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ABSTRACT: Clinical use of ATP-competitive inhibitors of the epidermal growth factor receptor (EGFR) kinase
domain can lead to an acquired drug resistant mutant L858R&T790M which dramatically reduces binding
affinity relative to a prevalent cancer causing mutation L858R. In this study, we have used molecular
dynamics (MD) computer simulations, free energy calculations (MM-GBSA method), and per-residue
footprint analysis to characterize binding of three inhibitors (erlotinib, gefitinib, and AEE788) with wildtype
EGFR and three mutants. The goal is to characterize how variation in structure and energy correlate with
changes in experimental activities and to deduce origins of drug resistance. For seven fold resistance values,
each computed from the difference of two independent computer simulations, excellent agreement was
obtained with available experimental data (r2=0.84). Importantly, the results correctly predict that affinity
will increase as a result of L858R and decrease due to L858R&T790M. Per-residue analysis shows an increase
in favorable packing at the site of the methionine mutation reaffirming that a steric clash hypothesis is
unlikely; however, large losses in van der Waals, Coulombic, and H-bond interactions strongly suggest that
resistance is not due solely to changes in affinity for the native substrate ATP as recently proposed. Instead,
the present results indicate that drug resistance more likely involves disruption of favorable interactions,
including a water-mediated H-bond network between the ligands and residues T854, T790, and Q791, which
could have important implication for guiding rational design of inhibitors with improved resistance profiles.

Cancer is the second highest cause of death within the United
States led by lung and bronchial cancers for which an estimated
215000 new cases and 161000 deaths were reported in 2008 (1).
Nonsmall cell lung cancer (NSCLC)1 comprises the largest subset
of lung cancers (2). A major oncogene that drives tumorigenesis
in NSCLC, as well as other types of cancer, is the membrane
receptor tyrosine kinase epidermal growth factor receptor
(EGFR). Overexpression of EGFR is observed in 62% of
NSCLC tumors (3), and its role in mediating tumor cell growth
and survival for NSCLC, as well as many other types of cancer,
has been well described (4-6). The importance of EFGR has
been clinically validated, and within the past several years,
inhibitors of EGFR have been approved for treatment of
NSCLC, pancreatic, colorectal, head and neck, and breast
cancers (4, 6, 7).

Structurally, EGFR can be divided into five distinct regions:
an extracellular ligand binding domain, a transmembrane do-
main, an intracellular juxtamembrane domain, an intracellular
tyrosine kinase domain (TKD), and a C-tail region where
phosphorylation occurs (8, 9). Normally, EGFR is a monomer.
However, extracellular ligand binding of endogenous epidermal
growth factor (EGF) promotes dimerization with another pro-

tein from the ErbB family such as EGFR (ErbB1 or HER1),
ErbB2 (HER2), ErbB3 (HER3), or ErbB4 (HER4) (4, 10). The
homo- or heterodimerization event induces a conformational
shift in the TKD from an inactive to active form (8, 9, 11).
Activation results in binding of ATP, phosphorylation, and
signal transduction through a number of downstream path-
ways (4, 10, 12). Normally, signaling activity is under tight
regulatory control.However, cancer causingmutations can result
in constitutive activation of EGFR (9). ATP-competitive inhibi-
tors have been described that preferentially bind the active or
inactive conformation (13, 14). The primary structural differ-
ences between the active and inactive forms is a conformational
shift in the TKD activation loop and movement of the N-lobe
helix, both of which are located near the ATP binding site
(Figure 1).

There are two classes of inhibitors of EGFR: (i) monoclonal
antibodies such as Cetuximab (IMC-C225) which target the
extracellular domain and block binding of native EGF ligand
to the receptor, and (ii) smallmolecules that competewithATP in
the intracellular TKD and block activity, regardless of endogen-
ous ligand binding (Table 1) (4-6, 15). Focusing on ATP
competitive inhibitors, approved small molecules of the TKD
domain include erlotinib (Tarceva, OSI Pharmaceuticals), gefi-
tinib (Iressa, AstraZeneca), and lapatinib (Tykerb, Glaxo-
SmithKline) (7). A fourth compound called AEE788 (Novartis)
is in development (16). Although erlotinib and gefitinib primarily
target EGFR, multireceptor inhibition is possible given the high
structural homology of the TKD (4, 13, 16, 17). Lapatinib is a
dual inhibitor of EGFR and ErbB2 (13, 15) and AEE788 binds
EGFR, ErbB2, and the related VEGF receptor (4, 16). Erlotinib
is label-approved for use against NSCLC and pancreatic cancer,
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while lapatinib is approved to treat patients with advanced or
metastatic breast cancer whose tumors also overexpress
HER2 (7). Gefitinib was originally approved to treat NSCLC;
however, the FDA has limited its usage given that no significant
effect on patient survival was found (7). AEE788 is being
evaluated as therapy for brain and central nervous system
cancers (16).

Several cancer causingmutations inEGFRhave been reported
whichmap to either the extracellular ligand binding domain (e.g.,
in glioblastoma) (19, 22) or the TKD region (e.g., in
NSCLC) (23-27), which cause activation of EGFR independent
of EGF-ligand binding. For the TKD domain, such cancer
causing mutations can occur at positions L858R or G719S

(point mutations), and E746-A750 or E746-S752 (referred to as
exon 19 deletions) (23-27). L858R and exon 19 deletions are the
most frequent mutations in NSCLC (28, 29). Figure 1 shows the
TKDdomain cancer causingmutationsmapped toEGFR in red.
Although patients with wild type EGFR benefit from low
molecular weight inhibitors, patients whose tumors harbor
activating L858R or deletion mutations are especially responsive
to erlotinib and gefitinib treatment (25). Interestingly, in contrast
tomost systems in which mutations lead to a decrease in binding,
studies have shown that affinity is enhanced for TKD ligands for
L858R over wild type (Table 1). As these ligands bind preferen-
tially to the active conformation this could explain their enhanced
binding affinity toward the mutants. In contrast, decreases in
affinity for gefitinib and AEE788 have been reported relative to
wildtype for the G719S point mutant (Table 1).

As with many chemotherapeutics, acquired resistance to
current EGFR inhibitors can occur with continued use (30). A
T790M resistance-mutation is commonly observed in patients
treated with erlotinib and gefitinib for those tumors which also
harbor the primary cancer causing point mutation at position
L858Ror exon 19 deletions (30). The location of T790M is shown
mapped in blue to the TKD site on EGFR in Figure 1. As shown
in Table 1, the double mutant L858R&T790M shows marked
decrease in inhibition when compared to the active L858R
mutant alone for all three ligands. Erlotinib in particular shows
a large >800 fold resistance (FR = ratio of activities). Similar
secondary drug resistance mutations have been described pre-
viously for othermolecular targeted therapeutics such asGleevec.
The well-known BCR-Abl kinase resistance mutation at position
T315I, referred to as the “gate keeper”, arises from treatment
withGleevec (31, 32). The gate keeper is important inmodulating
selectivity and affinity for BCR-Abl inhibitors and analogous
here to the point mutant in EGFR at position T790M.

An improved understanding of the molecular determinates
that drive ligand binding for EGFR is critical for development of
improved inhibitors. Prior computational studies of this system
have included use of homology and molecular modeling (33),
comparative molecular field analysis (CoMFA) (34), virtual

FIGURE 1: Ribbon diagram showing EGFR complexed with the
ATP-competitive inhibitor erlotinib. Regions which change confor-
mation (N-lobe helix and activation loop) upon receptor activation
are shown in green. Locations of cancer causing mutations (deletion
or point) which cause receptor activation are in red. The secondary
T790M drug resistance mutation is shown in blue. Coordinates from
pdb code 1M17 (14).

Table 1: Experimental Fold Resistance (FR) Values for ATP-Competitive Inhibitors with EGFR

aFold resistance (FR)= ratio of experimental activities.ΔΔGFR exptl≈RT ln(FR) at 298.15 K in kcal/mol. b Ki values (nM) from Carey et al. (18). c IC50

values (nM) from Ji et al. (19). d Kd values (nM) from Yun et al. (20). e Kd values (nM) from Yun et al. (21).
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screening (35), and molecular dynamics (33, 34, 36, 37). Use of
MM-PBSA methods, similar in principle to the calculations
employed in the present manuscript, were reported by Hou
et al. (34) for refinement of docked ligand poses, and by Liu
et al. (36) to study the impact of point mutations on binding for
gefitinib. Surprisingly, there have been few all-atom molecular
dynamics studies reporting quantitative binding energy compar-
isons between theory and experiment for ligands with EGFR. In
this report, we have carried out simulations of the TKDofEGFR
in complex with three ATP-competitive inhibitors to investigate
the effects of clinically relevant point mutations on ligand
binding. Studies to address deletion mutations are in progress.
Specifically, goals of the present project are 3-fold: (i) Develop
robust quantitative computational models to study EGFR-
ligand binding for wildtype, L858R, G719S, and the drug
resistant double mutant L858R&T790M. (ii) Determine how
variation in structural and energetic results correlate with varia-
tion in reported experimental activities. (iii) Deduce the origins of
drug resistance. Characterization of FR at the molecular level
will ultimately enable development of next generation com-
pounds with improved resistance profiles.

METHODS

Binding Free Energies. Accurate calculation of protein-
ligand binding energies remains an important and challenging
problem. In this report, we employ the molecular mechanics
Generalized Born solvent accessible surface area (MM-GBSA)
method (38, 39) to computationally estimate binding free energies
(ΔGb) for inhibitors with EGFR. Although considered to be an
approximate free energy theory, the benefits of MM-GBSA
include relative ease of set up, low computational overhead,
and systems with dissimilar topologies can be more readily
examined in comparison to other methods such as free energy
perturbation. Projects in our laboratory employing similar pro-
tocols to that reported here, which successfully used MM-GBSA
to study protein-ligand binding, include HIVgp41 (40), neura-
minidase (41), and MMP-13 (42).

The method relies on the thermodynamic relationship shown
in Figure 2 to estimate the free energy of binding (ΔGb calcd/
exptl) which occurs in the condensed phase. The computed
free energy of binding is estimated as the sum of nonbonded
gas-phase (ΔGgas) interactions modulated by the overall change
in hydration free energy (ΔΔGhyd) for the complexation event

(38, 39). The hydration term accounts for important desolvation
penalties, which include changes in entropy due to the hydro-
phobic effect, that occur as a result of unbound solvated species
coming together to form a complex. Additional terms to include
estimates for changes in solute entropy were not included in the
present study.

A molecular dynamics trajectory of each protein-ligand
complex is performed in explicit solvent with system energies,
as well as root-mean-square-deviations (rmsd), being monitored
for stability and convergence. For MM-GBSA analysis, the
explicit solvent is stripped off and coordinates are separated into
three individual species (complex, receptor, and ligand) with eqs
1-3 being used to compute the total binding affinity (38, 39). The
relevant individual energy terms include van der Waals (ΔEvdw),
Coulombic (ΔEcoul), polar (ΔGpolar), and nonpolar (ΔGnonpolar)
contributions. Generalized Born (ΔGpolar) and solvent accessible
surface area (ΔGnonpolar) calculations are used to estimate ΔGhyd

for each individual species (43).

ΔGb exptl≈ΔGb calcd ¼ ΔGgasþΔGhyd-com - ðΔGhyd-rec

þΔGhyd-ligÞ ð1Þ
ΔGgas ¼ ΔEvdw þΔEcoul ð2Þ

ΔGhyd-species ¼ ΔGpolar þΔGnonpolar ð3Þ
Interaction Signatures:Molecular Footprints. To identify

important binding site residues and characterize how interactions
may change as a result of mutation, structural and energetic
molecular “footprints” were computed for each MD trajectory.
Footprints represent the per-residue decomposition of interac-
tions, averaged over the production simulations, between each
EGFR residue and the inhibitors. Our laboratory has success-
fully used such footprints to deduce origins of resistance con-
ferred by a R292K mutation for sialic acid-based inhibitors of
neuraminidase (41), and to show that the hydrophobic pocket
region on HIVgp41 is an important drug target site for modulat-
ing binding affinity (40). Separate footprints for Coulombic and
van der Waals energy, as well as hydrogen bonds, were com-
puted. Difference footprints were also computed, using results
from the L858R&T790M - L858R simulations, and represent
the change in energy (or H-bonds) at each residue due to
mutation.
System Setups. A single set of receptor coordinates (pdb

code 1M17) (14), of EGFR in the active form, was used as the
basis for construction of all simulation setups. All solvent was
removed from the 1M17 structure, and only the TKD of EGFR
(defined as a.a. numbers 710-983) were retained. Initial geome-
tries for ligands erlotinib, gefitinib, and AEE788 were obtained
from 1M17 (14), 2ITY (21), and 2J6M (21) pdb codes, respec-
tively, and placed into the master 1M17 reference frame through
alignment of receptor backbone atoms in common with each
pdb. Mutant forms of EGFR (L858R, L858R&T790M, and
G719S) were obtained through manual modification of 1M17 to
the desired residue(s). Starting rotameric states for modified side
chains were made using energetic packing consideration subject
to visual inspection to ensure there were no intermolecular
clashes as a result of model building. The MOE (44) program
was used for initial preparation of ligand (mol2 format) and
receptor (pdb format) files for subsequent processing. The
AMBER8 (45) program modules leap and antechamber were
used to assemble, solvate (10 Å buffer), and assign force-field
parameters for each complex consisting of FF99SB (46)

FIGURE 2: Schematic representation of the thermodynamic cycle
used to calculate free energies of binding (ΔGb calcd) for comparison
with experiment (ΔGb exptl). The cycle highlights the relationship
betweenΔGb exptl occurring in condensed phase with the free energy
of interaction in the gas-phase (ΔGgas) modulated by three terms
representing the free energy of hydration (ΔGhyd) for the transfer
fromvacuum towater for each separate species (com=complex, rec=
receptor, lig = ligand).
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(protein), TIP3P (47) (solvent), and GAFF (48) (ligand). For the
ligands, partial atomic charges were obtained at theHF/6-31G*//
HF/6-31G* level of theory via the ChelpG (49) method using
Gaussian98 (50). All ligands were modeled as having a net zero
charge. Unless otherwise stated, system setups employed default
input parameters for each program. The size of the complete
model was 274 receptor residues plus one ligand residue solvated
in a TIP3P periodic solvent box of ca. size 77 � 89 � 75 Å3

containing ca. 14 050 waters.
Simulation Protocols. A nine step equilibration protocol,

consisting of short energyminimizations andmolecular dynamics
(MD), was used to eliminate any unfavorable interactions which
may have occurred as a result of model building and to gently
adjust the starting structure to the molecular mechanics force
field prior to productionMD. Heavy atoms of the complex were
initially restrained to the crystallographic coordinates using a
harmonic restraint force constant of 5 kcal/mol Å2 with water
molecules and hydrogen atoms free to move during 1000 steps of
steepest decent energy minimization (step 1). Each subsequent
equilibration step used the last set of coordinates from the
previous step as the restraint reference structure. Next, the same
restraintmask and coefficientwere used for 50 ps ofMD inwhich
waters and hydrogens were further able to adjust (step 2). This
was followed by three minimizations of 1000 steps each in which
the restraints were reduced from 2, to 0.1, to 0.05 kcal/mol Å2,
respectively (steps 3-5). Three additionalMD runs of 50 ps were
run where weights were reduced from 1 to 0.5 (steps 6-7)
followed by 0.1 kcal/mol Å2 (step 8) with only backbone receptor
atoms at CR, C, and N being restrained in the latter step. The
final 50 ps MD equilibration step used the 0.1 kcal/mol Å2

receptor backboneweight, but only the last three residues on each
N- and C-terminus were restrained (step 9). Production MD
employed the same weak restraints as the final equilibration step
and was extended to 5 ns with the restraint reference updated
every ns. A time step of 1 fs was used for equilibration and
increased to 2 fs for productionMDwhich concurrently required
use of the SHAKE (51) algorithm. Coordinates for post proces-
sing were saved every 1 ps. Long-range electrostatics were
computed using the particle mesh Ewald (PME) (52) with a
real-space cut off of 8 Å. A constant temperature of 298.15K and
pressure of 1 bar was maintained during the simulations through
Berendsen schemes (53) with heat bath coupling and pressure
relaxation time constants of 1.0 ps. These calculations employed
the AMBER8 sander module.
Analysis.Binding free energies, fold resistance, andmolecular

footprints were obtained from postprocessing of each protein-
ligand complex MD trajectory. All waters were removed unless
otherwise stated. Individual snapshots (N=5000) were split into
coordinates representing separate ligand, receptor and complex
and single point calculations using sander were performed to
obtain the energy terms (ΔEcoul,ΔEvdw,ΔGpolar,ΔGnonpolar) used
to compute free energies of binding (Figure 2, eqs 1-3). As in
previously reported studies from our laboratory (40-42), the
GB model implemented into AMBER8 described by Onufriev
et al. (54) (type igb= 5) was used to estimate polar energies
(ΔGpolar) with mbondi2 radii and dielectric constants of 1 and
78.5. Nonpolar energies (ΔGnonpolar) were obtained from solvent
accessible surface area calculations viaΔGnonpolar = γ SASAþ β
using standard constants of γ = 0.00542 kcal/mol Å2 and β =
0.92 kcal/mol (38, 55). GBSA calculations for molecules contain-
ing fluorine and chlorine employed radii of 1.50 Å (F) and 1.70 Å
(Cl) which required modification to the AMBER8 distribution

file src/sander/mdread.f. In-house scripts were used to compute
the per-residue decomposition (molecular footprints) for inter-
molecular H-bonds, Coulombic, and van der Waals interactions
for which the sum over all the EGFR residues is equivalent to the
total value (i.e., ΔEcoul, ΔEvdw, H-bond). Hydrogen bonds were
defined as a structural interaction between three atoms XD-
HD----XA with a distance less than or equal to 2.5 Å and angle
between 120 and 180 degrees. The NAMD program (56) was
used to compute and gauge the importance of two highly
populated waters involved in a network of water-mediated ligand
H-bonds through calculation of the pairwise Coulombic and van
derWaals energies between thewaters (2H20= species 1) and the
interactions partners (T790/M790, Q791, T854, or ligand =
species 2).

For the analysis of fold resistance (FR), the experimental free
energies are estimated as ΔΔGFR exptl≈ RT ln(FR) at 298.15 K
using FR ratios in Table 1. It should be emphasized that FR is
defined as the ratio of two activities (mutant/wildtype); thus it is
important that both measurements be made under the same
conditions, which usually implies that data be obtained from the
same laboratory to minimize artifacts resulting from different
experimental protocols (i.e., assay conditions). Computationally,
fold resistance energies (ΔΔGFR calcd) are defined as the
difference in predicted free energies of binding from two inde-
pendent simulations (e.g.,ΔGL858R-ΔGWT) as obtained in each
case via eqs 1-3.

RESULTS AND DISCUSSION

Simulation Stability. To assess the behavior of the MD
simulations, and gauge the robustness of results, structural root-
mean-square-deviations (rmsds) and system energies were exam-
ined as a function of time. As demonstrated in Figure 3, which is
representative, simulations of erlotinib complexed with EGFR
for wild type, L858R, and L858R&T790M show reasonable
stability in plots for the estimated free energies of binding (ΔGb

calcd) and for rmsds. Block-smoothed energies (black line)
indicate goodbehaviorwhen computed from the running average
of the previous 100 instantaneous snapshot energies (gray points)
as shown in Figure 3 left. On the right in Figure 3 are shown
instantaneous rmsds values for the EGFRbackbone at CR, C,N,
andO (blue line), erlotinib heavy atoms (green line), and erlotinib
quinazoline ring atoms (red line). Here, the reported rmsd values
are obtained after each individual snapshot is fit to the first frame
of the productionMDruns using receptorCR backbone atoms as
the match criteria. Thus, rmsd values for the ligands reflect
variation in both internal geometry as well as rigid body move-
ment relative to the protein. At some points in the trajectories,
erlotinib reveals larger than expected rmsd values (>2 Å) which
could be of concern (Figure 3, green lines). However, examina-
tion of rmsds for only the central fused-ring quinazoline scaffold
(see Table 1) showsmuch lower values (Figure 3, red lines), which
indicates erlotinib remains anchored in the binding pocket and it
is only the solvent-exposed flexible r-groups extending off the
quinazoline ring which fluctuate significantly. Other simulations
behave similarly, with gefitinib (4-aminoquinazoline) and
AEE788 (pyrrolopyrimidine) scaffolds showing less movement
than the overall ligand. In all cases, rmsds results for the receptor
backbone are well behaved and low (<2 Å), which additionally
indicate robust simulation behavior (Figure 3, blue lines).
Comparison with Crystallographic Structures. Only a

single crystallographic structure (14) of active form EGFR
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(pdb code 1M17) was available at the time of our initial mutant
setups for erlotinib. All subsequent simulations employed the
same set of protein coordinates originally derived for this ligand.
However, other EGFR structures, including those with several of
the mutations studied here, have been reported (20, 21). To
structurally compare the theoretical and experimental results, as
well as assess computer sampling during the simulations, evenly
spaced MD snapshots were individually fit to available crystal-
lographic structures again using CR backbone atoms as the
match criteria. As shown in Figure 4 for three representative
simulations, sampling of ligand positions is consistent with the
experimentally observed conformations. And as expected, sol-
vent-exposed regions of the ligands visually show greater move-
ment than for scaffolds, which is in agreement with the rmsd
results plotted in Figure 3 (panels d-f). Notably, Figure 4
highlights how key crystallographic positions of important side
chains including G719 (or S719 mutant), T854, L858, T790 (or
M790 mutant), and M793 are well-sampled during the simula-
tions and consistent with experiment. An anomaly is a difference
in the rotameric states sampled for L858R vs the crystal structure

(Figure 4b, blue line). Here, the MD simulations sample a
solvent-exposed Arg conformation as opposed to an intramole-
cular H-bond as seen in the crystal structure. Although longer
MD simulations might be required to sample the experimental
L858R rotamer, since both conformations appear to be physi-
cally reasonable, an alternative would be to begin simulations
using crystallographic coordinates of L858R instead of those
based on the 1M17models. However, available EGFR structures
of L858R mutants show disorder in the residue range spanning
867-875. Additionally, the activation loop region in these
structures (defined as 855-876) (14) adopts a unique conforma-
tion which is dependent on the choice of crystallographic buffer
conditions. (21) Thus, given the considerable ambiguity in how to
model nine missing residues (a.a. 867-875) into an unknown
activation loop conformation, we have elected to retain the
models originally constructed using 1M17 containing the com-
plete loop. As described below, the good agreement between
computational and experimental activities obtained using the
1M17-derived coordinates suggests these are reasonable models
to study EGFR-ligand binding in the kinase active form.

FIGURE 3: Fluctuations in computed free energies of binding (ΔGb calcd) and root-mean-square-deviation (rmsd) for erlotinib with wild type
EGFR (panels a and d), L858R (panels b and e), andL858R&T790M (panels c and f) vs time. Left panels show instantaneous energies (gray dots)
andblock-runningaverages over 100 frames (black line).Right panels showrmsds for receptorbackbone (blue line), ligand (green line), and ligand
quinazoline scaffold atoms (red line).

FIGURE 4: Representative snapshots fromMDsimulations of ligandswithEGFRshowing side-chain samplingof key residues (thin lines,N=10
each) vs crystallographic conformations (bold lines) for erlotinib (a), gefitinib (b), andAEE788 (c). Pdb codes for 4a: red= 1M17 (erlotinib with
wildtype), blue= 2ITY (gefitinib with wildtype), green= 2J6M (AEE788with wildtype). Pdb codes for 4b: blue= 2ITZ (gefitinib with L858R),
green = 2JIU (AEE788 with T790M). Pdb codes for 4c: blue = 2ITO (gefitinib with G719S), green = 2ITP (AEE788 with G719S).
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Correlation with Experimental Fold Resistance. Overall,
the computational results are strongly correlated with the experi-
mental fold resistance values as shown in Table 2 and graphically
plotted in Figure 5. Calculated values represent average quan-
tities obtained over 5000 MD snapshots. Low standard errors of
the mean (sem) indicate the energetic results are converged.
Notably, the computational results correctly predict that affinity
is always enhanced (negative ΔΔGFR values) for all three ligands
with the cancer causing L858R EGFR mutation relative to
wildtype (Table 2 columns E vs F). Further, results for the drug
resistant double mutant (L858R&T790M) correctly predict that
decreases (positive ΔΔGFR values) will occur in binding relative
to L858R alone (Table 2 columns E vs F). Compellingly, the

magnitudes for the energetic changes which occur across the
inhibitor series in Table 2 are in excellent agreement with
experiment. For example, results for erlotinib (ΔΔGFR calcd =
3.30 vs ΔΔGFR exptl >3.96 kcal/mol) and AEE788 (ΔΔGFR

calcd=2.40 vs ΔΔGFR exptl = 1.68 kcal/mol) both show much
larger computational and experimental FR values for the double
mutant relative to gefitinib (ΔΔGFR calcd = 0.27 vs ΔΔGFR

exptl= 0.90 kcal/mol) which is less affected.Despite the fact that
the simulations correctly predict AEE788 to bind more tightly to
L858R, a minor discrepancy is the improper rank ordering for
L858R-WT relative to gefitinib. In terms of sign, the sole outlier
in Table 2 is for AEE788 for which theG719S/WT fold resistance
yields essentially no energetic change experimentally but our
calculations show enhanced affinity. Interestingly, a prediction
for the effect of G719S on binding of erlotinib also shows
enhanced affinity (Table 2). FR calculations for gefitinib with
G719S yield the correct experimental trend. Despite the one
outlier, there is excellent accord overall, and a linear fit between
the data points shows a strong correlation coefficient of r2= 0.84
(Figure 5, Table 2), which indicates the simulations well repro-
duce trends in the experimental FR energies.

Examination of the individual terms which comprise ΔΔGFR

calcd along with calculation of correlation coefficients (r2 values)
for each term with ΔΔGFR exptl was done to pinpoint which
term(s) best explain experimental variation and thus resistance. It
should be noted that due to ambiguities in the experimental FR
measurement for erlotinib with the double mutant (>3.96 kcal/
mol, Table 2) all fittings excluded this data point. For L858R
relative to wildtype EGFR, all three inhibitors show more
favorable van der Waals and Coulombic interactions which lead
to an overall stronger computed ΔΔGFR in agreement with
experiment (Table 2 columns A and B). For the drug resistant
mutant (L858R&T790M - L858R), the most dramatic losses
observed experimentally correlate with the large computed losses
in van derWaals and Coulombic energy for erlotinib (ΔΔGFR>
3.96, ΔΔEvdw= 2.30, ΔΔEcoul = 7.42 kcal/mol) and AEE788
(ΔΔGFR=1.68,ΔΔEvdw=3.39,ΔΔEcoul= 3.15 kcal/mol). For

Table 2: Experimental versus Calculated Fold Resistance (FR) Energies (ΔΔGFR) and Energy Components for Ligands with EGFR

inhibitor ΔΔEvdw ΔΔEcoul ΔΔGpolar ΔΔGnonpolar ΔΔGFR calcda ΔΔGFR exptlb

A B C D E = (AþBþCþD) F

L858R - WT

erlotinib -0.86( 0.06 -0.34( 0.13 0.21( 0.11 0.06( 0.003 -0.97( 0.07 -0.61

gefitinib -0.99( 0.06 -0.72( 0.07 -0.58( 0.06 -0.01( 0.004 -2.30 ( 0.07 -1.59

AEE788 -2.41( 0.06 -0.48( 0.07 0.36( 0.06 -0.30( 0.005 -2.84( 0.06 -0.92

L858R&T790M - L858R

erlotinib 2.30( 0.06 7.42( 0.11 -6.56( 0.10 0.09( 0.003 3.30( 0.06 >3.96

gefitinib -0.10( 0.05 -0.06 ( 0.07 0.49( 0.06 -0.06 ( 0.004 0.27( 0.06 0.90

AEE788 3.39( 0.07 3.15( 0.09 -4.33( 0.07 0.20( 0.004 2.40( 0.08 1.68

G719S - WT

erlotinib -2.08( 0.06 -0.05( 0.12 -0.24( 0.11 0.04( 0.003 -2.38( 0.07 not reported

gefitinib 0.74( 0.07 -0.85( 0.07 1.59( 0.07 0.04( 0.004 1.50( 0.08 0.50

AEE788 -0.65( 0.06 -0.78( 0.06 0.55( 0.05 0.08( 0.005 -0.81( 0.07 0.02

r2 = 0.70 0.47 0.19 0.30 0.84 7 data pointsc

aΔΔGFR calcd derived from the difference of two independent simulations (eg L858R-WT) computed using eqs 1-3. bΔΔGFR exptl values from Table 1.
Correlations coefficients (r2 values) obtained from fitting the change in each energy component to ΔΔGFR exptl. All energies in kcal/mol ( standard errors of
the mean from 5000 MD snapshots. cData point for erlotinib with double mutant (>3.96) excluded from r2 calculations given ambiguity in the experimental
ΔΔGFR measurement.

FIGURE 5: PredictedFR energies (ΔΔGFR calcd) vs experimental FR
energies (ΔΔGFR exptl) for inhibitors with EGFR. Each point is the
difference between results from two independentMDsimulations (16
simulations total) from 5000 MD snapshots each. Data point for
erlotinib with double mutant (>3.96) excluded from r2 calculations
given ambiguity in the experimental ΔΔGFR measurement.



Article Biochemistry, Vol. 48, No. 35, 2009 8441

gefitinib with the double mutant the less deleterious effect on
binding (ΔΔGFR = 0.90 kcal/mol) appears to be solely from
changes in desolvation (ΔΔGpolar = 0.49 kcal/mol) given the
minor changes computed in the other terms (ΔΔEcoul = -0.06,
ΔΔEvdw -0.10 kcal/mol). For the G719S mutation relative to
wildtype, binding losses for gefitinib again appear to be a result of
increased desolvation (ΔΔGpolar = 1.59 kcal/mol) as any gains
computed in Coulombic energy are offset by reduction in steric
packing (ΔΔEcoul = -0.85 vs ΔΔEvdw = 0.74 kcal/mol). For
AEE788 withG719S, the previously noted disagreement between
computed and experimental affinities for this data point renders
component analysis here indeterminate. Affinity for erlotinib
with G719S is predicted to be enhanced primarily as a result of
increased van der Waals interactions.

Notably, the most correlated term in Table 2 with experiment
is forΔΔGFR calcd (r2= 0.84) indicating that for these systems a
balance of energetic terms is most important for des-
cribing changes in FR. Of the individual components, changes
in van der Waals energy (ΔΔEvdw r2=0.70) show the largest r2

value followed by Coulombic (ΔΔEcoul r
2 = 0.47), nonpolar

ΔΔGnonpolar (r
2=0.30), and polar desolvation energies (ΔΔGpolar=

0.19). The low r2 value of 0.04 obtained for the sum of ΔΔEcoul

andΔΔGpolar vs experiment suggests that steric packing probably
contributes more to variation in FR as opposed to changes in
solvent mediated electrostatics. Interestingly, visually plotting
changes in energy components vs ΔΔGFR exptl reveals grouped
data in the ΔΔEcoul plot which do not appear to lie on the trend
line. A fit of this cluster alone leads to an even poorer correlation
(Figure 6a dashed line). In contrast, Figure 6b shows how
changes in ΔΔEvdw are more closely associated with changes in
ΔΔGFR across the entire data set.
Energetics of Binding: What Drives Association? To

further characterize how terms contribute to molecular recogni-
tion, results from the underlying free energy of binding (ΔGb)
used to determine ΔΔGFR were examined (Table 3). Overall,
inhibitor binding appears to be most strongly driven by van der
Waals interactions. Values for ΔEcoul are always less favorable
than ΔEvdw and not sufficient to overcome the competing
unfavorable polar desolvation terms (ΔGpolar) which suggests
steric packing dominates association. For the EGFR variants
studied, gefitinib shows stronger ΔEvdw interactions relative to
either erlotinib or AEE788. A plot of ΔEvdw vs ΔGb exptl
highlights the separation between gefitinib and AEE788 and
additionally shows how changes in van der Waals interactions
may track for individual ligands (Figure 7). Although the
combined correlation with ΔGb exptl is poor (ΔEvdw r2 =
0.004), van der Waals energies for gefitinib (r2 = 0.83) or
AEE788 (r2=0.82) when plotted separately show strong correla-
tion with experiment (Figure 7).

Despite the importance of steric packing, electrostatics in this
system appear to play critical roles in mediating affinity. For
example, differences in intermolecular H-bonding, as illustrated
graphically in Figure 8, likely contribute to enhanced Coulombic
interactions for AEE788 and erlotinib relative to gefitinib
(Table 3 column B). Average number of H-bonds (Table 3
column G) shows 2.02 interactions for AEE788 with wildtype
EGFR followed by erlotinib at 1.82 and gefitinib at 1.16. All the
inhibitors show highly populated and significant H-bonding with
the backbone amide hydrogen at position M793. A second
interaction at M793 for AEE788 largely accounts for the greater
number of H-bond relative to the other inhibitors (Figure 8). For
erlotinib, an additional significant H-bond is observed between

the backbone at C797 and a terminal O atom for which the other
inhibitors have no spatial equivalent (Figure 8). A less populated
yet quantifiable interaction for erlotinib includes a unique pi-type
H-bond made between the ligands para-alkyne and T790@OH.
Pi-type interactions for erlotinib were counted by simply defining
the centroid of the alkyne C�C bond as an H-bond acceptor.
Interestingly, the unique H-bond acceptor in erlotinib is replaced
by a spatially analogous interaction in gefitinib between themeta-
chlorine and T790@OH. AEE788 also shows a weak H-bond at
position T790, although this was only observed in the simulation
of L858R. Here, a slightly different positioning of AEE788 in the
binding pocket relative to the other inhibitors allows for a third
H-bond with the pyrrolopyrimidine scaffold (Figure 8).
Origins of Resistance. In order to gauge the relative

importance that specific amino acids may contribute to binding,
the number of intermolecular H-bonds, van der Waals energy,
and Coulombic energy were computed on a per-residue basis.
Examinations of H-bond footprint plots (Figure 9) show con-
sistency in overall shape from simulation to simulation, which

FIGURE 6: Predicted changes in Coulombic (ΔΔEcou panel a) and
van der Waals (ΔΔEvdw panel b) energy components versus experi-
mental fold resistance energy (ΔΔGFR exptl) for inhibitors with
EGFR. Data point for erlotinib with double mutant (>3.96) ex-
cluded from r2 calculations given ambiguity in the experimental
ΔΔGFR measurement.
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provides additional support that results obtained from averaging
5000 MD frames are converged and well-behaved. As an
example, greater number of H-bonds are consistently obtained
for AEE788 (2 key scaffold H-bonds) versus other inhibitors
(1 key scaffoldH-bond) across the various simulations (Figures 8
and 9). Although L858R&T790 does not appear to affect the
number of H-bonds at this key backbone position, the resistant
mutant clearly results in abolishment of weaker H-bond interac-
tions for all inhibitors at the site of the T790 mutation relative to
L858R or wildtype alone (Figure 9c vs 9a,b). In addition, for
erlotinib, the more significant H-bond at position C797 is also
lost as a result of the double mutant (Figure 9c vs 9b, red line).
Here, the loss at C797 is the result of only a slight shift in the
binding pocket; otherwise, erlotinib appears well accommodated
in the double mutant (Figure 10). The similarity in binding
obtained here between L858R&T790M vs L858R suggests

a steric clash mechanism of resistance is unlikely and consistent
with recent crystallographic evidence from Yun et al. (20) (see
discussion below). Although no clear reason was identified, the
slight increases in H-bonding computed at position C797 for
erlotinib with the single mutants in Figure 9 relative to wildtype
may contribute to both the experimental (L858R) and predicted
(G719S) increase in affinity for this compound (Table 2).

Energetic footprints representing van der Waals and Cou-
lombic per-residue contributions were also plotted to quantify
changes as a result of drug resistant EGFR relative to L858R.
Focusing on the key residues, Figure 11 shows the contiguous
region betweenQ787 andN808 (shaded) and residues for which
favorable interactions are computed to be ca.>1 kcal/mol.
Again, the strong similarity in the general shape of the
footprints, as well as the similar magnitudes in ΔEvdw at
specific positions (i.e., L718, A743, K745, T790, L792, L845
(Figure 11a) suggest that the computational results are sensi-
tive enough to highlight both regions with conserved interac-
tion as well as reflect differences which may prove useful in
understanding affinity.

Consistent with the H-bond patterns described in Figures 8
and 9, in which ligands show high population of H-bonds
between M793 and the central scaffolds, the most favorable
ΔEcoul interactions for all ligands occur with residue M793
(Figure 11b). As before, the strongest interactions are computed
for AEE788 (-11.5 kcal/mol, green line) versus gefitinib (-5.1
kcal/mol, blue line) or erlotinib (-3.9 kcal/mol, red line) which
mirrors the fact that AEE788’s scaffold makes two H-bonds
versus one for the other inhibitors (Figure 8). Less populated, but
“standard” H-bonds between T790 and AEE788, and C797 and
erlotinib are also visible in the ΔEcoul footprints but as expected
are weaker than those withM793 (ca.-1 to-1.5 kcal/mol). The
more unique erlotinib (pi-type), or gefitinib (chlorine-type)
interactions with T790 depicted in Figure 8 are not readily
apparent in the ΔEcoul footprints but instead are presumably
reflected in the favorable ΔEvdw energies which occur at this
position (Figure 11a vs 11b).

FIGURE 7: Correlation of the van der Waals energy (ΔEvdw) compo-
nent with ΔGb exptl. Energies in kcal/mol.

Table 3: Absolute Free Energies and Component Decomposition for Inhibitors with EGFR

system ΔEvdw ΔEcoul ΔGpolar ΔGnonpolar ΔGb calcd ΔGb exptl
a H-bond

A B C D E = A þ B þ C þ D F G

erlotinib

wildtype -49.01( 0.04 -24.71( 0.09 39.73( 0.08 -6.05( 0.002 -39.69( 0.05 -10.58b 1.82

L858R -49.86( 0.04 -25.04( 0.09 39.94( 0.07 -5.99( 0.002 -40.66 ( 0.05 -11.19b 2.17

L858R&T790M -47.57( 0.05 -17.62( 0.07 33.38( 0.06 -5.89( 0.002 -37.36( 0.04 >-6.82c 0.99

G719S -51.09( 0.04 -24.76( 0.08 39.49( 0.07 -6.01( 0.003 -42.07( 0.05 not reported 1.95

gefitinib

wildtype -53.50( 0.05 -14.02( 0.05 28.80( 0.04 -6.30( 0.003 -45.01( 0.06 -10.17d 1.16

L858R -54.49( 0.04 -14.74( 0.04 28.22( 0.04 -6.31( 0.003 -47.32( 0.05 -11.76d 1.24

L858R&T790M -54.59( 0.04 -14.80( 0.05 28.71( 0.05 -6.37( 0.003 -47.05( 0.05 -10.86d 1.05

G719S -52.76( 0.04 -14.87( 0.06 30.39( 0.05 -6.26( 0.002 -43.51( 0.05 -9.42e 1.08

AEE788

wildtype -50.08 ( 0.05 -21.77( 0.04 31.97( 0.03 -5.93( 0.004 -45.81( 0.05 -11.29d 2.02

L858R -52.49( 0.04 -22.26( 0.06 32.33( 0.05 -6.24( 0.003 -48.65( 0.04 -12.22d 2.19

L858R&T790M -49.10( 0.06 -19.11( 0.07 28.00( 0.05 -6.03( 0.003 -46.25( 0.07 -10.55d 2.48

G719S -50.73( 0.04 -22.56( 0.04 32.52( 0.03 -5.85( 0.003 -46.62( 0.04 -10.86e 1.99

aΔGb exptl≈ RT ln(activities) at 298.15 K in kcal/mol. b Ki values (nM) from Carey et al.(18) c IC50 values (nM) from Ji et al. (19). d Kd values (nM) from
Yun et al. (20). e Kd values (nM) from Yun et al. (21).
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Examination of difference footprints (ΔΔEvdw and ΔΔEcoul)
computed from the L858R&T790M- L858R breakdowns show
that erlotinib and AEE788 lose significant interactions, on a
residue-by-residue basis, as a result of the deleterious mutation
relative to L858R (Figure 11c, d). In contrast, and in agreement
with the fact that gefitinib is experimentally the least affected by
the resistancemutation, theΔΔEcoul footprint is flatter, shows no
overall reduction in total Coulombic energy (Table 2), and
changes on a per-residue basis show negligible losses at all
positions (Figure 11d, blue line). A prior study from our
laboratory of neuraminidase inhibitors also revealed that the
most robust compound had an overall flatter ΔΔEcoul and ΔH-
bond profile (41). The most significant ΔΔEcoul energy losses
(ca. > þ1 kcal/mol) occur for erlotinib (Figure 11d, red line) at
positions C797 and D800, and for AEE788 at positions T790M
andD800 (Figure 11d, green line). Losses inΔΔEcoul for erlotinib
at position C797 are expected to be a result of the previously
described H-bond disruption (Figures 8-10). For AEE788, the
significant loss in ΔΔEcoul at T790M is likely due in part to
disruption of the third H-bond with the pyrrolopyrimidine
scaffold as a result of the resistance mutation (Figures 8 and 9).
No straightforward structural explanation was found to explain
reductions in ΔΔEcoul at position D800 for erlotinib or AEE788

FIGURE 8: Primary H-bonding (dashed lines) interactions for inhibitors with EGFR.

FIGURE 9: Comparison of per-residue H-bond footprints for erloti-
nib (red), gefitinib (blue), andAEE788 (green)withwildtype (panel a),
L858R (panel b), L858R&T790M (panel c), and G719S (panel d)
EGFR variants (N = 5000 MD snapshots).

FIGURE 10: Comparison of erlotinib binding poses (N = 100) from
EGFR simulations for L858R (left, red), L858R&T790M (middle,
green), and overlaid (red vs green). Intermolecular H-bonds at
position C797 shown in purple (N= 5000).

FIGURE 11: Per-residue footprints for inhibitors with EGFR for
cancer causing (L858R, panels a,b) and drug resistance
(L858R&T790M, panels c,d) variants from a reduced set of amino
acids in the contiguous range Q787-N808 (shaded region) or for
which any ligand shows ΔE > 1 kcal/mol.



8444 Biochemistry, Vol. 48, No. 35, 2009 Balius and Rizzo

but as a charged residue this could be a long-range and
nonspecific effect. ForAEE788with the doublemutant, increases
in ΔΔEcoul at position H805 (Figure 11c) are traceably to the
formation of a new piperazine ring H-bond (Figures 8 and 9c).
However, despite the fact that gains in interaction energy occur at
this position, changes overall in ΔΔEcoul and ΔΔEvdw for
AEE788 are still unfavorable (Table 2).

Prior studies by Daub et al. (57) and Kobayashi et al. (58)
hypothesized that a steric clash was the likely mechanism of drug
resistance for T790M.AndLiu et al. (36) reportedMDsimulation
results of gefitinib with either T790M or L858R&T790M which
led to “ligand escape from the binding pocket” which could also
be consistent with a steric clash.However, a recent study reported
by Yun et al. (20) suggests this is not a likely mechanism as a
cocrystal structure of AEE788 with a T790M single mutant
shows essentially the same binding pose aswildtype. Results from
the present study similarly suggest that a threonine/methionine
swap in the double mutant will not result in a steric clash given
that wildtype, L858R, and L858R&T790M simulations show an
overall consistent binding pose (Figure 10). In addition, an
examination of the van der Waals differences footprints
(ΔΔEvdw) shows that for all inhibitors a methionine at position
790 is energetically accommodated in the pocket and steric
packing interactions localized to this position in fact become
more favorable as a result of the double mutation (Figure 11c).
Increased packing as a result of T790M is physically reasonable
and occurs as a result of the hydrophilic to hydrophobic
substitution. Although other van der Waals changes are less
readily explained, the H805 increase with AEE788 coincides with
the previously noted piperazine H-bond. Compellingly, erlotinib
(positions F795, G796, D800) and AEE788 (positions K745,
I789, D800) show significant losses in ΔΔEvdw in contrast to

gefitinib, which likely contributes to these compounds being
more affected by the double mutations (Figure 11c).
Water-Mediated Interactions. Examination of the under-

lying explicit solvent TIP3P-MD trajectories, used subsequently
for continuum-based free energy calculations, revealed water
molecules which appear to be important for positioning of
ligands in the binding pocket. High water occupancy is observed
at two primary positions, termed site 1 (S1) and site 2 (S2), as
shown in Figure 12a for erlotinib with L858R and the double
mutant, which are representative. Figure 12b quantifies S1 and
S2 populations for all six inhibitor simulations with averages =
total count/5000 frames. Site waters were defined as present if a
water hydrogen was within 2.5 Å of each ligand’s relevant
nitrogen acceptor (S1) or residue Q791 at O (S2). Importantly,
the MD simulations reproduce the crystallographically observed
water at S1 for all ligands (14, 21). The waters at both sites are
observed in the crystal structure of AEE788 with EGFR
(2J6M) (21). For all ligands with L858R (Figure 12b left), waters
are present 50-90%at S1 and>80% at S2which indicates these
are long-lived significant interactions. As shown in Figure 12a,
thesewaters are involved in a quadrifurcatedH-bonding network
involving the ligandswith three nearby residues (T790,Q791, and
T854), including the site of the known drug resistance mutation
T790M. Notably, in all cases, occupancy at S1 and S2 is reduced
as a result of L858R&T790 (Figure 12b right).

As an alternative metric, energy calculations reveal favorable
Coulombic interactions between pocket waters and amino acids
in the H-bond network including the ligands (Figure 12c left).
Here, the two waters closest to each ligand at N* (Figure 12a left)
were used define key pocket waters. Interestingly, the
L858R&T790M mutant leads to changes in bridging water
interactions with each ligand that roughly mirror trends in the

FIGURE 12: Water-mediate H-bonds for inhibitors with EGFR for L858R (left) and L858R&T790M (right). (a) Visually shows population of
waters at site 1 (S1 orange) and site 2 (S2 blue) over all 5000 simulation frames for representative erlotinib simulations. Site waters defined if water
hydrogens are within 2.5 Å of each ligand atN* (S1) or residueQ791 atO (S2). (b) Shows for all three inhibitors the average number (count/5000)
ofwaters at S1andS2. (c) Shows for all three inhibitors the average pairwiseCoulombic interaction energies between the twowaters closest to each
ligand at N* with residues T790 (or M790), Q791, T854, and the ligands.
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experimental FR data with erlotinib (ΔΔEcoul = þ1.7 kcal/mol)
and AEE788 (ΔΔEcoul = þ1.5 kcal/mol) both being adversely
affected compared to gefitinib (ΔΔEcoul = -1.1 kcal/mol).
Favorable electrostatic interactions between these waters and
residue 790 (Figure 12c right) are similarly reduced as a result of
the double mutant, particularly for erlotinib (red bar), and thus
expected to lead to weaker protein-ligand binding. Further,
despite the fact that some water-mediated H-bonding withM790
is observed, an overall weaker network would be expected due to
the fact that sulfur is a weakerH-bond acceptor than oxygen (59).
Overall, the energetic description (Figure 12c) is consistent with
the reduced population counts (Figure 12b) suggesting weaker
interactions in the drug resistant mutant.

H-bonding between quinazoline-based inhibitors and binding
site waters were previously predicted by Wissner et al. (33) and
Hou et al. (34), although interestingly the two studies came to
different conclusions as to whether residue T854 or T790 was
involved. Here, calculations indicate that both T854 and T790
residues make significant water-mediated ligand interactions.
Stamos et al. (14) noted the T790 bridging water in the erloti-
nib-EGFR crystal structure but suggested it was not significant,
citing data reported byRewcastle et al. (60) inwhich only aminor
effect on affinity was seen for related ligands where the H-bond
acceptor was substituted for carbon. However, examination of
the original activities (seeRewcastle et al., Table 1, compounds 15
vs 20) show>5000 fold loss between compounds that differ only
by a nitrogen at the T790 acceptor position which suggests the
water is in fact important (60). And, a recent docking study by
Cavasotto et al. (35) notes that inclusion of this bridging water
was necessary to correctly reproduce the binding pose of the
EGFR inhibitor AG1478.

In conjunction with their proposed steric clash mechanism,
Kobayashi et al. (58) also hypothesized that disruption of water-
mediated binding would be a factor in resistance. For the water-
mediated interactions atQ791 (Figure 12), theH-bonds primarily
involve the backbone carbonyl oxygen; thus, any alteration of
side chains at this site would be expected to be less detrimental,
particularly since there is little direct van der Waals contact or
favorable Coulombic interactions with the ligand at Q791.
However, the simulation results strongly suggest that a mutation
at position T854 would disrupt the quadrifurcated network and,
in a manner analogous to T790, disrupt water-mediated ligand
binding. This hypothesis is consistent with results recently
reported by Bean et al. (61) in which a novel T854A resistance
mutation was identified from a patient with reduced affinity for
erlotinib. A combination of mutations involving T790 and T854,
if biologically viable, would likely lead to further disruption of
the H-bond network involving inhibitors and an increase in
unfavorable fold resistance. While our current studies cannot
rule out the recent hypothesis by Yun et al. (20) that T790M
resistance is caused primarily by increased affinity for ATP,
based on the present simulations, it is reasonable to propose that
disruption of water-mediated H-bond networks involving the
inhibitors (Figure 12) is a contributing factor.Additionally, given
the fact that our calculations yield quantitative energetic agree-
ment with experiment, yet involve only inhibitors and EGFR
(and not ATP), it strongly suggests that differences in affinity for
ATP are not the sole cause of experimentally observed drug
resistance. Additional studies are needed to more fully address
this issue.

An examination of the network shown in Figure 12 indicates
the possibility of designing alternative H-bonding involving

residues T854, T790, and Q791. EGFR inhibitors based on a
4,6-dianilinopyrimidine scaffold have been reported (62) which
are proposed to make direct H-bonds with bothM793 and T790.
However, as expected, the T790M mutant showed resistance
against a representative compound in the series presumably due
to the loss of a direct H-bond between the pyrimidine N3 and the
OH at position 790. Wissner et al. (33) has reported an inhibitor
in which the bridging nitrogen atom was replaced by a cyano
group and proposed to displace the site 1 water. However, the
cyano compound was also proposed to make a direct H-bond
with T854; thus, the recently reported T854A mutation would
likely lead to a loss in binding. An alternative strategy to address
resistance, provided that sufficient specificity could be achieved,
would be the design of inhibitors with additional protein back-
boneH-bonds (direct or watermediated). In any event, due to the
entropically favorable process of displacing bound waters (63),
analogues which replace the water-mediated interactions seen
here may show enhanced affinity. Alternative binding patterns
are likely to result in unique resistance profiles which may prove
useful.

CONCLUSION

In this study, all-atom explicit solvent molecular dynamics
followed by free energy calculations were employed to compute
fold resistance energies for three ATP-competitive inhibitors
(erlotinib, gefitinib, and AEE788) with epidermal growth factor
receptor (EGFR) for wildtype, and L858R, G719S, and
L858R&T790M mutants. The primary purpose of this study
was development of robust quantitative computationalmodels to
compute EGFR-ligand binding, characterize how variation in
structural and energetic results correlate with variation in re-
ported experimental activities, and determine origins of drug
resistance. System stability and overall convergence of results
were carefully monitored through comparisons with crystallo-
graphic structures (Figure 4), and by plotting instantaneous and
running block averages for free energies of binding and root-
mean-square deviations (Figure 3). Fluctuations in energy and
structure show the simulations are well-behaved, comparable
with other studies from our laboratory (40-42), and low
standard errors of the mean (Tables 2 and 3) indicate the results
are reasonably converged.

Notably, computed fold resistance energies, which represent a
ratio of activities and are obtained from the difference in results
of two independent MD simulations, show excellent agreement
with available experimental data (r2 = 0.84). Importantly, the
magnitudes of the experimental and theoretical FR results are
similar (Table 2, Figure 5). For all inhibitors, the simulations
correctly predict that affinity for EGFRwill increase as a result of
the cancer causing L858R mutation relative to wildtype and
decrease as a result of a drug resistant double mutant
(L858R&T790M) relative to L858R (Table 2 columns E vs F).
Affinity predictions for gefitinib with a second cancer causing
mutation at position G719S also yield the correct experimental
trend. The sole outlier in the study is for AEE788 with G719S in
which the computational results incorrectly predict the mutation
to be slightly favorable (Table 2).

Decomposition of the contributing components toΔΔGFR, and
the underlying absolute ΔGb values used to compute FR, reveal
modest gains in favorable van der Waals and Coulombic energies
for all three inhibitors as a result of the cancer causing mutation
L858R and large losses for erlotinib and AEE788 for the drug
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resistance double mutant L858R&T790M (Table 2). Losses for
gefitinib appear to be a result of increased desolvation penalties.
Values for ΔEvdw are computed to be more favorable than other
ΔGb calcd terms (Table 3), which suggest that steric packing is the
dominant driving force for association. In general, van der Waals
interactions are stronger for gefitinib relative to other compounds
and changes in ΔEvdw track especially well with ΔGb exptl for
gefitinib and AEE788 (Figure 7). Relative ΔΔEvdw energies are
modestly correlated with ΔΔGFR across the series (Figure 6b).

Despite the obvious importance of van der Waals terms, the
simulation results indicate that electrostatic interactions are
critical for specificity and correct positioning of ligands in the
ATP binding pocket (Figures 8, 9, and 11). Examination of per-
residueH-bonding, andCoulombic energy, reveal changes at key
amino acids which are important for understanding origins of
fold resistance (Figures 9-11). Two highly populated H-bonds
for AEE788, and one for erlotinib and gefitinib, are observed
between inhibitors and the EGFR backbone at position M793
(Figures 8 and 9). Coulombic energy footprints (Figures 11)
mirror the H-bond trends with M793 showing stronger interac-
tion energies formed with AEE788 (-11.5 kcal/mol) versus
gefitinib (-5.1 kcal/mol) or erlotinib (-3.9 kcal/mol). The
resistance mutation L858R&T790 does not change interactions
localized toM793; however, all inhibitors lose a less populatedH-
bond at the site of the T790 mutation (Figure 9 panels b vs c).
Losses at 790 are traced to unique H-bonds (Figures 8 and 9)
involving the acetylene group of erlotinib (pi-type) and a chlorine
atom in the case of gefitinib (chlorine-type). For erlotinib, the loss
of an additional H-bond at position C797 leads to an overall
reduction (-1.18 H-bonds), which likely contributes to the larger
FR energy compared with the other inhibitors (gefininb -0.19
H-bonds, AEE788 þ0.29 H-bonds).

The simulations additionally reveal a significant network of
water-mediated H-bonds involving a spatially equivalent nitro-
gen atom on each inhibitor, residues T854, T790, Q791, and two
bridging waters which become disrupted as a result of the
L858R&T790M drug resistance mutation (Figure 12a,b). The
bridging waters interact favorably with residues in the binding
pocket and the double mutation leads to reduced Coulombic
energies, especially for erlotinib and gefitinib (Figure 12c), and
reduced overall occupancy (Figure 12b). The calculations suggest
that resistance likely involves changes in water-mediated H-
bonds, in contrast to prior reports, which hypothesize that
EGFR resistance is primarily a function of either a steric
clash (57, 58) involving methionine 790 or due to increased
affinity for the native substrate ATP (20). In agreement with
recent crystallographic evidence (20), per-residue footprint cal-
culations (Figure 11c) and structural analysis (Figure 10) reveal
favorable van der Waals energies with T790M, which indicates a
steric clash mechanism of resistance is unlikely. Finally, while
increased affinity for ATP (20) may be a contributor to resis-
tance, the present results suggest that disruption of favorable
interactions, including changes in H-bonding, are likely to be as
important and thus should be considered when designing next-
generation compounds.

The growing problem of drug resistance, arising from clinical
use of EGFRmolecular targeted therapeutics, highlights the need
for continued studies to elucidate how binding affinity is modu-
lated by mutations and how ligands could be modified to
circumvent deleterious changes. The present study has partici-
pated in these aims through prediction of fold resistance energies
for inhibitors of EGFR which show quantitative agreement with

experiment thereby providing a framework to probe origins of
resistance. The simulations correctly predict the effects of the
L858R cancer causing mutation and the L858R&T790 drug
resistance mutant for three inhibitors. Residue-based structural
and energetic analysis was used to identify how key side chains
are involved in binding, how water molecules mediate affinity
through an intricate network ofH-bonding, andhow interactions
change as a result of themutations. Similar to the growing arsenal
of antivirals required to effectively combat HIV, design of
multiple kinase inhibitors is likely to be an important long-term
strategy to address issues of drug resistance.
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