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Abstract—A tailor-made free energy scoring method (Fresno) has been compared to six universal scoring functions (Chemscore,
Dock, FlexX, Gold, Pmf, Score) for predicting the binding affinity of 26 peptides to the class I human major histocompatibility
protein HLA-B*2705. Fresno clearly outperforms all six universal scoring functions. © 2001 Elsevier Science Ltd. All rights

reserved.

Predicting absolute binding free energies from three-
dimensional coordinates of protein—ligand complexes is
one the most challenging issue in current computational
chemistry. It is particularly of utmost importance in
virtual screening of large databases for finding new
hits.! Most of the fast empirical scoring functions®’
have been parameterized from high-resolution protein—
ligand X-ray structures and perform rather well (stan-
dard error of about 1 to 1.5 pK unit) in cases where the
protein—ligand interface is polar and of reduced dimen-
sions (e.g., proteases). For large contact interfaces, tai-
loring a target-specific scoring function might be a
better approach.®

We recently described a new empirical scoring method®
(Fresno) particularly adapted to such difficult cases
because of specific terms accounting for ligand desolva-
tion and protein—ligand repulsion. Fresno was shown to
predict with a good accuracy (0.75 pK unit) binding
affinity of antigenic nonapeptides to class I MHC pro-
teins from three-dimensional molecular models.® One of
its advantages is that it can be easily tailored to propose
a specific scoring equation for any target. MHC—peptide
complexes represent such a difficult case for free energy
predictions for several reasons: (i) the MHC binding
cleft is huge (about 3000 A3); (ii) the ligands are highly
flexible; (iii) the polarity of the peptide ligands varies
with the MHC-restriction protein. Several approaches
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for ranking potentially interesting T cell epitopes have
been described in the literature.!® On the one hand,
artificial neural networks!:'> and experimentally-
derived statistical position-dependent matrices'3~!> can
rank antigenic peptides on the basis of known peptide
binding motifs or experimental binding data. However,
they require a lot of experimental data in a first training
phase, assume independent binding contributions for
peptide side chains!® and cannot predict absolute bind-
ing free energies. On the other hand, free energy scoring
functions have shown some promise.>!”~1° Notably,
Fresno is the only predictive method that has been
extensively validated and for which high-quality
quantitative predictions have been reached.’

Thus, we decided to compare our method with the state-
of-the-art free energy scoring functions®>~’ with the per-
spective of finding out which one would be the most
suitable for virtual screening of the HLA-B*2705 pro-
tein. Hence, small-molecular weight nonpeptide inhibi-
tors, which are still lacking for this autoimmune disease-
associated protein, might lead to a new series of immu-
nosuppressants.

Predicting Binding Free Energies from Five MHC-
Peptide X-ray Structures

We first applied the above-described seven scoring
functions to a test set consisting of five MHC—peptide
X-ray structures for which experimental binding free
energies were available (Table 1). After addition of all
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hydrogen atoms and 100 steps steepest-descent
AMBERS5?" energy minimization, the five peptide
ligands were scored with SYBYL6.62 (TRIPOS Assoc.,
Inc.) using either the CScore™ (Chemscore,> Dock,?
Gold,* FlexX> and Pmf® scores) or in-house SPL mac-
ros (Score,” Fresno®). Out of the seven functions tested,
Fresno gives by far the best predictive model with a
standard error of 3.44kJ/mol (about 0.6 log unit) in
predicting absolute binding free energies. For three uni-
versal scoring functions (Chemscore, Dock, Gold), sig-
nificant correlations could still be found but with lower
predictability (predictive error about 4-5kJ/mol). The
remaining three scoring functions (FlexX, Pmf, Score)
were not able to find any predictive model.

Predicting Binding Free Energies from 21
MHC-Peptide Models

We next asked whether our scoring method would also
outperform universal functions in predicting binding
free energies from homology models. Twenty-one non-
apeptides (Table 2) were then modeled in the binding

Table 1. Performance of seven scoring functions on a test set of five
HLA-A*0201 peptide X-ray structures (PDB code: 1hhg, 1hhh, 1hhi,
1hhj, 1hhk)*!

Method 2 Spred (kJ/mol)®
Chemscore 0.521 4.24
Dock 0.346 4.95
FlexX 0.186 5.53
Gold 0.481 4.42
Pmf 0.003 6.12
Score 0.228 5.38
Fresno 0.895 3.44

4Correlation coefficient.
bStandard error of prediction.

Table 2. Sequence and experimental binding free energies of 21 pep-
tides to the HLA-B*2705 protein

Peptide Sequence AGeyp, kJ/mol*
1 FRFNGYIHR —48.51
2 FREFNGLYHR —48.36
3 RRIKYITLK —48.28
4 ARLFGIRAK —47.12
5 FRYNGLIHR —46.67
6 RRISGVDRY —46.46
7 ARLYGIRAK —46.08
8 SRYWAIRTR —45.86
9 RRYQKSTEL —45.03
10 KRFEGLTQR —44.67
11 GRAFVTFGK —42.65
12 RVMAPRALL —42.65
13 RRVKEVVKK —42.57
14 KRYEGLTQR —42.31
15 YQFTGIKKF —40.40
16 YQFTGIKKY —38.03
17 ALFAAAAAK —37.53
18 YRHDGGNVL —-37.32
19 VADLVGFLL —27.27
20 RMGAVTTEV —27.27
21 IMPKTGFLI —26.56

4Calculated from experimental binding data assuming that
AGexp~RTIn(ICs).

groove of our protein of interest, HLA-B*2705 whose
X-ray structure in complex with a model peptide (PDB
entry lhsa) had previously been solved at a resolution of
2.1 A.22 Peptides were built in the protein binding site
(Fig. 1) as previously described.’

Briefly, the peptide was built in three steps: (1) back-
bone coordinates of positions 1, 2, 3, 8 and 9 as well as
both charged termini were kept constant and identical
to that of the lhsa crystal structure; (2) rotameric states
of side chains at the above-described positions were
assigned by searching an in-house three-dimensional
database of 37 X-ray structures of class | MHC-bound
peptides; (3) the central loop (P4-P7, Pn standing for
position n) bulging out of the binding groove was con-
structed using a knowledge-based loop search proce-
dure.® After adding all hydrogen atoms and up to 1000
steepest descent AMBERS minimization steps of the
whole complex, the loop was annealed for 25 ps at 1000
K and cooled down to 50 K for another 25 ps. The last
simulated annealing conformer was relaxed again by
100 steps conjugate gradients minimization and used as
such for scoring.

Out of the six functions tested, two (FlexX, Score) were
unable to find any correlation between computed scores
and experimental binding free energies (Table 3).

In both cases, the predicted binding free energy was
overestimated by at least two orders of magnitude,
mainly because of the overestimation of H-bonding
scores that predominates in the latter two functions.
Very similar results have been previously described for
another MHC—peptide series” where binding free ener-
gies were scored using the Ludi function,?? from which
FlexX is derived. Several HLA-peptide H-bonds** are
weaker than expected when looking at their nearly per-
fect geometry (distances, angles). Hence, they are par-
tially buried and thus accessible to competition with
water molecules. Scoring functions with a better balance
of polar and apolar interactions, at least for the current
set of highly flexible polar ligands, perform better.
Chemscore? has a rotational entropy that differs from
that of Ludi/FlexX and better counterbalances the H-
bonding score. The Dock score® used in the present
study is a molecular mechanics non-bonded term (10-12
Lennard—Jones potential) very similar to that used by
AMBERS5 for minimizing all complexes. The Gold
score* is also very dependent of H-bond interactions but
is the only one that explicitly describes ligand strain
energy. Last, Pmf> utilizes a very promising knowledge-
based potential of mean forces derived from the statis-
tical distribution of non-bonded contacts in 697 protein—
ligand crystal structures and thus is applicable to any
receptor—ligand series. Therefore, it is no surprise that it
gave a robust model in the present study.

Using the same 21 complexes, we next computed the five
different scores of the Fresno function (eq F1, Table 4)
to which a new one (buried polar surface area of the
ligand) calculated using the SAVOL3 program>® was
added as a possible alternative to the total ligand desol-
vation energy. All possible linear regressions with at
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Figure 1. Building a nonapeptide (e.g., peptide 1) in the binding groove of HLA-B*2705. Conserved backbone atoms (P1-P3, P§8-P9) have fixed
coordinates and are shown as bold lines. Corresponding side chains, built by homology modelling,” are displayed as thin lines. The rest of the
peptide structure, displayed as dotted lines, is obtained by a knowledge-based loop search procedure.

least three parameters were obtained and analyzed for
their statistical and physicochemical values. Using five
or four terms (eqs F1-F5) led to models with good cor-
relations but meaningless equations (positive coefficients
for lipophilic interactions, negative coefficients for BP
and DESOLYV or BPSA scores). Two models (F6, F7)
with good crossvalidated coefficients and relevant coef-
ficient signs were further selected. The first one com-
prises only three terms, as in the Chemscore function,
taking into account H-bonding, lipophilic interactions
and rotational entropy of the ligand. As expected from
the highly polar nature of the ligands, the H-bond term
largely predominates in the equation and provides
about 2/3 of the total binding free energy. The minor
role of the lipophilic contribution (about 10kJ/mol)
explains why more complex equations (with four or five
terms) including the LIPO term were unable to find a
meaningful regression, as the LIPO scores are relatively
small and with a limited variance. Omitting the lipo-
philic score (eqs F7-F10), a weak but negative con-

Table 3. Performance of six universal scoring functions for the test
set of 21 HLA-B*2705/peptide complexes

Scoring method Qioo” Spress” 2 sd

Chemscore 0.465 5.21 0.569 4.68
Dock 0.503 5.03 0.582 4.60
FlexX —0.020 7.20 0.181 6.45
Gold 0.508 5.00 0.613 4.44
PMF 0.524 4.92 0.601 4.50
Score —0.153 7.65 0.043 6.97

4Crossvalidated correlation (leave-one-out PLS analysis).
®Standard error of prediction (kJ/mol).

CFit to experimental data (linear regression).

dStandard deviation of the fit (kJ/mol).

tribution of the desolvation energy could be found (eq
7) at the condition that the repulsive BP parameter was
also discarded. DESOLYV scores are very high for all 21
peptides with again a too small variance for real statis-
tical interpretation. The BP parameter was not required
in any of the final two selected regressions, probably
because all complexes have been thoroughly energy-
minimized before scoring. It might however be useful
for virtual screening purpose.

The three-term regression equation (F6) led to a model
with higher predictability (predictive error of 4.37kJ/
mol) than that previously reported for the best universal
scoring function (Pmf, press=4.92 kJ/mol; Table 3). To
really check its extrapolation power, six peptides (1, 5, 9,
13, 17 and 21, Table 2) were removed from the training
set, and a new equation computed for the remaining 15
complexes. The new equation (eq 1) was relatively similar
to that obtained for the whole dataset (eq F6, Table 4).

AGhing = —7.830—2.274.HB — 0.042.LIPO + 1.096.ROT
(Q} 50 = 0.564, Spress = 5.03kJ/mol, n = 15). (1)

When used for predicting the binding free energy of the
six peptides in the new test set, a very good correlation
(17ea=0.850, Spreq=3.49kJ/mol, n=6) was obtained
(Fig. 2). Using the same protocol, the universal scoring
function shown to perform the best in the current study
(Pmf) led to much weaker predictions (rlf,red =0.492,
Spred =4.99kJ/mol, n=6). As the experimental binding
free energy was spread over four orders of magnitude in
the test set, we here demonstrate the robustness of the
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Table 4. Performance of Fresno for the test set of 21 HLA-B*2705/peptide complexes

Eqa K o B Y d € &P (22LOOC SPressd % Sf

Fl1 —7.278 —1.008 0.007 1.367 —0.055 —0.009 0.636 5.167 0.831 3.296
F2 —9.131 —0.914 0.015 1.374 —0.051 —0.013 0.692 4.732 0.826 3.351
F3 —7.197 —1.230 0.011 1.196 —0.051 0.705 4.468 0.821 3.290
F4 -9.125 —1.688 —0.028 0.954 —-0.016 0.685 4.667 0.775 3.688
F5 —6.858 —1.966 —0.038 0.830 —0.006 0.620 4.926 0.773 3.703
F6 —6.819 —2.082 —0.033 0.733 0.664 4.370 0.768 3.632
F7 —15.538 —2.190 0.725 0.001 0.577 4.907 0.725 3.953
F8 —17.378 —1.462 1.126 —0.027 0.675 4.471 0.749 3.781
F9 —7.136 —1.117 1.252 —0.041 —0.011 0.734 4.280 0.822 3.277
F10 —6.532 —1.065 1.333 —0.05 —0.009 0.689 4.388 0.831 3.198

4Fresno equation: AGyinq=K +a(HB)+ B(LIPO)+y(ROT)+3(BP) +&(DESOLV); HB: H-bond, LIPO: lipophilic contacts, ROT: rotational

entropy term, BP: repulsive term, DESOLV: desolvation term.

b¢’ is the regression coefficient of a new property (buried polar surface area, BPSA) replacing the original desolvation (DESOLV) term.
°Crossvalidated correlation (leave-one-out PLS analysis). The robustness of each PLS model was checked either by altering the order of the data
lines (no influence on Q2 and s,.s;) or assigning random values to experimental binding free energies (loss of any correlation).

dStandard error of prediction (kJ/mol).
°Fit to experimental data (linear regression).
fStandard deviation (kJ/mol).
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Figure 2. Experimental versus Fresno-predicted binding free energies
for a test set of six peptides (1, 5, 9, 13, 17, 21; see Table 2).

Fresno function for predicting binding free energy of
polar, flexible ligands with large intermolecular contacts
to their target proteins.

Conclusions

The main advantage of Fresno over universal scoring
functions is that it may be easily calibrated for a specific
protein-ligands series and further used for predicting
the affinity of new compounds. Of course, recalibrating
parameters of universal scoring functions for a peculiar
target is feasible but requires modifications of the source
code. Fresno can be applied to any protein-ligands ser-
ies that significantly differs from the panel of X-ray
structures (proteases, sugar and steroid-binding pro-
teins, immunoglobulins) usually used to calibrate uni-
versal scoring functions. As Fresno scores are obtained
within a second for any protein-ligand complex, it is

particularly adapted to rank hits obtained from virtual
screening of chemical databases. In the peculiar case of
MHC—peptide complexes, we are currently using Fresno
for tailoring free energy scoring functions to the most
common HLA alleles. Our scoring function is particu-
larly well suited to the rapid computer prediction of
unknown MHC binding motifs. Furthermore, combin-
ing Fresno to knowledge-based T-cell epitope prediction
algorithms?®—2° should allow the high-throughput bind-
ing energy prediction of potential epitopes from the
primary structure of any protein.
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