0:98ð Þ and 0:85 � k′ � 1:15 1:01ð Þ
and� R2

M > 0:5 0:73ð Þ:

Table 11S includes an example of a DCW calculation for
compound 2. The local descriptors that contribute to the
DCW calculation are listed in Table 10S and are all struc-
tural attributes. Higher positive CW values tend to predict
higher activity values.

Hybrid descriptors model

The last approach explores models combining PaDEL, EPI
Suite, Mold2, and the flexible CORAL descriptors and fin-
gerprints. The combination of various flexible descriptors or
flexible descriptors with molecular descriptors results in a
significant increase in the model’s complexity and does not
improve their predictive quality. The best hybrid descriptors
model involves five descriptors (see Table 3). It is worth
mentioning that, in this model, the descriptor called CoralA is
the best descriptor found in the previous model (flexible
molecular descriptors model, Eq. 2) whereas CoralB refers to
the descriptors obtained using Coral in HFG representations
for the attributes 2ECj, NNCj,

3Sk. Figure 3 shows the predicted
and experimental values for the training, validation, and test
sets using the best hybrid model represented by the equation:

pIC50 ¼ 3:417� 0:343PubchemFP199þ 0:496

PubchemFP577þ 1:086KRFP480� 0:0001

Estimated BCF þ 0:0366CoralB

ð3Þ

NTrain ¼ 99;R2
Train ¼ 0:89; STrain ¼ 0:41;NVal ¼ 99;

R2
Val ¼ 0:76; SVal ¼ 0:64;F ¼ 155

NTest ¼ 92;R2
Test ¼ 0:68; STest ¼ 0:69; o 2:5Sð Þ ¼ 0;R2

Loo ¼ 0:87

SLoo ¼ 0:46; SRand ¼ 1:19; h� ¼ 0:18;MAE ¼ 0:50;

Train Trainrange ¼ 4:92:

According to the two methods used, four of the com-
pounds in the test set are outside the AD and no systematic
error was observed. The MAE result, including all test
compounds, is slightly more than 10% of the training range
indicating moderate predictive performance. The CoralB
descriptor, the KRFP490 fingerprint (indicates presence of
the fragment [CH2][NH]C(= S)[NH]) and the Pub-
chemFP577, which denotes the presence of a secondary
amino group, present a positive correlation with the

Table 2 The search for the best QSAR model using flexible molecular
descriptors

Structural attributes R2
Train STrain R2

Val SVal R2
Test STest

1ECj 0.64 0.74 0.72 0.66 0.65 0.65
2ECj 0.80 0.55 0.74 0.64 0.58 0.74
1ECj,

2ECj 0.75 0.61 0.72 0.66 0.70 0.62
2ECj, Pt2k 0.76 0.60 0.71 0.67 0.68 0.64
1ECj,

2ECj, Pt2k, 0.73 0.64 0.74 0.64 0.67 0.64
0ECj,

1ECj,
2ECj 0.76 0.61 0.72 0.66 0.66 0.66

1ECj,
2ECj, Pt2k, NNC 0.74 0.63 0.73 0.65 0.68 0.62

0ECj,
1ECj,

2ECj,
3Sk 0.81 0.53 0.73 0.66 0.69 0.64

1ECj,
2EC, Pt2k, NNCj,

3Sk 0.81 0.53 0.74 0.65 0.67 0.67
0ECj,

1ECj,
2ECj, Pt2k,

3Sk 0.79 0.56 0.73 0.65 0.68 0.64

The best model is in bold text

Experimental pIC50
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Fig. 2 Experimental and predicted values for the training, validation,
and test sets for the one-flexible-descriptor model (Eq. 2) for 290
EGFR inhibitors
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predicted activity. This last fingerprint was also found in the
best model of the molecular descriptors approach (Eq. 1).
The PubchemFP19 (presence of four aromatic rings) and
the EPI suite descriptor Estimated BCF have negative
coefficients in this model. Equation 3 also satisfies the
external validation conditions (Roy 2007).

�1� R2
0=R

2
Test < 0:1 0:023ð Þ or 1� R′2

0 =R
2
Test < 0:1 0:036ð Þ

and; � 0:85 � k � 1:15 0:98ð Þ and 0:85 � k′ � 1:15 1:01ð Þ
and� R2

M > 0:5 0:63ð Þ

Conclusion

A simple structure-inhibitory activity relationship for EGFR
inhibitors was developed through a strategy that does not
require knowledge of the molecular conformation as part of
the SR. A model that uses flexible descriptors calculated with
the Coral software shows the best predictive performance
for the EGFR inhibitory activity. This model was validated
through Y-randomization, cross-validation and MAE criteria,
and satisfies AD analysis. Calculations involving molecular
descriptors and fingerprints also result in an acceptable model
involving five descriptors. However, combinations of Coral
flexible descriptors with fingerprints and molecular descrip-
tors did not lead to better models and substantially increases
their complexity. The descriptors involved in the models here
proposed suggest that the presence of aromatic rings and
amino groups in the inhibitors molecular structure have a
positive effect on the EGFR inhibitory activity. The results
obtained here could be useful in the design of new anticancer
drugs that effectively inhibit the expression and function of
EGFR and lead to more efficient treatments.

Data availability

The data that support the findings of this study are available
from the corresponding author upon reasonable request.
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Table 3 Descriptors identified
for modeling inhibitory EGFR
activity together with the
squared correlation coefficient
and the standard deviation for
training, validation, and test sets

No.
of Des.

Descriptors R2
Train STrain R2

Val SVal R2
Test STest

1 CoralAa 0.73 0.64 0.74 0.64 0.67 0.65

2 CoralBb, PubchemFP199 0.84 0.49 0.74 0.65 0.67 0.67

3 CoralB, PubchemFP199, KRFP480 0.86 0.47 0.74 0.65 0.64 0.72

4 CoralB, PubchemFP199, KRFP480, Estimated BCF 0.88 0.43 0.73 0.67 0.66 0.71

5 CoralB, PubchemFP199, PubchemFP577,
KRFP480, Estimated BCF

0.89 0.41 0.76 0.64 0.68 0.69

6 CoralB, ATSC6c, PubchemFP199, PubchemFP577,
KRFP480, Estimated BCF

0.91 0.38 0.75 0.65 0.68 0.72

7 CoralB, ATSC6c, PubchemFP199, PubchemFP577,
KRFP480, KRFP4028, Estimated BCF

0.92 0.36 0.75 0.66 0.67 0.74

8 CoralB, ATSC6c, PubchemFP199, PubchemFP577,
KRFP480, KRFP4028 APC2D6_C_Br, Estimated
BCF

0.92 0.35 0.76 0.64 0.58 0.85

aCoralA refers to the descriptors obtained using Coral in HFG representations for the attributes 1ECj,
2ECj,

Pt2k
bCoralB refers to the descriptors obtained using Coral in HFG representations for the attributes 2ECj, NNCj,
3Sk
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Fig. 3 Experimental and predicted values for the training, validation, and
test set for the five-descriptors hybrid model (Eq. 3) for 290 EGFR inhibitors
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