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Current methods for the in silico identification of T cell epitopes (which form the basis of many vaccines,
diagnostics, and reagents) rely on the accurate prediction of peptide-major histocompatibility complex
(MHC) affinity. A three-dimensional quantitative structure-activity relationship (3D-QSAR) for the prediction
of peptide binding to class I MHC molecules was established using the comparative molecular similarity
index analysis (CoMSIA) method. Three MHC alleles were studied: H2-Db, H2-Kb, and H2-Kk. Models
were produced for each allele. Each model consisted of five physicochemical descriptorsssteric bulk,
electrostatic potentials, hydrophobic interactions, and hydrogen-bond donor and hydrogen-bond acceptor
abilities. The models have an acceptable level of predictivity: cross-validation leave-one-out statistical terms
q2 and SEP (standard error of prediction) ranged between 0.490 and 0.679 and between 0.525 and 0.889,
respectively. The non-cross-validated statistical terms r2 and SEE (standard error of estimate) ranged between
0.913 and 0.979 and between 0.167 and 0.248, respectively. The use of coefficient contour maps, which
indicate favored and disfavored areas for each position of the MHC-bound peptides, allowed the binding
specificity of each allele to be identified, visualized, and understood. The present study demonstrates the
effectiveness of CoMSIA as a method for studying peptide-MHC interactions. The peptides used in this
study are available on the Internet (http://www.jenner.ac.uk/AntiJen). The partial least-squares method is
available commercially in the SYBYL molecular modeling software package.
INTRODUCTION

T cells play a central role in the immune system, searching
for the presence of intracellular pathogens, as infected cells
exhibit on their surface peptide fragments derived from
pathogen proteins.1 Specialized host cell glycoproteins,
known as major histocompatibility complex (MHC) molecules, transport these foreign peptides to the cell surface,
where T cells detect peptide-MHC complexes and kill the
infected cells. The antigen peptides presented to T cells are
known as epitopes. There are two classes of MHC molecules.
MHC class I molecules deliver peptides from the cytosol to
the cell surface and are recognized by CD8+ T cells,
destroying, for example, cancer and virally infected cells.
MHC class II molecules deliver peptides from the interstitial
space to the cell surface and are recognized by CD4+ T
cells, which are “helper” cells that facilitate and coordinate
the immune response to infection. MHCs bind both endogenous, also known as self-peptides, and exogenous, or
pathogen-derived, peptides, but as a general rule, MHC class
I proteins present predominantly endogenous peptides of
8-11 amino acids and, occasionally, longer peptides,
whereas MHC class II proteins mainly present exogenous
peptides, which have a much wider distribution of lengths.
The mouse, the primary experimental animal in immunology, has not received as much attention as its pre-eminent
position as an object of immunological investigation might
warrant. The H2 genes are part of the mouse MHC and form
a multigene cluster containing three major gene classes: class
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I located in the H2-L, H2-D, H2-K, Qa, and H2-T18 regions;
class II located in the H2-I region; and class III in the H2-S
region. MHC class I gene products of the H2-D and H2-K
regions are found on most cells, except in very early
embryos, and function in cytolytic immune responses.
Differences at these loci can induce vigorous graft rejection
and strong primary in vitro cytotoxic responses.
Class I molecules usually bind nonapeptides in an extended
conformation with a kink near P4. Octapeptides bind with a
less acute kink, while decapeptides and longer peptides bind
with much more pronounced structural deviations. Some
peptide side chains are deeply bound in “pockets” within
the peptide-binding groove of MHC molecules and are often
called “anchors”. Crystallographic studies of the mouse MHC
class I molecules reveals that the amino acid and carboxyl
termini of high affinity 8-10-mers peptides are bound in
the groove by conserved hydrogen-bond networks.2-4 The
side chains of the bound peptides occupy various pockets
(A-F) within the binding groove formed between the long
R-1 and R-2 helices and the β-sheet platform.5 A pocket
within the binding site exhibits affinity for the corresponding
peptide side chain. Pockets differ significantly in their
specificity for peptide side chains. Anchors for most mouse
class I alleles are found at position P2 (pocket B) and at the
C-terminal residue position P9 (pocket F), and for certain
alleles, other anchor residues may bind in the center of the
groove. Other peptide side chains also contact the binding
site, but are not bound within specific pockets. Pockets A,
B, C, and F are viewed as deep pockets, while pockets D
and E are shallow.
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Figure 1. Superimposed alignment of peptide molecules for the H2-Db allele.

Three-dimensional quantitative structure-activity relationship (3D-QSAR) analysis uses robust multivariate statistics
to identify correlations between molecular descriptors generated in the space surrounding series of ligand structures and
their binding affinities. The value of 3D-QSAR studies is
often greatly enhanced when analyzed in the context of highresolution ligand-receptor structures. In such cases, enthalpic
changessvan der Waals and electrostatic interactionssand
entropic changessconformational and solvent-mediated
interactionssin ligand binding can be compared with structural changes in both ligand and macromolecule, providing
insight into the binding mechanism.6,7 3D-QSAR techniques
have become pre-eminent because of their robustness and
interpretability.8 The widely used comparative molecular field
analysis (CoMFA) method calculates steric and electrostatic
properties according to Lennard-Jones and Coulomb potentials. The more recently reported comparative molecular
similarity index analysis (CoMSIA) method uses fields based
on the intermolecular interactions (steric, electrostatic,
hydrophobic, hydrogen-bond formation) within a molecular
binding site. The most important contributions responsible
for binding affinity are covered by these properties. A
Gaussian-type functional form is used so that no arbitrary
threshold is required and interactions can be calculated at
all grid points. The obtained relationships are evaluated using
partial least-squares (PLS) analysis.9 CoMSIA allows each
physicochemical descriptor to be visualized in 3D using a
map, which denotes the areas within the binding site that
are either “favored” or “disfavored” by the presence of a
group with a particular physicochemical property.
Recently, CoMSIA has been used to produce predictive
models for peptide binding to human MHCs: HLA-A*020110
and the HLA-A2 and HLA-A3 supertypes.11,12 In this study,
we have applied CoMSIA to three mouse class I MHC
alleles: H2-Db, H2-Kb, and H2-Kk. These models were
used to evaluate the physicochemical requirements for
binding. The explanatory power of such a 3D-QSAR method
is considerable, not only in its direct prediction accuracy but
also in its ability to map advantageous and disadvantageous
interaction potentials onto the structures of the peptides being
studied. The data are highly complementary to the detailed

information obtained from crystal structures of individual
peptide-MHC complexes.
RESULTS

CoMSIA Models. For each of the H2-Db, H2-Kb, and H2alleles, all peptides were built and their geometries
optimized and then aligned on the basis of their backbone
atoms in three dimensions (Figure 1). The AM1 force field
was used within SYBYL 6.913 for geometry optimization.
The final aligned peptides were placed in three separate 3D
lattices (Figure 2). In terms of q2, the generated models have
acceptable predictive ability and high explained variance for
all three alleles. It is possible to overemphasize the usefulness
of cross-validation and q2 as measures of performance: high
values of q2LOO are a necessary, but not a sufficient, condition
for a model to possess significant predictive power. The
cross-validation leave-two-out (qCV22) and cross-validation
leave-five-out (qCV52) values were, thus, also generated for
each allele. These values are relatively close to the corresponding cross-validation leave-one-out (qLOO2) values,
indicating a good stability of the model, with the exception
of the H2-Kb allele. All statistical results are summarized in
Table 1.
Progressive scrambling of the CoMSIA models was also
carried out to analyze the stability of the models. Each allele
was subjected to a progressive scrambling by 10× (the
default value) and 30× in order to test the strength of the
models compared to the cross-validation leave-one-out (CVLOO) results. The statistical results of the scrambling can
be seen in Table 2. When comparing the results from Table
2 to those in Table 1 (CV-LOO), we can see some degree
of stability within the models.
External test sets and randomization of the training data
are also important criteria for assessing model quality. The
regression equations for each allele were used to predict the
binding affinities of an external, independent test set of
peptides by leaving out a random group of compounds that
are not used in the cross-validation process (i.e., in the model
building) and making predictions for this external set. For
the H2-Db and H2-Kb alleles, too few peptides were available
to allow the construction of valid training and test sets.
However, with the H2-Kk allele, we were able to select
Kk
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Figure 2. Superimposed H2-Db peptide molecules placed within a 3D grid lattice.
Table 1. Summary of CoMSIA Models
H2-Db
Na
NCb
q2LOO c
q2CV2 d
q2CV5 e
SEPf
r2
SEEg

H2-Kb

64
6
0.679
0.466
0.617
0.651
0.979
0.167

62
6
0.490
0.223
0.385
0.889
0.962
0.244

H2-Kk
154
6
0.611
0.521
0.581
0.525
0.913
0.248

Table 2. Progressive Scrambling: Pertinent Statistics as a Function
of the Number of Components for the CoMSIA Models
scrambling

H2-Db

Training Set
N
NC
q2LOO
SEP
SEE
r2

112
5
0.405
0.635
0.314
0.855

H2-Kb

H2-Kk

Test Set
N
r
r2
grid size (Å)
grid spacing (Å)
grid steps (Å)

42
0.882
0.778
18 × 14 × 11
2
0.5

19 × 13 × 11
2
0.5

18 × 13 × 12
2
0.5

a
Number of peptides. b Number of components. c q2 obtained after
cross validation-leave-one-out. d q2 obtained after cross validation-leavetwo-out. e q2 obtained after cross validation-leave-five-out. f Standard
error of prediction. g Standard error of estimate.

random training and test sets consisting of 112 and 42
peptides, respectively, which approximates a 70:30 ratio. The
validation of the external test set (r2 ) 0.778) showed
significant predictive ability, see Table 1. Ultimately,
however, we are limited by the data itself. In light of this,
we have attempted and succeeded in producing useful, if
imperfect, models with clear utilitarian value.
CoMSIA Contour Maps. To generate CoMSIA coefficient contour maps for each allele, which describe the
relationship between binding affinity and each physicochemical descriptor, three non-cross-validated “all fields” models

a

10×

NCa

q2

2
3
4
5
6
2
3
4
5
6
2
3
4
5
6

0.356
0.478
0.531
0.516
0.469
0.212
0.201
0.232
0.249
0.254
0.275
0.383
0.387
0.408
0.397

30×
SEP

q2

SEP

0.886
0.806
0.772
0.792
0.840
1.058
1.075
1.064
1.062
1.069
0.706
0.653
0.652
0.643
0.651

0.333
0.447
0.499
0.483
0.440
0.216
0.201
0.227
0.242
0.244
0.288
0.391
0.398
0.417
0.402

0.902
0.829
0.797
0.819
0.863
1.056
1.076
1.068
1.068
1.076
0.700
0.649
0.646
0.638
0.648

Number of components.

were created on the basis of the five physicochemical
descriptors. Coefficient contour maps are given in Figures
3A-C, 4A-C, 5A-C, 6A-C, and 7A-C for the H2-Db,
H2-Kb, and H2-Kk alleles. For simplicity, the interaction
between only one peptide and its respective contour map is
shown. All three alleles show the peptide positioned with
the N terminus to the left and the C terminus to the right.
Table 3 summarizes the preferences for different physicochemical fields at each peptide position. Where no entries
are shown, there is no significant interaction between the
peptide and MHC for that physicochemical descriptor.
DISCUSSION

Our study has identified favored and disfavored regions
that are consistent with both the properties of peptide
positions and those of pockets (designated by A-F) within
the MHC binding groove. It is well-known that each class I
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Figure 3. (A)

H2-Db,

(B)

H2-Kb,

and (C)

H2-Kk

Steric Bulk Maps

mouse MHC allele binds a mixture of structurally diverse
peptides, typically 8-10 amino acids in length, and that each
allele possesses a defined peptide specificity. The crystal
structures of several mouse class I molecules3,14-18 have
helped to rationalize observed peptide binding. Such results
show that the peptide binding cleft is closed at both ends,
that the cleft has the same length in all class I molecules,
that the carboxyl-terminal peptide position is deeply buried
in the F pocket, and that there is little restriction on amino
acids bound by pocket A.14,16-19 The crystal structure of the
antigenic peptide SIINFEKL, in complex with the mouse
MHC class I H2-Kb molecule, shows that bound peptides
have a strong preference for octamers with Tyr or Phe at
position 5, Leu or Met at position 8, and to a lesser extent
Tyr at position 3.20 Zhang et al.14 show that residues at
positions 5 and 8 of VSV-8 (RGYVYQGL) and positions 6
and 9 of SEV-9 (FAPGNYPAL) are deeply buried in the
central and C-terminal pockets C and F of H2-Kb. In VSV8, Tyr at position 3 acts as a secondary anchor and is located
in pocket D of H2-Kb, which is significantly altered in
structure in the SEV-9 complex (with Pro at position 3).
Although most peptides bound by the class I MHC molecules
are eight or nine amino acids long, longer peptides will bulge
from the middle of the groove.21 Other studies on human
class I MHC molecules show that amino acids at position 3
fall into pocket D,5 which has been called a “loose” pocket,22
while positions 4 and 8 are known as “flag” residues because
they are solvent-exposed and contact the T-cell receptor.
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Figure 4. (A) H2-Db, (B) H2-Kb, and (C) H2-Kk Electrostatic
Potential Maps.

The steric map for the H2-Db allele (Figure 3A) indicates
volume is favored at positions 3, 6, and 8 and disfavored at
positions 2 and 8 (although this interaction is weak). The
side chains of favored positions 3 and 6 fall into pockets D
and C, respectively. When Figure 4A is inspected, the
disfavored electrostatic potential (blue) is found at positions
1, 2, 3, 4, 7, and 8. Minor affinity-enhancing electrostatic
potential (red) is found near positions 4, 6, 7, and 8. For the
electrostatic potential field, the alkyl side chain of position
1 falls into pocket A, which consists of valine and serine
residues.5 At position 2, where the side chain falls into pocket
B, electrostatic interaction is disfavored.5 In the remaining
positions, there are no favorable electrostatic potential
interactions. Figure 5A shows the favored hydrophobic
interaction positions to be 1, 2, 3, 6, and 8, with a very strong
interaction being found at position 8, while the disfavored
positions are 4 and 7. There is a strongly favored hydrophobic
interaction at position 8 where the side chain is solventexposed and contacts the T cell. Areas of favored hydrogenbond donor fields (cyan) and hydrogen-bond acceptor fields
(magenta) for H2-Db (Figures 6A and 7A) are at positions
1, 3, 4, and 8 and positions 2, 5, and 8, respectively.
Specifically, the major favored interactions of the hydrogenbond donor fields are found at position 1 and lie across the
peptide backbone between positions 3 and 4. The hydrogenbond acceptor map shows position 2 to be favored and, to a
lesser extent, positions 5 and 7 as well.
For the H2-Kb allele, the steric map (Figure 3B) shows
volume is favored at positions 1, 3, 4, and 5 and disfavored
at positions 2, 6, and 7. Figure 4B shows that the electrostatic
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Figure 5. (A) H2-Db, (B) H2-Kb, and (C) H2-Kk Hydrophobic
Interaction Maps.

interaction is favored at positions 1 and 5 and disfavored at
positions 1, 2, 6, and 7, although these negative interactions
are weak. The side chain at position 2 of the electrostatic
potential map indicates that aromatic-type residues, such as
Tyr and Phe, are well-tolerated. This is in good agreement
with experimental data.23,24 There is no major electrostatic
interaction between side chains at position 3 (falling into
pocket D) indicated by our model, and in the remaining
positions, there are no clear favorable electrostatic interactions. Figure 5B shows a favored hydrophobic interaction
at positions 2, 3, and 5, with the field spreading between
positions 3 and 5, indicating some interaction with both side
chains. The disfavored positions are at 1, 4, 6, and 7. Pocket
D is a hydrophobic cavity, and amino acids such as Tyr and
Ile are well-tolerated here, which would significantly deepen
the depth and volume of pocket D.19 When Figures 6B and
7B are looked at, the main favored positions for hydrogenbond donor interaction are seen to be 1, 3, and 4 (pockets
A, D, and the “flag” pocket, respectively)5, although some
interactions are favored between positions 2 and 4, 5 and 6,
and 7 and the C terminus. The favored hydrogen-bond
acceptor positions are found at position 4 and between
binding positions 1 and 2, with a major disfavored interaction
found at position 6 (pocket C) and between the side chain
positions 3 and 5.
The steric bulk map for H2-Kk (Figure 3C) shows volume
is favored at positions 1, 6, 7, and 8 and disfavored at position
2. Both the disfavored and favored negative electrostatic
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Figure 6. (A) H2-Db, (B) H2-Kb, and (C) H2-Kk H-Bond Donor
Maps.

potential field interactions for the H2-Kk allele (Figure 4C)
are found near positions 2 and 8. In the remaining positions,
there seems to be no discernibly favored or disfavored
interactions. The hydrophobic map (Figure 5C) shows the
only major interaction to be at position 8, with positions 1,
2, 5, and 8 being disfavored. Finally, when Figures 6C and
7C are inspected, the main favored hydrogen-bond donor
fields are seen at positions 7 and 8, with hydrogen-bond
acceptor fields being favored at position 8. The only favored
interaction in the hydrogen-bond donor map in the H2-Kk
allele lies between positions 7 and 8. Within the hydrogenbond acceptor map, there is a strong disfavored interaction
between the side chains at positions 2 and 3.
By comparing the CoMSIA maps for the three alleles, we
can gain some insight into the character of anchor residues
versus that of nonanchor residues and also into the nature
of the data itself. For both the H2-Db and H2-Kb alleles, we
see less interaction at the “anchor” positions relative to the
“nonanchor” positions, although the difference between the
two types of positions is by no means significant. The H2Kk allele differs from the other alleles as all affinity-affecting
variation is centered on anchor positions (positions 2 and 8
and, to a lesser extent, position 3). As changes to the binding
affinity at anchor positions 2 and 8 are associated with
substitution by noncanonical residues, this shows how
monosubstituents in a single sequence can hide variation at
other positions. The H2-Kk data set is atypical in being a
systematic substitution of a single sequence. Sets for H2-Db
and H2-Kb are much more usual. The relative nature of the
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Figure 7. (A) H2-Db, (B) H2-Kb, and (C) H2-Kk H-Bond Acceptor
Maps.

resulting CoMSIA maps is, thus, much as expected. Compared to more familiar CoMSIA studies, the peptide sets we
use are larger than those typically found in the pharmaceutical literature and the peptides are physically large and their
physical properties are extreme; some may be zwitterionic
or multiply charged, and some may exhibit large ranges of
hydrophobicity. Moreover, the sequences and properties of
the peptides are very biased in our data sets. This occurs
through a process of preselection, which can result in
significant self-reinforcement. Very simple “motifs” based
on a few anchor positions are frequently used to decrease
the experimental burden of identifying epitopes. Sparse
sequence patterns are matched and the corresponding peptides tested, with an enormous diminution of peptide variety.
The failure of our methods, and those of others, has as much
to do with problems relating to the underlying data as it has
to do with minor methodological flaws. Currently, most data
sets show several key characteristics, as is well-exemplified
by the current sets: they either concentrate too much on
anchor positions (H2-Kk) or concentrate too little (H2-Db
and H2-Kb), or they are either overly (H2-Kk) or insufficiently (H2-Db and H2-Kb) systematic and, thus, do not
balance the need for variation to be spread evenly through
each peptide without over-representing particular positions.
With a properly designed training set, containing diverse
sequences yet with systematic exploration of all amino acids
at all positions, most of these issues would be resolved.
Unlike other QSAR methods, the interpretation of
CoMSIA results is straightforward and uncomplicated.
Through the display of property maps, CoMSIA is wellsuited to molecular design.25,26 Contouring the regions in
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space that are important with respect to a particular property
suggests how to modify the known structures in order to
improve binding affinity. When the present study is looked
at, our coefficient contour maps are useful in visualizing how
substitutions of particular functional groups or residues are
favored or disfavored with respect to individual physicochemical properties and how this affects binding affinity.
This method may also prove important in the design of new
T-cell receptor agonist or antagonist peptidomimetic compounds and enhanced binders.27,28
As we have seen here, the CoMSIA study has proved
successful in the analysis of the structure-activity relationships of peptide-protein complexes and, in particular,
MHC-peptide interactions. Post-translational modified peptides, including glycosylated and phosphorylated peptides,
can form pMHCs and, thus, can be recognized by T-cell
receptors. Chemically modified peptides and peptidomimetics
also bind MHCs.29 MHCs are not limited to peptides as
ligands; indeed, many drug-like molecules that bind to MHCs
exhibit pathological effects through this mechanism.30 Moreover, small molecule-MHC interactions are important in
behavior-altering pheromone reception in mice.31 Peptides
are not currently favored as leads or drugs, and it has been
suggested that the formation of a MHC-drug-T-cellreceptor complex may prove a useful alternative approach
to the immunotherapeutic inhibitor design for T-cell-mediated
processes.30 The resulting complex would resemble the kind
of complex formed by FK506 and the FK binding protein,
which together form an inhibitor of calcinerin.32 The visual
interpretation of the COMSIA maps generated here, and
previously,10-12 will allow us to directly address the design
of small molecule ligands of MHC molecules.
Here, we have shown how CoMSIA has complemented
the crystallographic study of mouse MHC peptide complexes.
X-ray crystallography, like all techniques, has its own
limitations: for example, crystals represent a single conformation averaged in time and space. Methods, such as
CoMSIA, can compensate for certain of these limitations by
exploring dynamic and thermodynamic properties inaccessible to crystallography. CoMSIA can characterize the
contribution to peptide binding to class I mouse alleles in
terms of sequence-dependent side-chain binding at each
peptide position, thus providing a reliable method for epitope
prediction in the ongoing search for new epitope-based
vaccines.
EXPERIMENTAL SECTION

Peptide Database. Peptide sequences and their binding
affinities (IC50) were extracted from the AntiJen database,
formerly JenPep.33,34 The database is freely available at the
URL http://www.jenner.ac.uk/AntiJen. Both nonamer and
octamer peptide sequences were studied. Binders to the H2Db allele consisted of 64 nonameric peptides,35-42 the H2Kb allele peptide set consisted of 62 octameric peptides,37,39,42-45 and the H2-Kk allele set consisted of 154
octameric peptides46-48 (Tables 4A-C, respectively, in the
Supporting Information). IC50 values were used to quantify
peptide-MHC interactions, which were originally calculated
by a quantitative assay based on the inhibition of the binding
of a radiolabeled standard peptide to detergent-solubilized
MHC molecules.49 The IC50 values were converted to log-
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Table 3. Summary of CoMSIA Position Specificities for Class I Mouse H2-Kb, H2-Kk, and H2-Db
class I mouse (H2-Db, H2-Kb, and H2-Kk)
position
P1

steric bulk

electron density

hydrophobicity

favored

disfavored

disfavored

disfavored

disfavored

favored

H-bond donor
favored

H-bond acceptor
favored

side chain
falls into
pocket A
P2

favored

side chain
falls into
pocket B
P3

favored

favored

favored

disfavored

favored

side chain
falls into
pocket D
P4

favored

side chain is
solvent-exposed
and can contact
T cell
P5
P6

favored

favored

favored
side chain
falls into
pocket C

P7

disfavored

disfavored

favored

favored

side chain
falls into
pocket E
P8

favored

favored

favored

side chain is
solvent-exposed
and can contact
T cell
P9
side chain
falls into
pocket F

(1/IC50), -log(IC50), or pIC50 and used as a dependent
variable in the QSAR regression.
Molecular Modeling. All QSAR and molecular modeling
calculations were carried out on a Silicon Graphics octane
workstation using the SYBYL 6.9 molecular modeling
package (Tripos Inc).13 The X-ray structures of the nonameric
peptide FAPGVFPYM50 bound to the H2-Db allele and the
octameric peptide RGYVYQGL15 bound to the H2-Kb and
H2-Kk alleles were used as starting conformations. When
the X-ray peptide was used as a template, all the studied
peptides were built and then subjected to an initial geometry
optimization, within SYBYL 6.9, using the Tripos molecular
force field and charges derived using the MOPAC AM1
Hamiltonian semiempirical method.51 Molecular alignment
was based on the backbone atoms of the peptides, which
was defined as an aggregate during optimization.
CoMSIA Method. CoMSIA was performed within SYBYL
6.9. Five physicochemical descriptors (electrostatic, steric,
hydrophobic, and hydrogen-bond donor and acceptor) were
evaluated using a probe atom placed within a 3D grid. The
atom had a radius of 1 Å and charge, hydrophobic interaction,
and hydrogen-bond donor and acceptor properties all equal
to +1. The grid was extended beyond the molecular
dimensions by 4.0 Å in the x, y, and z directions. The spacing
between probe points within the grid was set at 2.0 Å and
was increased in steps of 0.5 Å.
Cross-Validation Using the “Leave-One-Out” (LOOCV) Method. The predictive power of the models from the
CoMSIA analysis for each allele was carried out using PLS52
as implemented within SYBYL 6.9. The method works by
producing an equation or QSAR, which relates one or more
dependent variables to the values of descriptors and uses

them as predictors of the dependent variables (or biological
activity). The IC50 values (the dependent variable y) were
represented as negative logarithms (pIC50). The predictive
ability of the model was validated using cross-validation
(CV), which is a reliable technique for testing the predictivity
of models. With QSAR analysis in general and PLS methods
in particular, CV is a standard approach to validation. CV
works by dividing the data set into a set of groups,
developing several parallel models from the reduced data
with one or more of the groups excluded, and then predicting
the activities of the excluded peptides. When the number of
each excluded peptide is the same as the number in the set,
the technique is called leave-one-out cross-validation (LOOCV). The predictive power of the model is assessed using
the following parameters: the cross-validated coefficient (q2)
and the standard error of prediction (SEP), which is defined
in eqs 1 and 2:

q2 ) 1.0 ∑(pIC50(exp) - pIC50(pred))2
i)1

∑(pIC50
i)1

or simplified to q2 )
(exp)

- pIC50(mean))2
1.0 -

PRESS
SSQ

(1)

Where pIC50(pred) is a predicted value and pIC50(exp) is an actual
or experimental value. The summations are over the same
set of pIC50 values. PRESS is the predictive error sum of
squares, and SSQ is the sum of squares of pIC50(exp) corrected
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for the mean. Where p is the number of the peptides omitted
from the data set,

SEP )

xPRESS
p-1

(2)

A more robust cross-validation test was also performed,
dividing the sets into two and five groups, developing a
number of parallel models from the reduced data with one
of the groups of two and five randomly omitted, and then
predicting the affinities of the excluded peptides. The means
of the q2 values from 20 runs are given as qCV22 and qCV52,
respectively.
The optimal number of components (NC) resulting from
the LOO-CV is then used in the non-cross-validated model,
which was assessed using standard multiple linear regression
validation terms, explained by variance r2 and the standard
error of estimate (SEE), which are defined in eqs 3 and 4,
respectively.

r2 )

PRESS
SSQ

(3)

Where n is the number of peptides and c is the number of

SEE )

xnPRESS
-c-1

(4)

components. In the present case, a component in PLS is an
independent trend relating measured biological activity to
the underlying pattern of amino acids within a set of peptide
sequences. Increasing the number of components improves
the fit between target and explanatory properties; the optimal
number of components corresponds to the best q2. Both SEP
and SEE are standard errors of prediction and assess the
distribution of errors between the observed and predicted
values in the regression models.
The predictive power of the models from the CoMSIA
analysis for each allele was carried out using PLS52 as
implemented within SYBYL 6.9. These models were then
used to display the coefficient contour maps for each allele
with respect to the five physicochemical descriptors.
Progressive Scrambling. Progressive scrambling is a
technique developed by Clark et al.53 to assess how sensitive
a QSAR model is to random correlations and is particularly
useful for large data sets containing redundant information.
Progressive scrambling applies small perturbations to the
data. Reductions in predictivity for unstable models are
greater than those for robust models. Standard crossvalidation, that is, LOO or leave-several-out, can be insensitive to redundancy when used for large data sets. Most
compounds, peptides in our case, in a large set will have
one or more close “twins”, a molecule with similar descriptor
values. In such cases, cross-validation will often achieve
satisfactory predictions, as a “twin” of the omitted left-out
molecule will probably remain in the training data. For
redundant datasets, therefore, qLOO2 may be unrealistic.
Progressive scrambling works by sorting rows (in our case,
peptides) with respect to the dependent variable. Rows are
then partitioned into bins. Within each bin, the dependent
variables are shuffled several times. For each such shuffle,
the correlation of the scrambled responses is assessed relative
to the unperturbed data. PLS is applied to the perturbed data

ET AL.

to obtain SEP and q2 values. This process is repeated,
decreasing the number of bins by one per iteration, until the
number of bins reaches two.
Using the data calculated from the five descriptors, the
models of three alleles were subjected to both scramblings
of 10 and 30 in order to test the stability of the models. The
number of components was increased consecutively from two
to six, keeping all default values for the other settings. The
statistics, q2 and SEP, are reported once the scrambling is
complete. The optimum statistics are seen when q2 is at a
maximum and SEP is at a minimum for the corresponding
number of components.
CoMSIA Maps. The results of the non-cross-validated
CoMSIA models were displayed as contour maps, with each
physicochemical descriptor highlighted in different colors,
reflecting favorable or disfavorable changes in the peptide
structure and its influence on MHC binding. These maps
were created using the standard deviation coefficient option
based on actual values. The CoMSIA steric bulk map is
shown using green (more bulk is favored) and yellow (less
bulk is disfavored) contours. The electrostatic potential map
is shown with blue (negative potential is disfavored) and red
(negative potential is favored) contours. CoMSIA hydrophobic interaction fields are colored yellow (where hydrophobic interaction enhances affinity) and white (where
hydrophilic interactions enhance affinity). The hydrogenbond donor map is shown using cyan (donors on the ligand
are preferred) and purple (donors are disfavored) contours.
Finally, in the hydrogen-bond acceptor map, favored areas
are shown in magenta and disfavored in yellow.
Supporting Information Available: Tables of peptides
used in the study of the H2-Db, H2-Kb, and H2-Kk mouse
alleles. This material is available free of charge via the
Internet at http://pubs.acs.org.
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