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HIGHLIGHTS

GRAPHICAL ABSTRACT

* We predicted binding affinities of six
compounds for p38a MAP kinase by
MP-CAFEE.

» The compounds have diverse scaffolds
and published X-ray co-crystal struc-
tures.

* Predicted and experimental binding free
energies correlate well (R?> = 0.93).

* We could rank the compounds with
different scaffolds using MP-CAFEE.

* We proposed the optimal sample sizes
to identify or optimize lead compounds.
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Accurate methods to predict the binding affinities of compounds for target molecules are powerful tools in
structure-based drug design (SBDD). A recently developed method called massively parallel computation of
absolute binding free energy with a well-equilibrated system (MP-CAFEE) successfully predicted the binding
affinities of compounds with relatively similar scaffolds. We investigate the applicability of MP-CAFEE for
predicting the affinity of compounds having more diverse scaffolds for the target p38c, a mitogen-activated pro-
tein kinase. The calculated and experimental binding affinities correlate well, showing that MP-CAFEE can accu-
rately rank the compounds with diverse scaffolds. We propose a method to determine the optimal number of
sampling runs with respect to a predefined level of accuracy, which is established according to the stage in the
SBDD process being considered. The optimal number of sampling runs for two key stages—lead identification
and lead optimization—is estimated to be five and eight or more, respectively, in our model system using
Cochrans sample size formula.

© 2013 Elsevier B.V. All rights reserved.

Abbreviation: MP-CAFEE, massively parallel computation of absolute binding free en-

ergy with a well-equilibrated system.
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1. Introduction

In structure-based drug design (SBDD), the prediction of binding
affinities of compounds for target molecules is one of the most impor-
tant analyses. Docking calculations have been widely employed for
predicting such binding affinities using scoring functions. One of the
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reasons for utilizing docking software is that the calculation has recently
become less time consuming, even with a personal computer. However,
the binding affinities predicted by docking simulations are sometimes
not accurate or sufficiently reliable to be used in SBDD. Presumably,
the inaccuracies occur, because certain factors are neglected in the
docking calculations, such as molecular motion, flexibility of target
proteins, and enthalpic and entropic effects associated with the sur-
rounding water molecules existing in a real system. To overcome these
shortcomings, several methods have been developed. Free energy per-
turbation (FEP) and thermodynamics integration (TI) methods cal-
culate the binding free energy difference (AAG) between initial and
final states by changing the molecular structure [1]. However, these
methods are not readily applicable to compounds with diverse scaf-
folds. Molecular mechanics Poisson-Boltzmann solvent accessible
surface area (MM-PBSA) [2] calculates the absolute binding free
energy (AG), but the estimated entropy by normal mode analysis
has a large margin of error that introduces significant uncertainty [3].

In 2005, Fujitani et al. proposed a method called massively parallel
computation of absolute binding free energy with a well-equilibrated
system (MP-CAFEE) to predict the absolute binding free energy [4].
This method is based on Jarzynski's equality [5], which enables the eval-
uation of the free-energy difference in the equilibrium state from the
exponentially weighted average of the non-equilibrium work values.
MP-CAFEE utilizes several intermediate states between the initial and
final states and simultaneously calculates the free energy differences
between adjacent states. This protocol facilitates the massive use of
multiple computers to obtain binding affinities within a reasonable
time period.

MP-CAFEE was utilized to predict the binding affinities of compounds
for three targets, FK506 binding protein (FKBP) [4,6], RNA aptamer [7],
and poly (ADP-ribose) polymerase-1 (PARP-1) [8], and the results
showed good correlation between the predicted and experimental
binding affinities (coefficients of determination (squared correlation
coefficients), 0.95, 0.87, and 0.91, respectively). For FKBP, the inves-
tigators obtained not only an excellent correlation but also good
agreement in the absolute values. Jayachandran et al. pointed out
that MP-CAFEE did not consider the standard state correction, and
they proposed a modification to correct the standard state based on
the binding site volume [9]. However, the coefficient of determination
between the predicted and experimental values (0.52) for the target
protein FKBP was not as good as that reported by Fujitani et al. (0.95).
General also pointed out that MP-CAFEE did not consider the standard
state correction [10], although it was successfully used for predicting
the binding affinity of compounds [11]. Mitchell et al. showed that the
binding affinities of compounds for the target protein FKBP predicted
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by MP-CAFEE correlated with the experimental values better than
those predicted by MM-PBSA, quantum mechanics/molecular me-
chanics (QM/MM), and fragment molecular orbital methods [12].

The scaffolds of each group of compounds evaluated for two of the
three targets mentioned above, FKBP and PARP-1, were similar within
their respective target's group, and the binding affinities correlated
with the molecular weights (coefficients of determination, 0.80 and
0.51, respectively). However, it is preferable to assemble candidate
compounds with diverse scaffolds to avoid the sudden termination of
drug discovery efforts due to a scaffold-based problem, such as poor
physicochemical properties, toxicity, and lack of selectivity. However,
the identification of several promising compounds with diverse scaf-
folds is not straightforward; therefore a major challenge in drug dis-
covery. To meet this challenge, accurate methods for predicting binding
affinities can be effective for selecting promising compounds with alter-
native scaffolds for synthesis, which is important considering that the
synthetic effort required for compounds with diverse molecular frame-
works is greater than that for those with similar chemical structures.
Therefore, even a simple ranking of the designed compounds with di-
verse scaffolds using their predicted binding affinities can be very effec-
tive for discerning active compounds from inactive ones. In this study,
we investigate the applicability of MP-CAFEE for predicting the affinities
of structurally diverse compounds for p38a. mitogen-activated protein
(MAP) kinase, a model target whose inhibitors have therapeutic poten-
tial for the treatment of autoimmune diseases. Furthermore, we propose
a protocol to estimate the optimal number of sampling runs, considering
both the calculation time and accuracy, the level of which depends on
the stage of drug discovery being considered.

2. Methods
2.1. Data preparation

We searched the protein data bank (PDB, http://www.pdb.org/pdb/)
for X-ray co-crystal structures of p38a MAP kinase with compounds
that were bound to the ATP binding site in the catalytically active
form. We selected PDB files with fewer missing amino acid residues,
especially those located at the ATP binding site, because it is preferable
to utilize co-crystal structures with less ambiguity in the molecular dy-
namics (MD) calculations. We carefully chose six co-crystal structures
of p38a. with compounds having diverse scaffolds; their PDB IDs are
1A9U (compound 1), 1BL6 (compound 2), 1DI9 (compound 3), IW7H
(compound 4), TW84 (compound 5), and 1ZZL (compound 6). The
chemical structures of these compounds are shown in Fig. 1. Because
we need to compare the predicted binding affinities of the compounds
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Fig. 1. Molecular structures of compounds used to predict the binding affinities.
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with the experimental values, we chose compounds whose binding free
energy for p38a has been reported or could be determined by
converting the published half-maximal inhibitory concentration
(ICsp) data obtained from alternative assay conditions. Compound
1 (SB203580) is an inhibitor for MAP Kinase p38a and is often
used as a reference compound to compare the binding affinities.
The dissociation constant (K;) values of compounds 1 and 3 are re-
ported in the literature [13] and AGs of the two compounds were cal-
culated by the equation AG = RT In Ky, where R is the gas constant and
T is the temperature. The inhibition constant (K;) value of compound 1
(18 nM) is reported in the literature [14] and is equivalent to the K,
value of compound 1 (20 nM) reported in the literature [13]. The ICsq
values of compounds 1 and 2 [15], of compounds 1, 4, and 5 [16],
and of compounds 1 and 6 [17,18] are used to obtain the AG values
as follows. According to the Cheng-Prusoff equation K; = ICsq/
(1 + [S]/ Ky) [19], where [S] is the substrate concentration and
K, is the Michaelis constant of the substrate S, K; is proportional
to ICso when the assay conditions are same. Then, we can obtain
the K; values for compound x by the equation, K;(compound x) =
Ki(compound 1) x (ICso(compound x)/ICso(compound 1)). We ap-
proximated K, to equal K; and calculated the binding free energies
of compounds 2, 4, 5, and 6 by the equation AG = RT In K;. The
experimental binding free energies are shown in Table 1.

2.2. MD calculations

MD calculations were performed using GROMACS ver. 4.5.5 [20]. We
used the force field parameter set parm96 in the assisted model building
with energy refinement (AMBER) for the protein. The general AMBER
force field (GAFF) [21] and TIP3P [22] parameters were used for com-
pounds and water molecules, respectively. The partial charges on the
atoms of the compounds were derived by fitting their electrostatic po-
tential energies to those calculated at the HF/6-31G* level after structure
optimization at the HF/6-31G level using GaussianO3W [23]. The
GROMACS topology format files for the six compounds are available in
the Supplementary information.

The particle mesh Ewald method [24] with an interpolation order of
4 was employed to evaluate electrostatic interactions with a real-space
cut-off distance of 1.1 nm. A cut-off distance for van der Waals interac-
tions was set to 0.9 nm with a switching region between 0.9 and
1.0 nm. The temperature was controlled by the Nosé-Hoover method
[25,26] with a time constant of 0.5 ps, and the pressure was controlled
by the Berendsen method [27] at 1 atm with a time constant of 1.0 ps
using the compressibility of 4.5 x 10~> Pa~!. The LINCS algorithm [28]
with an order of 8 was employed to constrain all the bonds, and we used
a time step of 2 fs.

MP-CAFEE utilizes the double annihilation method, which requires
two systems. One system contains a compound in a water box (system
1), and the other contains a protein-compound complex with ions for
neutralization in a water box (system 2). Energy minimization was
performed for system 2 to remove unfavorable atomic collisions after

Table 1

soaking the complex into a rectangular parallelepiped water box with
three-dimensional periodic boundary conditions. The total number of
atoms in systems 1 and 2 is approximately 6000 and 60,000, respectively.
Initially, the system temperature was gradually increased from 100 to
250 K over 130 ps, and then it was set at 300 K for 1 ns to equilibrate
the system. Because co-crystal structures of all compounds were avail-
able, we performed only 1-ns equilibration runs. Twelve equilibration
MD runs of system 2 for each compound with different initial velocities
of atoms were performed to obtain 12 different initial structures and
velocities to use in the sampling MD runs, which were processed for
3 ns. We extended the number of sampling runs to 30 for compounds
1, 4, and 6 to investigate the optimal number of sampling runs. In this
study, we use the term “optimal number” to represent the smallest
number that will guarantee the predetermined required accuracy
for the predicted binding affinity.

2.3. Binding free energy by MP-CAFEE

MP-CAFEE is based on the double annihilation method and utilizes
many intermediate states between the initial solution phase and the
final gas phase. The coupling constants for the intermolecular interac-
tions between the compound and other molecules for the intermediate
states are gradually decreased to transfer the compound into the gas
phase. This process is referred to as annihilation. The free energy differ-
ence to transfer the compound from the solution into the gas phase
(AGsq)) is calculated using system 1. The free energy difference to
transfer the compound complexed with the protein from the solu-
tion into the gas phase (AGcomplex) is calculated using system 2.
The binding free energy (AGping) can be obtained by the equation
AGping = AGeompiex — AGsor (see Egs. (2)-(4) in Reference [6]). The
free energy differences between the adjacent states are evaluated by
the instantaneous non-equilibrium work values using the Jarzynski's
equality and are summed to obtain the free energy differences AGsq
and AGcomplex- The instantaneous non-equilibrium work value to trans-
fer from one state to another, where the positions of the atoms are not
changed but only the coupling constant is changed, is equal to the
intermolecular interaction difference between the two states, because
the evaluated free energy difference by the Jarzynski's equality does
not depend on the time to transfer the states.

The protocol proposed by Fujitani et al. was used to evaluate the
binding free energies of the compounds in this study [6]. First, the elec-
trostatic and then the van der Waals interactions were removed using
the soft-core potential. We used the same calculation conditions as
those described in the literature [6] except for the initial positions and
velocities of atoms for the sampling runs and the amount of time for
the equilibration runs. That is, we used the positions and the velocities
of the atoms at the last step of the 12 or 30 independent 1-ns equilibra-
tion runs, whereas Fujitani et al. selected one equilibrated structure
from three independent equilibration runs processed for tens of nano-
seconds and performed 12 sampling runs by reassigning 12 different
velocity sets to the atoms. The binding free energies were evaluated

Experimental binding free energies, predicted binding affinities determined by MP-CAFEE, scores determined by GOLD using a rescoring method, and molecular weights of the com-
pounds. AGeyp, is the experimental value. AGping = AGeomplex — AGsol, Where AG is the free energy calculated in the solvated compound system, and AGcompiex iS the free energy calcu-
lated in the solvated protein-compound complex system. The coefficients of determination with respect to the experimental binding free energies are shown in the bottom row. The

values in parentheses for AGeomplex are the standard deviations.

AGexp AGsol AGcomplex AGcomplex AGbind GOLD CHEM Mw

[kcal/mol] [kcal/mol] [kcal/mol] n = 12 [kcal/mol] n = 30 [kcal/mol] n = 12 score score
Compound 1 —10.59 —19.23 —34.26 (1.26) —33.97 (1.48) —15.03 56.41 28.04 3774
Compound 2 —9.88 —7.77 —19.02 (0.94) —11.25 34.84 20.92 2933
Compound 3 —6.08 —9.23 —15.67 (1.00) —6.44 3201 18.73 3274
Compound 4 —5.58 —8.47 —14.39 (0.76) —14.70 (0.96) —5.93 42.63 21.59 200.2
Compound 5 —7.73 —7.75 —14.83 (0.65) —7.08 52.15 28.14 2223
Compound 6 —11.80 —11.39 —27.05(141) —27.33(142) —15.66 69.84 31.64 3223

Determination coefficient

093 0.46 0.49 037
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using the work values obtained during the last 1 ns of the total sam-
pling run time of 3 ns by the Bennett acceptance ratio method [29]
implemented in GROMACS ver. 4.5.5.

24. Binding affinity by genetic optimization for ligand docking (GOLD)

We predicted the binding affinities of the six compounds for the
target protein p38a using the docking software GOLD version 5 [30]
and compared the results with those acquired using MP-CAFEE. We
used the same initial coordinates obtained from the PDB files for a com-
parison of GOLD with MP-CAFEE. We employed a rescoring calculation
that searches for the binding position of the compound with the highest
score near the initial compound position in the co-crystal structure, be-
cause this study aims to estimate the binding affinities, not to predict
the binding modes.

We prepared six protein structures of the corresponding six com-
pounds using the following procedure. First, we added the hydrogen
atoms in an appropriate manner to the protein and compound. Then,
only the positions of the hydrogen atoms were optimized by mini-
mizing the potential energy without removing the compound from
the binding site. The structure of the compound was optimized in
vacuum by minimizing the potential energy and was placed near
the original position observed in the X-ray co-crystal structure. We
used a force field parameter set called MMFF94x, which is compara-
ble to the GAFF force field [21], for energy minimization. The so-
called GOLD and CHEM scores implemented in GOLD were used in
the rescoring calculations to predict the binding affinities [30].
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ﬁ
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2.5. Analysis for the optimal number of sampling runs

The optimal number of sampling runs probably depends on the
target and the required accuracy, which is stipulated by the stage
of drug discovery being considered. We performed an analysis for
the optimal number of sampling runs using Cochran's sample size
formula [31]. The required sample size n is expressed as n = (Zs/d)?,
where Z is the ratio that determines the confidence level, d is the
permissible error, and s is the standard deviation. This formula
can be applied to data with a normal distribution. Because the stan-
dard deviation of the free energy calculated for the system with a
compound in a water box is small, we anticipated that its influence
on the standard deviation of the total binding free energy is
negligible.

3. Results
3.1. Equilibration of the structures of the complexes in water

Fig. 2A shows the time evolution of the root-mean-square deviations
(RMSDs) of the protein backbone calculated by comparing the trajecto-
ries of the backbone atoms with the corresponding atoms in the X-ray
co-crystal structures. Fig. 2B shows the RMSDs of the compounds calcu-
lated by comparing the trajectories, which are obtained by superposi-
tion using only the protein backbone atoms, to the corresponding
atoms in the X-ray co-crystal structures. Only the first of the 12 runs
for each compound is used for plotting the RMSDs. All of the time-
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Fig. 2. (A) Time evolution of the RMSDs of backbone atoms of the protein-compound complexes in the binding sites. Only the first of 12 runs for the six compounds is represented. (B) Time
evolution of the RMSDs of the compounds calculated by comparing the trajectories, which are obtained by superposition using only the protein backbone atoms, to the corresponding

atoms in the X-ray co-crystal structures.



0. Okada et al. / Biophysical Chemistry 180-181 (2013) 119-126 123

averaged RMSDs of the backbone atoms for the time period between
500 and 1000 ps in the equilibration runs for the six compounds are
between 0.097 and 0.20 nm, showing that the tertiary structures are
stable. The correspondingly determined time-averaged RMSDs of the
compounds are between 0.11 and 0.39 nm, implying that the com-
pounds are located at the binding site. TYR35, located at the tip of the
so-called glycine-rich loop, interacts with compounds 1, 2, 4, and 6 in
the co-crystal structures largely by changing the conformation of the
loop. We directly checked the structures with graphic tools and verified
that these four compounds continue to interact with TYR35 (as is the
case in the X-ray co-crystal structures) after completing the equilibra-
tion runs. Having confirmed that the equilibrated structures of the com-
plexes were reasonable, we utilized these structures and the velocities
at the final steps of the equilibration runs for the sampling runs.

3.2. Predicted binding affinities determined by MP-CAFEE and GOLD

The experimental binding free energies and binding affinities pre-
dicted by MP-CAFEE and GOLD as well as the molecular weights are
listed in Table 1. The coefficients of determination with respect to the
experimental binding free energies are also listed. The coefficient of
determination between the experimental binding free energies and
molecular weights is 0.37, indicating that the correlation is low.
Figs. 3A and 3B show the predicted binding affinities of the six com-
pounds as determined by MP-CAFEE and GOLD, respectively, against
the experimental values. The coefficient of determination between the
binding affinities predicted by MP-CAFEE and the experimental binding
free energies is 0.93. In contrast, the corresponding coefficients of deter-
mination using GOLD and CHEM scores are 0.46 and 0.49, respectively.
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Fig. 3. Predicted binding affinities of the six compounds determined by (A) MP-CAFEE and

(B) GOLD (GOLD score: filled circle, CHEM score: open square) as a function of the exper-
imental binding free energies.

3.3. Optimal number of sampling runs for SBDD

We assigned the parameters d and Z in Cochran's sample size formu-
la as follows. A difference in the binding free energies of 1.38 kcal/mol
between two compounds indicates that the binding affinity of one com-
pound is ten times higher than that of the other at room temperature.
We examined three grades of accuracy, designated by the permissible
errors of +0.69 (high accuracy), +1.04 (medium accuracy), and +
1.38 (low accuracy) kcal/mol, to represent the different stages of drug
discovery. To ensure a confidence level of 95%, the Z value of Cochran's
sample size formula was set to 1.96. The optimal number of sampling
runs could then be estimated using the standard deviations along with
the parameters d and Z. The largest standard deviation obtained in
this study is 1.48, which is similar to the value of 1.2 reported by Fujitani
et al. [6]. The required number of sampling runs for each of the three
grades assigned in this study is 18, 8, and 5, for high, medium, and
low accuracy, respectively (Table 2).

The binding free energy as a function of the number of sampling runs
for each of the six compounds is plotted in Fig. 4A. The order of the sam-
pling runs is meaningless, because they are independent from one
another caused by the random assignment of initial velocities to the
atoms. The ranges of the binding free energies are overlapped for the
pairs of compounds (1, 2), (1, 6), (3, 4), (3, 5), and (4, 5). However,
the ranking of the six compounds by the averages is consistent with
the experimental binding free energies incidentally at any number of
sampling runs. The standard deviation as a function of the number of
sampling runs for each of the six compounds is plotted in Fig. 4B to
visualize the convergence as the number of runs changes. As the num-
ber of sampling runs increases, the standard deviation reaches a point
of relative constancy for compounds 1 and 6 (~1.5) and compound
4 (~0.96). Fig. 4C shows histograms of the calculated binding free
energies using 30 sampling runs for compounds 1, 4, and 6. These
histograms imply that the calculated binding free energies have
normal distributions for these three compounds.

4. Discussion

Fujitani et al. developed the MP-CAFEE method and showed that it
could successfully predict binding affinities using several targets. Be-
cause predicting affinities for compounds with diverse scaffolds is
extremely useful in SBDD, in this study, we have investigated its appli-
cability for predicting the binding affinity of six compounds with diverse
scaffolds for the target protein p38c.

Before performing sampling runs, we equilibrated two systems: one
that contained a compound in a water box, and the other, a complex in a
water box. Because the initial structures of the complexes in the water
box are important for the sampling runs, we carefully checked the equil-
ibration of the latter system. We verified the stability of the structures of
the proteins complexed with each of the six compounds and checked
the binding of the compounds to the binding site using the RMSDs.
We also directly confirmed that the compounds were located at the
binding site in an appropriate manner and the interactions with
TYR35 were adequately maintained for compounds 1, 2, 4, and 6. In
SBDD, when new compounds are designed, their binding modes are ini-
tially predicted, and then they are further verified by longer equilibra-
tion runs. Because all the co-crystal structures of the compounds with

Table 2
Number of sampling runs estimated by standard deviations, permissible errors, and a con-
fidence level.

Permissible error Standard deviation Confidence Number of
[kcal/mol] range level required runs
0.69 0.65-1.48 95%(Z = 1.96) 4-18

1.04 0.65-1.48 95%(Z = 1.96) 2-8

1.38 0.65-1.48 95%(Z = 1.96) 1-5
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Fig. 4. (A) Calculated binding free energies of six compounds and their averages as a function of the number of sampling runs. (B) Standard deviations for the predicted binding free en-
ergies as a function of the number of sampling runs. (C) Histograms of the estimated binding free energies for compounds 1, 4, and 6.

the proteins were available, and our purpose was not to predict the
binding modes but to estimate the binding affinities, we chose the
equilibration run time of 1 ns, which is shorter than that of tens of
nanoseconds employed by Fujitani et al. [4].

After we confirmed that the equilibrated structures of the six
compounds were reasonable, we performed sampling runs with MP-
CAFEE using the coordinates and velocities of the atoms at the last
step of the equilibration runs. Fujitani et al. selected the single most rea-
sonable complex structure from three equilibrated structures obtained
by long MD runs. Then, they reassigned 12 different velocities to the
coordinates for the 12 sampling runs. Jayachandran et al. commented

that careful attention must be paid to choosing the best complex struc-
ture as the initial coordinates for sampling runs [9]. We anticipated that
a protocol employing both coordinates and velocities obtained by inde-
pendent equilibration runs would be preferable for two reasons. One
reason is that a wider phase space can be sampled using different coor-
dinates. The other is that the dynamics of the molecules can be allowed
to smoothly continue without disruption by the reassignment of the ve-
locities. As both protocols seem to have merits and demerits, we cannot
judge which is preferable and suggest further rigorous investigation.
The experimental and predicted binding affinities determined by the
MP-CAFEE method correlate well, as shown by a high coefficient of



0. Okada et al. / Biophysical Chemistry 180-181 (2013) 119-126 125

determination of 0.93. Although the predicted values slightly deviate
from the absolute binding free energies, ranking the compounds
according to the predicted binding affinities is valid, and therefore use-
ful in SBDD. We also evaluated the binding affinities using the docking
software GOLD by rescoring the binding modes. The obtained coeffi-
cients of determination of 0.46 (GOLD score) and 0.49 (CHEM score)
are not as good as that achieved by MP-CAFEE, and the order of the
scores is inconsistent for some compounds. These results show that
predicting binding affinities with MP-CAFEE is better than with GOLD
in this model case.

We investigate the reasons why the absolute values of the predicted
binding affinities deviated from the experimental values. Fujitani et al.
showed that the force field parameters with partial charges on the
atoms influence the prediction [6]. They have reported that the torsional
energy maps with respect to the backbone dihedral angles calculated
with several force field parameter sets are different from one another
[32]. Thus, we suspected that the deviation was caused by the force
field parameters, and consequently, we evaluated the torsional energy
profiles calculated with parm96 to compare them with other reported
torsional energy profiles. The details of the method to evaluate the tor-
sional energy profiles and the obtained results are shown in the Supple-
mentary information.

Fujitani et al. evaluated the torsional energy profiles with high-level
ab initio molecular orbital calculations, and they fit the parameters to
develop the so-called FUJI force field for backbone dihedral angles.
Surprisingly, the torsional energy profiles calculated with parm96
agree well with those evaluated by the high-level ab initio molecular
orbital calculations (Fig. S1). Only the barrier height at zero degrees
in the torsional energy profile of psi for the glycine dipeptide (GD)
model compound significantly deviates from the results of the high-
level ab initio molecular orbital calculations. We expect that this devia-
tion does not significantly influence the predicted binding affinities,
because the dihedral angles at the four minima are in good agreement
with those determined by the ab initio molecular orbital calculations
and the barrier height of 2 kcal/mol can hardly be overcome by thermal
motion for the folded protein structures. Unfortunately, the reason for
the deviation of the absolute values from the experimental ones could
not be attributed to the force field parameters. Further rigorous investi-
gations are needed to check the influence of the force field parameters
on the absolute binding free energy calculation.

The ranges of the calculated binding free energies are overlapped for
some pairs of compounds (Fig. 4A). This implies that the ranking by the
averages of the calculated binding free energies with a few sampling
runs can be different from that with many sampling runs owing to
the random assignment of initial velocities to atoms. Therefore, we
performed a statistical analysis to identify the optimal number of
sampling runs by recognizing that the number depends on the required
accuracy stipulated by the stage of drug discovery being considered.
Fujitani et al. performed 12 independent sampling runs for each com-
pound and obtained accurate absolute binding free energies [6]. At the
lead optimization stage, the accurate prediction of the binding affinities,
as achieved by Fujitani et al,, is obviously crucial to the selection of com-
pounds for synthesis from a group of designed compounds. However, at
the lead identification stage, the number of sampling runs can probably
be reduced, allowing for a short-term estimation of the binding affini-
ties that still guarantees the appropriate level of accuracy.

The application of this protocol in an actual drug discovery setting
requires prior validation. To check whether the MP-CAFEE method can
accurately predict binding affinities for a particular target, one should
evaluate several compounds whose binding affinities have been exper-
imentally measured. It is preferable to select compounds having a
wide range of affinities. There is a tendency for compounds with
high binding affinities to show large standard deviations, as seen in
our results (compounds 1 and 6, Table 1, and Fig. 4B) as well as
those reported by Fujitani et al. [6]. This suggests that the required
number of sampling runs should be determined using the compound

with the highest binding free energy, since the number of runs is
proportional to the square of the standard deviation. Subsequently,
the same number of sampling runs estimated with the largest stan-
dard deviation can be applied to the other compounds, even though
they require fewer runs because of their lower standard deviations.
The distribution of the calculated binding affinities appears to be
normal for compounds 1, 4, and 6 (Fig. 4C). Thus, we expect that other
compounds also have normal distributions and that Cochran's sampling
size formula can be applied to the analyses. The largest standard devia-
tion of the binding affinities of the six compounds is 1.48 (compound 1).
We employed three accuracy grades that varied by the permissible
error. The required number of sampling runs to obtain binding affinity
differences of 10- (4 1.38 kcal/mol), 32- (4 1.04 kcal/mol), and 100-
fold (£0.69 kcal/mol) can be estimated as 5, 8, and 18, respectively.
For the lead identification stage, the appropriate number of sampling
runs is determined to be 5 in this model study. On the other hand, 8
or 18 runs are needed for lead optimization to provide binding affinity
predictions with a medium or high level of accuracy, respectively.

5. Conclusions

We investigated the applicability of MP-CAFEE to predict binding
affinities using six compounds with diverse scaffolds. The predicted
binding affinities correlated well with the experimental binding free
energies with slight deviations in the absolute values. This result implies
that MP-CAFEE can be effectively employed in structure-based drug
design for ranking compounds with diverse scaffolds according to the
predicted binding affinities. Furthermore, we proposed a method to de-
termine the optimal number of sampling runs. The optimal number of
sampling runs for the lead identification stage was estimated as five in
our model system using Cochran's sample size formula. On the other
hand, the optimal number of sampling runs was estimated as eight or
more for the lead optimization stage. The number of sampling runs
should be carefully determined by considering the level of accuracy
required for the specific drug discovery activities.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.bpc.2013.07.005.
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