1duosnue Joyiny 1duosnuep Joyiny 1duasnuen Joyiny

1duasnuen Joyiny

Author manuscript
J Comput Aided Mol Des. Author manuscript; available in PMC 2016 November 01.

-, HHS Public Access
«

Published in final edited form as:
J Comput Aided Mol Des. 2015 November ; 29(11): 1045-1055. doi:10.1007/s10822-015-9877-9.

Statistical Analysis of EGFR Structures’ Performance in Virtual
Screening

Yan Lil*T, Xiang Li%", and Zigang Dongl”*
1The Hormel Institute, University of Minnesota, Austin Minnesota 55912, United States

2Department of Physiology and Pathophysiology, School of Basic edical Sciences, Zhengzhou
University, 450001 Zhengzhou, Henan, China

Abstract

In this work the ability of EGFR structures to distinguish true inhibitors from decoys in docking
and MM-PBSA is assessed by statistical procedures. The docking performance depends critically
on the receptor conformation and bound state. The enrichment of known inhibitors is well
correlated with the difference between EGFR structures rather than the bound-ligand property.
The optimal structures for virtual screening can be selected based purely on the complex
information. And the mixed combination of distinct EGFR conformations is recommended for
ensemble docking. In MM-PBSA, a variety of EGFR structures have identically good
performance in the scoring and ranking of known inhibitors, indicating that the choice of the
receptor structure has little effect on the screening.
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Introduction

In receptor-based virtual screening, the primary challenge is the choice of the optimal
structures without a prior knowledge about their docking performance. The selection will
largely influence the screening results because the discernment of individual structures
varies greatly and combination of distinct structures may be counter productive.[1-4] Efforts
have been made to pick suitable structures for virtual screening based on properties of the
ligand and receptor.[3-6] However, it is controversial if the discriminating ability of
receptor structures is related with the properties. A quantitative correlation has not been
established. And it remains elusive how the optimal structures can be chosen without a prior
knowledge. Recent crystallography studies reveal that a ligand may bind to different
conformations of a receptor. For example, Erlotinib and Gefitinib, two approved drugs for
blocking Epidermal Growth Factor Receptor (EGFR), can bind with either the DFG-in
active form or the Src-like inactive form (Fig. 1).[7,8] Moreover, Gefitinib can bind to the
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wild type and mutated EGFR both with high affinities.[9] This raises a question if the
receptor conformation and mutation has an effect on virtual screening, which has not been
investigated yet. In this report we start out to answer these questions by statistically
analyzing the performance of EGFR structures in virtual screening.

EGFR is a clinically validated drug target for cancer therapy and has been extensively
studied. Three distinct conformations of EGFR have been solved (Fig. 1): the DFG-in active
form (A), the Src-like inactive form (T), and the DFG-out inactive form (I). For simplicity,
they will be represented by A, T, and | in the following. The structural features of EGFR
conformations have been discussed as well as the transitions between them.[10] Structurally
diverse EGFR inhibitors have been developed. Here we focus on EGFR kinase domain and
ATP-competitive reversible inhibitors. The ability of EGFR structures to recognize known
inhibitors from decoy compounds is scrutinized using Glide and, in an attempt to pursue
high accuracy and explicit receptor flexibility, molecular mechanics with Poisson-
Boltzmann surface area (MM-PBSA). MM-PBSA, an end-point free energy method, has
been widely applied for exact estimation of binding affinities.[11-15] It has been proven
helpful in understanding the correlation between experimental activities and calculated
binding free energies. Due to high computational demand, MM-PBSA has rarely been
employed in virtual screening.

In this work the docking performance of EGFR structures is compared, and the difference is
assessed by the hypothesis testing (T-test and Wilcoxon test). The relationship between the
docking performance and receptor structure as well as ligand property is measured by the
Pearson and Spearman correlation coefficient. We demonstrate that it is likely to select the
optimal structures for virtual screening based only on the structural information. In MM-
PBSA, the scoring and ranking of known inhibitors with a variety of EGFR structures are
examined. The ranking difference between two EGFR structures is evaluated by the
hypothesis testing for paired data. In addition, we discuss the influence of the internal
dielectric constant (IDC) and molecular dynamics (MD) simulation time on scoring and
ranking.

In our dataset, there are 49 EGFR structures, 27 known EGFR inhibitors, and 7561 decoy
compounds (see Methods). Pose prediction and enrichment are two popular indicators of
docking performance. Usually binding poses are able to be reproduced precisely,[16] so here
we focus on enrichment of known inhibitors that is not very successful in benchmark
exercises. The discerning ability of a single EGFR structure is measured by the enrichment
factor (EF) at the top 1%. The EF is calculated as EF = (a/ n) / (A/ N), where N is the total
size of the ligand library, n is the number of compounds selected, A is the number of known
inhibitors, and a is the number of known inhibitors in the selection. In this case, n/ N equals
to 1%.

Ensemble Performance

Among the 49 EGFR structures, there are 8 complex structures bound with an ATP
derivative (ensemble P), 30 complex structures associated with a small-molecule organic
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compound (ensemble O), and 11 apo structures without a ligand (ensemble N). According to
Fig. 2, the ensemble O with the mean EF of 36.3+£13.4 has stronger discriminating power
than the ensemble P and N with the EF average of 21.1+8.7 and 11.2+9.5, respectively. The
p-values between the ensemble O and P/N are less than 0.003 with both the T-test and
Wilcoxon test (Table S1), suggesting that there is significant difference between them. The
ensemble P and N are likely different from each other with the p-values of 0.03 (T-test) and
0.05 (Wilcoxon test). Inspection of the two ensembles shows that the ensemble P contains
only A/T-structures (the active and Src-like inactive EGFR form) and all I-structures (the
DFG-out inactive EGFR form) belong to the ensemble N. As will be mentioned in the
following, the I-structures have a very poor capacity of discernment. The performance of the
ensemble N may deteriorate because of the I-structures. After removing the I-structures from
the ensemble N, the ensemble N' is acquired with 7 A/T-structures and the mean EF is
15.04£9.4 (Table S1). The p-values between the ensemble P and N' are 0.22 (T-test) and 0.26
(Wilcoxon test), suggesting that there is no difference from each other.

In the 49 EGFR structures, there are 33 structures adopting the form A (the active form,
ensemble A), 4 I-structures (the DFG-out inactive form, ensemble 1), and 12 T-structures
(the Src-like inactive form, ensemble T). Apparently, the I-structures with the mean EF of
4.7+5.6 have much worse discerning power than the other two ensembles (A and T) with the
EF average of 28.0+11.7 and 36.5+20.6 (Fig. 3 and Table S1). The p-values between the
ensemble A and T are 0.20 (T-test) and 0.11 (Wilcoxon test), indicating that their capacity
of discernment is matched. Then we compare the performance of the structures bound with
an organic compound, considering the weak ability of other structures to identify known
inhibitors. Among 30 structures associated with an organic compound, there are 22 A-
structures (ensemble A'") with the mean EF of 32.2+11.5 and 8 T-structures (ensemble T")
with the EF average of 47.8+12.0 (Table S1). For the ensemble A' and T', the EF varies from
7.5 and 33.7 to 56.2 and 63.7, respectively. The p-values between them are 0.008 (T-test)
and 0.007 (Wilcoxon test), suggesting that the ensemble T' has superior performance to the
ensemble A'.

In the 49 EGFR structures, there are 22 wild type structures (ensemble W) with the EF
average of 32.9+14.9 and 27 mutated structures (ensemble M) with the mean EF of
24.4+16.1 (Fig. 4 and Table S1). There is no performance difference between them with the
p-values of 0.06 (T-test) and 0.10 (Wilcoxon test). Then we inspect the structures bound
with an organic compound. Among 30 structures, there are 17 wild type structures
(ensemble W") with the mean EF of 37.5+13.1 and 13 mutated structures (ensemble M') with
the EF average of 34.9+14.2. Their abilities to retrieve known inhibitors are alike with the p-
values of 0.61 (T-test) and 0.95 (Wilcoxon test). Furthermore, we examine the performance
of the A/T-structures (the active and Src-like inactive form) bound with an organic
compound. In 22 A'-structures (the active form A bound with an organic compound), there
are 11 wild type structures with the mean EF of 30.3+6.2 and 11 mutated structures with the
EF average of 34.1+15.2. Among 8 T'-structures (the Src-like inactive form bound with an
organic compound), there are 6 wild type structures with the mean EF of 50.6+£12.3 and 2
mutated structures with the EF average of 39.4+8.0. There is no difference in each pair of
ensembles with the p-values all over 0.2 (Table S1).
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According to our results, the receptor conformation and bound state play a vital role in
establishing discernment of EGFR structures while the mutation has little effect. It is well
known that a holo structure is preferred in virtual screening. However, we find that a
structure associated with an ATP derivative is not the best option in screening for EGFR
inhibitors. Statistically, the T'-structure (the Src-like inactive form bound with an organic
compound), instead of the A-structure (the active conformation) or the I-structure (the DFG-
out inactive form), should be the favorite choice in virtual screening for EGFR inhibitors
when additional information is not available. Given that the EF of the ensemble T' fluctuates
in a large range, a rule for selection of high-performance structures is still needed that is
based purely on the complex conformation.

Correlations between EF and Receptor/Ligand

In this section we investigate if the docking performance is correlated with the EGFR
structure and ligand property. The relationship is assessed by the Pearson correlation
coefficient (rp) and Spearman correlation coefficient (rg). The similarity of the EGFR
structures is described by root mean square deviation (RMSD) of Ca atoms. We first
compute the correlation coefficient between the Ca RMSD of EGFR structures and the EF
difference (AEF) with respect to a template structure. The AEF for the structure i equals to
EF; — EFtemplate- FOr the template structure, the RMSD and AEF both are 0. Each EGFR
structure works as the template, respectively, and the correlation coefficients are calculated
in five ensembles of structures (all structures, the active form A, the Src-like inactive form
T, the active form bound with an organic compound A", and the Src-like inactive form
bound with an organic compound T'). With some structures as the template, the coefficients
(rpand rg) are pretty good; whereas, with other structures, the coefficients are very poor
(Fig. S1). It implies that the results largely depend on the selection of the template structure.
To circumvent the need of a template, we define the RMSD distance between the structure i
and other structures in an ensemble of n structures as: dj=XRMSDjj(n-1)/,j =1 ---nandj #
i, RMSDj;; is the pairwise Ca RMSD of the structure i and j. For all EGFR structures, the
coefficients (rp and rg) between the RMSD distance and EF are close to 0 with high p-values
(for selected data, see Table 1; for full data, see Table S2). For the active form (the ensemble
Aand A’), rp is about 0.4 with the p-values below 0.05, suggesting that the distance and EF
may be linearly related. For the Src-like inactive form (the ensemble T), rp = -0.56 indicates
a moderate correlation between the distance and EF whereas, with the p-value of 0.06, the
assumption of linear correlation should not be accepted. On the other hand, rgis —0.66 with
the p-value of 0.02 implying that the data show a monotonic relationship. For the ensemble
T' (the form T bound with an organic compound), the coefficients are about —0.9 with the p-
values below 0.01, suggesting that the RMSD distance and EF are strongly related. For the
ensemble A and A, the coefficients are positive, indicating that an EGFR structure distant
from other structures may have a powerful capacity of discernment. For the ensemble T and
T', the coefficients are negative, suggesting that the structure with a good discernment
should be in the center of the ensemble. As shown in Fig. 5, the best A and T structures for
virtual screening can be determined based on the RMSD distance. The likeness of EGFR
structures is also evaluated by Ca RMSD of the binding site (within 10 A of the ligand), and
similar but weak correlations are observed (data not shown).
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The EGFR inhibitors are described with molecular weight (MW), partition coefficient
(AlogP), total surface area (SA), and hydrophobic SA (HSA) computed using Maestro. For
all EGFR structures bound with an organic compound (ensemble A'+T"), the best correlation
is found between EF and HSA with the rp of 0.39 and the p-value of 0.03 (Table S3). For the
ensemble T (the Src-like inactive form), the optimal r, is —0.46 with the p-value of 0.26
between EF and AlogP. For the ensemble A’ (the active form), the correlation between EF
and SA/HSA is very close with the rp about 0.5 and the p-value of 0.02 as well as the rg
around 0.45 and the p-value below 0.05. As shown in Fig. 6, the best structures for virtual
screening cannot be identified based on ligand properties. What makes the situation more
intriguing is that six inhibitors are found to appear in multiple complex structures (Fig. 6).
Three inhibitors can be associated with both the active form (A) and Src-like inactive form
(T). Even bound to the same inhibitor, the EGFR structures have very different EFs.

Ensemble Docking

All combinations of two and three EGFR structures have been enumerated. The docking
score of a ligand is determined to be the lowest score or the average score obtained from
distinct structures. The EF for each combination is computed. As aforementioned, the
structures bound with an organic compound are more powerful in discernment than other
structures. Consistently, conjunctions of A'/T" structures (the active and Src-like inactive
form bound with an organic compound) perform much better than other assemblages (data
not shown). For clarity and simplicity, only combinations of the A'/T" structures are
discussed in this section and A/T replaces A'/T" in the representation of multiple structures.

The capacity of discernment between the lowest score and average score is compared first.
There always is significant difference between them with low p-values (Table S4),
indicating that the lowest score leads to stronger discriminating power than the average
score. The distribution of EFs with the lowest score and average score is plotted in Fig. 7
and S2. In the following we will discuss only the EFs acquired from the lowest score.

The performance of multiple structures is evaluated to determine which ensemble has the
best discerning ability (Table S5). For two-structure combinations (Fig. 7), the maximal EF
(74.9) is reached by the ensemble AT (combinations of an active structure and a Src-like
inactive structure) and TT (combinations of two Src-like inactive structures). The
discriminative power between the ensemble AT (the mean EF is 56.8) and TT (the EF
average is 60.6) looks alike with the p-values of 0.05 (T-test) and 0.15 (Wilcoxon test). And
there is pronounced difference between the ensemble AA (combinations of two active
structures with the mean EF of 39.4) and AT/TT with the p-values smaller than 0.001 (Table
S5). Thus, the optimal two-structure ensemble is AT or TT. For three-structure combinations
(Fig. 7), the highest EF (82.4) is achieved by the ensemble AAT (combinations of two active
structures and one Src-like inactive structure) and ATT (combinations of one active
structure and two Src-like inactive structures). The ensemble ATT (the mean EF is 65.8) is
akin to the ensemble TTT (combinations of three Src-like inactive structures with the EF
average of 66.9) in the capacity of discernment with the p-values of 0.17 (T-test) and 0.40
(Wilcoxon test). And any other two ensembles are significantly different from each other
with the p-values under 0.001 (Table S5). Therefore, the optimal three-structure ensemble is
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ATT or TTT. The results suggest that a mix of the active structures (A) and Src-like inactive
structures (T) or a combination of the Src-like inactive structures (T) is preferred to a
conjunction of the active structures (A) in virtual screening for EGFR inhibitors.

In previous studies it has been pointed out that multiple structures can perform better than
single structures in docking. Here we examine if the performance difference is statistically
meaningful. The discriminative power of the optimal one-structure (T', the Src-like inactive
form bound with an organic compound), two-structure (AT/TT, combinations of an active
structure and a Src-like inactive structure or two Src-like inactive structures), and three-
structure (ATT/TTT, combinations of one active structure and two Src-like inactive
structure or three Src-like inactive structures) ensembles is compared. The highest EF grows
from 63.7 (T") to 74.9 (AT/TT), and then to 82.4 (ATT). The mean EF ascends from 47.8
(T") to 56.8/60.6 (AT/TT), and then to 65.8/66.9 (ATT/TTT). The difference between the
ensemble T'and AT/TT is not pronounced with the p-values over 0.01, whereas there is
significant difference between the ensemble T'/AT/TT and ATT/TTT with the p-values
below 0.01 (Table S6). These results suggest that three EGFR structures joining together
drastically improve the capacity of discernment in virtual screening compared with one-
structure and two-structure ensembles. Although the A'-structures (the active form bound
with an organic compound) are not preferred in virtual screening for EGFR inhibitors, for
many kinases, only the active conformation has been solved in reality. Therefore, we inspect
if multiple A'-structures also ameliorate the capacity of discernment. The mean EF of the
ensemble A', AA, and AAA is 32.2+11.5, 39.4+10.2, and 44.0£9.9, respectively. The p-
values between them are all less than 0.01 (Table S7), indicating that the docking
performance is enhanced with multiple A'-structures.

Furthermore, we investigate if it is likely to choose a small subset of structures for the
optimal productivity without a prior knowledge about the docking performance. According
to Fig. 5, the top 2 A'-structures (the active form) and 3 T'-structures (the Src-like inactive
form) can be selected based on the RMSD distance (Table 2). The best A'-structure (3W2R)
coupled with the optimal T'-structure (2RGP) results in an EF of 74.9, which is the
maximum in the two-structure combinations. Three top structures joining together are able
to reach an EF up to 78.7, which is close to the best EF of 82.4 in the three-structure
combinations. The assemblage of three top T-structures has an EF of 74.9, the maximal EF
in the ensemble TTT. The union of other two or three top structures leads to outcomes better
than a single structure, and even equal to the highest EF. Thus, the best single structure is
easily identified based on the RMSD distance. The optimal two-structure conjunction can be
acquired by simply combining the best A and T structures. Whereas the best EF in the three-
structure ensemble is inaccessible without a prior knowledge, a high EF close to the
maximum can be obtained. In addition, we find that the conjunction of distinct EGFR
conformations has a good chance to hit the optimal EF. For the two-structure ensemble,
there are 7 combinations that have the highest EF of 74.9, of which 6 are from the ensemble
AT (combinations of an active structure and a Src-like inactive structure) and only one
comes from the ensemble TT (combinations of two Src-like inactive structures). For the
three-structure ensemble, the best EF of 82.4 is reached by three mixed combinations (one
AAT, the combination of two active structures and one Src-like inactive structures, and two
ATT, combinations of one active structure and two Src-like inactive structures).
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Many EGFR structures are unsuitable for MD simulations because of missing residues. Out
of the 49 EGFR structures, 17 complete structures are employed for the MM-PBSA
calculations, including 13 A-structures (the active form), 1 T-structure (the Src-like inactive
form), and 3 I-structures (the DFG-out inactive form). There are five structures in apo form,
comprised of 2 A-structures and 3 I-structures. Ninety-two compounds top-ranked in
docking are selected, and each of them appears at the top 1% with at least 10 EGFR
structures. These compounds are considered the most easily recognized ones, of which 15
are known EGFR inhibitors.

We first discuss the IDC’s (internal dielectric constant) effect on MM-PBSA results. The
mean score, mean rank, and median rank of 15 known inhibitors with the IDC value of 1, 2,
and 4 are listed in Fig. 8 for each EGFR structure. With the IDC rising from 1 to 4, the mean
score decreases steadily. Experimentally, most of the inhibitors have been reported to be
against EGFR with Ky/1Csq at low-nanomolar range. Since the 1C5q values do not directly
correspond to the binding free energies, we assume that the activities of these potent
inhibitors will not diverge heavily from each other, and thereby the mean binding affinity is
expected to be around —10 kcal/mol (RTINKy). According to Fig. 8, the scores computed
from the IDC of 2 agree well with the experimental activities. Similarly, there is a marked
drop in the mean and median rank with the IDC increasing. The median rank is a good
indicator for evaluation of enrichment. A median rank of 10 means that 8 EGFR inhibitors
(half of the 15 known inhibitors) are ranked at the top 10. With the IDC of 4, all EGFR
structures except two (4120 and 4121) have a median rank equal to or below 13. By contrast,
with the IDC of 2, only three EGFR structures have a median rank no more than 13. The
enrichment of known inhibitors is greatly improved with the IDC augmented. Thus, the IDC
value exerts immense influence over the scoring and ranking of EGFR inhibitors. With the
IDC of 4, the known inhibitors can be well distinguished from decoys though the calculated
scores are a little lower than the experimental values. Our results suggest that the IDC needs
to be carefully adjusted when MM-PBSA is applied for virtual screening. Moreover, we
examine if the MD simulation length will affect the scoring and ranking. The results show
that, within 10 ns, the simulation time has little effect on the mean score, mean rank, and
median rank when the IDC is 2 or 4 (Fig. S3).

In Fig. 8 we notice that, with the same IDC, the mean score, mean rank, and median rank
achieved from distinct structures do not alter very much. The ranking difference of the 15
known inhibitors between any pair of EGFR structures is evaluated by the hypothesis testing
for paired data (paired T-test and Wilcoxon signed rank test). When the IDC is 4, the
number of structure pairs that are statistically different (p-values < 0.05) reduces from 17 to
4 with the simulation extended from 2 to 10 ns (Table 3). When the MD simulation is over 8
ns, there is no pronounced difference (p-values < 0.01) between any pair of EGFR
structures. It looks that the ranking difference induced by diverse EGFR structures
diminishes when the simulation is prolonged. The same tendency is observed with the IDC
of 2 (Table 3) whereas a few pairs of structures are still prominently different even in 10-ns
simulations. The results suggest that the ranking of known inhibitors is crucially dependent
on the IDC and simulation time, while relatively insensitive to the starting structure.
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In docking, the 17 EGFR structures have an EF varying widely from 0 to 48.7. The docking
performance critically relies on the receptor conformation and bound state as
aforementioned. By contrast, with MM-PBSA where the receptor moves freely, most of
EGFR structures resemble each other in the scoring and ranking despite of dissimilarity of
the starting structures. Among the 17 EGFR structures, two I-structures (4120 and 4121)
have a big median rank, indicating weak capacity of discernment, and are involved in nearly
all structure pairs that are statistically different. The other 15 structures, no matter what
conformation adopted and if bound or not, all perform identically well with small median
ranks. Thus, the structural preference in docking, induced by the rigid-receptor assumption
and status of crystal structures, can be effectively eliminated. The MM-PBSA results are
slightly influenced by the selection of the EGFR structure.

Discussion

In this work we scrutinize the ability of EGFR structures to distinguish true inhibitors from
decoys by accounting for receptor flexibility to various degrees. Docking strikes a balance
between the efficiency and accuracy with the rigid-receptor assumption. Ensemble docking
makes use of multiple receptor structures, and is an implicit approach of incorporating
receptor flexibility in the standard docking protocol. MM-PBSA explicitly takes receptor
plasticity into account and is supposed to be more precise than docking. We demonstrate
that the EF is well correlated with the RMSD distance of EGFR structures rather than ligand
properties. Accordingly, the optimal structures can be picked for virtual screening without a
prior knowledge. With current computer power, it is too demanding to fully implement
protein flexibility in docking, especially when a large database is screened. As a
compromise, docking is satisfactory for the large-scale virtual screening with a few high-
performance structures, and then advanced approaches such as MM-PBSA can be employed
in post-processing of docking outcomes. Our results suggest that ensemble docking is
preferred in virtual screening for the optimal productivity while a single receptor structure is
usually good enough in MM-PBSA.

We emphasize the importance of receptor conformations (the active form A, the Src-like
inactive form T, and the DFG-out inactive form 1) in virtual screening. However, due to
limitation of available EGFR structures, the discriminative power of the ensemble | may be
underestimated. Considering that the apo structures usually fail to recognize known
inhibitors, the inferior performance of the I-structures, that all are in the free state, is likely
caused by the lack of complex structures associated with an organic compound. Although
inhibitors targeting the DFG-out inactive form (1) have been discovered for some kinases, to
date it is unclear if an EGFR inhibitor can bind to the conformation I. Moreover, in MM-
PBSA one I-structure (4112), that has a very low EF in docking, performs as well as the
active (A) and Src-like inactive (T) structures. Therefore, the discerning ability of the
ensemble | needs to be reappraised when complex structures are accessible.
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EGFR Structures

EGFR structures were downloaded from Protein Data Bank (PDB). The structures bound
with an irreversible inhibitor or without the kinase domain were excluded. The chain A was
chosen in multiple-chain PDB files. The different chains in one PDB file were found to be
almost the same. The choice of any one should be fine, though the selection of chain A was
a little arbitrary. At the time of analysis 49 EGFR structures of kinase domain were
obtained: 1M14, 1M17,[17] 1XKK,[18] 2EB2, 2EB3, 3UG1, 3UG2, 3VJN, 3VJO,[19]
2GS2, 2GS7,[20] 2ITN, 2ITO, 2ITP, 2ITQ, 2ITT, 2ITU, 2ITV, 2ITW, 2ITX, 2ITY, 2ITZ,
2J6M,[21] 2JIT, 2J1U,[9] 2RF9, 2RFD, 2RFE,[22] 2RGP,[23] 3BEL,[24] 3GT8,[25] 3LZB,
[26] 3POZ,[27] 3W20, 3W2R, 3W2S,[28] 3W32, 3W33,[29] 4HJO,[7] 411Z, 4120, 4121,
4122, 4123,[8] 4JQ7, 4JQ8, 4JR3, 4JRV,[30] 4LI15.[31]

Ligand dataset

Docking

The set of Clean Drug-Like T60 (2013-11-05) retrieved from the ZINC database[32] worked
as the decoys, including 7561 compounds with the Tanimoto cutoff level of 60%. We
collected 27 reversible inhibitors targeting the ATP-binding site of EGFR experimentally
tested (Fig. S4). The 27 compounds were processed by LigPrep implemented in the
Schradinger Suite release 2014[33] and lonization/tautomeric states were generated. These
compounds were assigned AMSOL charge with the same parameters used in the ZINC
database. The 27 inhibitors were compared with the T60 set, and the Tanimoto similarity
between them was less than 0.3.

The EGFR structures were processed by the Protein Preparation Wizard (PrepWizard) in
Maestro. Water molecules, ions, and other small molecules were removed. The hydrogen
was added to the EGFR structures and the hydrogen bonding network was optimized. The
entire structures including all atoms were then energy-minimized with the OPLS 2005 force
field. Docking grids were generated with the enclosing box of 20 A. All docking
calculations were performed with Glide in the SP (Standard Precision) mode. The above
procedures were carried out in the Schrddinger Suite release 2014. The docking score of the
top-ranked 1%, 2%, 10% and all compounds was compared (Table S8). With any EGFR
structure, the p-values between the top 1% and others were less than 0.01, indicating that the
compounds ranked at top 1% has significantly lower scores than others and 1% is a cutoff
stricter than 2% or 10%.

Hypothesis testing

Two hypothesis testing methods, T-test and Wilcoxon test, are employed to assess if two
groups of data are statistically different from each other. The null hypothesis is that there is
no difference. The T-test is a parametric statistical procedure, and the Wilcoxon test is a
nonparametric statistical procedure. Parametric procedures presume that the data follow a
normal distribution while nonparametric procedures do not rely on assumptions of the
underlying population distribution. Neither method is a perfect solution in all cases.
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Therefore, both approaches are utilized to compute the p-value between two datasets in this
work. Normality of our data is checked with the Shapiro normality test. The null hypothesis
that the data are normal should be rejected in many cases with the p-value below 0.05.
Fortunately, the p-values calculated from the T-test and Wilcoxon test are usually close to
each other no matter if the data look like a normal distribution. Accordingly, the hypothesis
testing method has little effect on our conclusions.

Two-sample T-test and Wilcoxon rank sum test were employed to measure the docking
power of two ensembles of EGFR structures. Paired T-test and Wilcoxon signed rank test
were utilized to evaluate the ranking of known inhibitors between two EGFR structures with
MM-PBSA. All hypothesis testing was carried out at 5% significance level with the
statistical software R v3.1.[34]

Correlation coefficient

Pearson product-moment correlation coefficient, a parametric procedure, assesses the degree
of linear dependence between two variables. Spearman rank correlation coefficient, a
nonparametric procedure, estimates how well two variables are monotonically related. The
null hypothesis in the hypothesis testing is that there is no correlation between two variables.

Pearson and Spearman correlation coefficients were employed to evaluate the degree of
association between the EF and properties of receptor/ligand. The correlation coefficients
and p-values were calculated with R v3.1.

Molecular Dynamics

The 17 EGFR structures were edited and some residues at the two ends were removed so
that they all had 282 residues. The binding poses of 92 compounds were retrieved from the
docking results. For each EGFR-compound complex, the ligand pose with the lowest
docking score was chosen. These complexes worked as the starting structures in MD
simulations.

The protein of EGFR was modeled using the Amber ffO3 force field,[35] and the ligands
were modeled using the general Amber force field (GAFF).[36] The complex structures
were explicitly solvated in a rectangular box with TIP3P[37] water molecules. Counter ions
(Na+/Cl2212;) were added to neutralize uncompensated charges when needed. After the
whole system was set up, a series of energy minimizations and equilibrations were
performed. First, the water molecules, hydrogen atoms and salt ions were subjected to 3000
steps of steepest descent minimization followed by 12000 steps of conjugate gradient
minimization while other heavy atoms were constrained with a harmonic force of 2.0 kcal/
(mol-A2). Next, the whole system was energy minimized with 20000 steps of L-BFGS
algorithm without any harmonic restraint. Then, coupled to a Langevin thermostat, the
system was heated from 10 K up to 300 K by increments of 100 K in 20 ps and continued to
run for 40 ps at 300 K at constant volume. Finally, the system was equilibrated for 200 ps in
NPT ensemble with the Langevin thermostat and isotropic position scaling, at 300 K and 1
bar. In the production run, a 10-ns simulation for each complex was performed in NVT
ensemble with the Langevin thermostat at 300 K using the parallel CUDA version of
PMEMDI[38] on 2 GPUs. The trajectories were sampled at a time interval of 10 ps.
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The MD simulations were carried out with Amber 14.[39] The equations of motion were
solved with the leapfrog integration algorithm with a time step of 2 fs. The lengths of all
bonds involving hydrogen atoms were kept constrained with the SHAKE algorithm.[40] The
particle mesh Ewald (PME) method was applied for treating long-range electrostatic
interactions. Periodic boundary condition was used in all simulations.[41]

MM-PBSA

In MM-PBSA, the binding affinity (AGping) is estimated from the free energies of the
reactants (receptor and ligand) and product (complex): AGpind=Geomplex ~ (Greceptor +
Giigand)- The free energy of a state (receptor, ligand, or complex) is decomposed into the
gas-phase molecular mechanics energies (Env), solvation energies (Ggqyy), and
conformational entropy (TS). The standard molecular mechanics energy includes internal
(bond, angle, and dihedral), electrostatic, and van der Waals interactions. The solvation
energy is determined by the polar (Gpoj) and nonploar (Gpp) contributions. The polar
solvation contribution is calculated by solving the Poisson-Boltzmann (PB) equation, and
the nonploar contribution is estimated by the solvent accessible surface area (SASA). The
entropy contribution is obtained by the normal mode analysis or quasi-harmonic
approximation, which is usually ignored in MM-PBSA reports. Thus, the binding affinity is
calculated as the sum of the three energy terms.

G=FE +Gsolv - TSZEinter+Eelc+Evdw +Gpol+an -Ts

MM

AGying=AFE,,,,+AG, — TAS

The MM-PBSA calculations were performed with MMPBSA.py[42] implemented in Amber
14. The internal dielectric constant was set to 1, 2, and 4, respectively. Other parameters
were kept default. For the calculations with 2, 4, 6, 8, and 10 ns MD simulations, 200, 400,
600, 800, and 1000 snapshots sampled in the corresponding time were used. The entropy
contribution was omitted because of its controversial effect on results and high
computational cost.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.

anformations of EGFR. (A) The DFG-in active conformation bound with Erlotinib. (B)
The Src-like inactive conformation bound with Erlotinib. (C) The DFG-out inactive
conformation. The activation loop is colored green. The DFG motif and Erlotinib are shown
in sticks. Carbon in Erlotinib is colored cyan.
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Fig. 8.

Ti?e mean score, mean rank, and median rank of 15 EGFR inhibitors with the IDC of 1, 2,
and 4, respectively, for 17 EGFR structures. The scores between 17 EGFR structures and 92
compounds including the 15 EGFR inhibitors are calculated using MM-PBSA with a 10-ns
MD simulation for each EGFR-compound complex.
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The Pearson and Spearman correlation coefficients between the RMSD distance and EF for five ensembles of
EGFR structures.

Pear son Spear man

Ensemble
o p-value | rg p-value

All -0.05 | 0.76 -0.08 | 0.60
A 0.39 0.02 0.18 0.31
T -0.56 | 0.06 -0.66 | 0.02
A 0.44 0.04 0.06 0.81
T -0.92 | 0.001 -0.91 | 0.002
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Five EGFR structures with high EFs identified based on the RMSD distance.

Structure | Ensemble | EF Distance
3W2R A 56.2 | 2.3
3LZB A 48.7 | 2.1
2RGP T 63.7 | 0.57
3BEL T 60 0.61
IXKK T 60 0.61
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