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Abstract
The underlying assumption in quantitative structure–activity relationship (QSAR) methodology is that related chemical structures exhibit related biological activities. We review here two QSAR methods in terms of their applicability for human MHC supermotif deﬁnition. Supermotifs are motifs that characterise binding to more than one allele. Supermotif deﬁnition is the initial in silico
step of epitope-based vaccine design. The ﬁrst QSAR method we review here—the additive method—is based on the assumption
that the binding aﬃnity of a peptide depends on contributions from both amino acids and the interactions between them. The second method is a 3D-QSAR method: comparative molecular similarity indices analysis (CoMSIA). Both methods were applied to
771 peptides binding to 9 HLA alleles. Five of the alleles (A*0201, A*0202, A*0203, A*0206 and A*6802) belong to the HLAA2 superfamily and the other four (A*0301, A*1101, A*3101 and A*6801) to the HLA-A3 superfamily. For each superfamily,
supermotifs deﬁned by the two QSAR methods agree closely and are supported by many experimental data.
 2004 Published by Elsevier Inc.
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1. Introduction
The T cell, a specialised immune cell mediating cellular immunity, patrols the body searching for antigen-derived epitopes, peptide fragments from pathogenic
proteins that are delivered to the cell surface by major
histocompatibility complex (MHC)1 molecules [1]. T
cells recognise these complexes and kill infected cells.
There are two classes of MHC molecules. Class I
MHC molecules deliver peptides originating in the cytosol and are recognised by CD8+ T cells. Class II MHC
molecules deliver peptides originating in the vesicular
system and are recognised by CD4+ T cells.
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The major part of the class I MHC molecule is
formed by a transmembrane heavy chain of 44 kDa
folded into 3 domains a1, a2, and a3 [2]. a1 and a2 form
the peptide-binding domain, containing the peptidebinding groove and the site of interaction with T cell
receptors [3,4]. Although not all nine amino acids interact strongly with the binding site, all of them contact it
[5]. X-ray data indicate that the MHC peptide-binding
site has a 30 Å long solvent accessible surface [6], within
which six pockets (A to F) have been described. Certain
pockets are non-polar and make hydrophobic contacts.
Others contain polar atoms and could hydrogen bond to
bound peptides. Six peptide residues fall into these pockets: they are deﬁned as primary (positions 2 (P2) and 9
(P9)) and secondary (positions 1 (P1), 3 (P3), 6 (P6),
and 7 P(7)) anchor positions. The remaining three amino acids (peptide positions 4 (P4), 5 (P5), and 8 (P8)) are
solvent accessible and can interact with T cell receptors.
They are able to aﬀect MHC-binding aﬃnity in several
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ways: through direct non-bonded interactions with the
MHC, by causing conformational changes in anchor
residues, and by altering dynamic properties of the
whole peptide.
Sequence analysis has shown the peptide domains a1
and a2 to be polymorphic. Twenty residues are the most
variable [7]. Most of these residues contact the peptide,
giving MHCs a broad speciﬁcity and allowing them to
bind a wide variety of peptides [8]. Sette et al. [9] grouped
class I alleles into superfamilies based on the overlap between their binding motifs (supermotifs). Four superfamilies are known: HLA-A2 [10], HLA-A3 [11],
HLA-B7 [12], and HLA-B44 [9]. Supermotif identiﬁcation has direct practical implications in epitope-based
vaccine development for the prevention of infectious diseases and cancer. Epitope identiﬁcation is the initial step
in the design of epitope-based vaccine and often begins
with an in silico motif search.
We review here the application of quantitative structure–activity relationship (QSAR) methods to the deﬁnition of A2 and A3 supermotifs. Previously, we applied
QSAR methods to peptides binding to HLA-A*0201 allele [13,14] and now apply them to peptides binding to
the HLA-A2 and A3 supertypes and deﬁne revised A2and A3-supermotifs [14–18]. The HLA-A2 family is
the largest and most diverse allele family at the HLAA locus, consisting of 55 alleles and is common in all
ethnic groups [19–21]. Within the HLA-A2 family, the
most frequent alleles are A*0201, A*0202, A*0203,
A*0206, and A*6802. These alleles diﬀer by 1–7 amino
acids and these sequence diﬀerences alter the peptidebinding selectivity of the diﬀerent A2 alleles. The
HLA-A3 supertype covers 44% of the human population and includes 5 main alleles: A*0301, A*1101,
A*3101, A*3301, and A*6801 [19]. The supermotif for
this supertype is characterised by a hydroxyl containing
(Ser or Thr) or hydrophobic (Leu, Ile, Val or Met) residue at P2 and a positively charged amino acid (Arg or
Lys) at the C-terminus [19].

ical methods since the early 1960s, when Hansch et al.
[26] ﬁrst used physicochemical properties and statistical
methods in QSAR studies [27]. The biological eﬀect is
seldom dependent on just a single factor, and so multiple
linear regression (MLR) has been used to investigate
this multidimensional problem. MLR frequently exhibits a low predictivity for models including more variables than compounds. An alternative to MLR for
‘‘short and fat’’ matrices is partial least squares regression in latent variables, more commonly known as
PLS, in combination with cross-validation. PLS handles
data matrices with more variables than observations
very well, and the data can be highly collinear and noisy.
In such cases, conventional statistical methods, such as
MLR, or artiﬁcial intelligence techniques produce formulae that ﬁt the training data well but are unreliable
in prediction. PLS forms new X variables (called principal components), as linear combinations of the old ones,
and then uses them to predict biological activity [28].
Cross-validation (CV) is a powerful method for testing model predictivity. It has become a standard in PLS
analysis and can be found in all available PLS software
[28]. CV is performed by splitting the data into several
groups, developing parallel models from the reduced
data with some of the groups omitted, and then predicting the activity of excluded compounds. When the number of omitted groups is equal to the number of
compounds, the procedure is called ‘‘leave-one-out’’
(LOO-CV). Predictivity is expressed by the cross-validated coeﬃcient q2 the standard error of prediction
(SEP), and the mean absolute error (MAE):
Pn
2
ðpIC50 exp  pIC50 pred Þ
q2 ¼ 1  Pni¼1
;
2
i¼1 ðpIC50 exp  pIC50 mean Þ
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sP
n
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i¼1 ðpIC50 exp  pIC 50 pred Þ
SEP ¼
;
p1

MAE ¼

2. Quantitative structure–activity relationship methods
The underlying assumption in QSAR methodology is
that related chemical structures exhibit related biological activities [23–25]. To derive such relationships, chemical structure must be translated to a quantitative
description, followed by mathematical modelling that
can relate this structural description to the observed biological activity. The aims of QSAR modelling are to predict the activity of untested compounds, to gain an
understanding of which chemical descriptors have a
large inﬂuence on the activity, and how one can use this
information to optimise chemical structure.
The extant QSAR literature has seen a great accumulation of diﬀerent structural descriptors and mathemat-
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;
n
where p is the number of omitted peptides, pIC50 pred is
the experimental value and pIC50 pred is the cross-validated predicted. The explained variance r2, standard error of estimate (SEE), and the F ratio assessed the noncross-validated models.
We review two QSAR methods—one 2D and one
3D—in terms of their suitability for supermotif deﬁnition. Peptide sequences and corresponding binding aﬃnities were extracted from JenPep database [29] (http://
www.jenner.ac.uk/Jenpep). All peptides were nonamers
and some bound more than one allele. The binding aﬃnities (IC50), which range over almost 5 log orders of
magnitude (from 4.5 to 9.0), were originally assessed
by a quantitative assay based on the inhibition of a
radiolabelled standard peptide to solubilised MHC
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molecules [30,31]. Negative logarithms of IC50 values
were used as they relate to free energy of binding
changes [32]. SYBYL6.7 was used for molecular modelling, PLS and CV [33].

3. Additive method
The additive method is a 2D-QSAR method, based
on Free–WilsonÕs concept [34] that each substituent
makes an additive and constant contribution to biological activity regardless of variation in the rest of the molecule. ParkerÕs hypothesis [35,36] that each amino acid
side-chain binds independently of the rest of the peptide
(IBS hypothesis) is the immunological counterpart to
this concept. We extended Free–WilsonÕs concept to
include terms that account for interactions between
peptide side chains. Because the twisted conformation
of binding peptide allows adjacent and every second
side-chain to interact, we only include 1–2, and 1–3 interactions as contributions to aﬃnity. Thus, the binding
aﬃnity of a nonamer peptide is represented by Eq. (1):

pIC50 ¼ const þ

9
X
i¼1

Pi þ

8
X
i¼1

P i P iþ1 þ

7
X

P i P iþ2 ;

ð1Þ

i¼1

where pIC50 is the measured aﬃnity, the const
P9 accounts
for the peptide backbone contribution,
i¼1 P i is the
sum
of
amino-acid
contributions
at
each
position,
P8
P i P iþ1 is the sum of 1–2 side-chain interactions,
i¼1P
7
and i¼1 P i P iþ2 is the sum of 1–3 side-chain interactions.
The data ﬂow for the additive method is presented in
Fig. 1. The nine residue peptide sequence is transformed
into a row of 6180 terms. Amino-acid contributions account for 180 columns (20 aa · 9 positions), 1–2 interactions for 3200 columns (20 · 20 · 8) and 1–3 interactions
for 2800 columns (20 · 20 · 7). A term is equal to 1
when a certain amino acid or a certain side-chain interaction exists, and 0 otherwise. Matrices with 6180 columns and rows equal in number to peptides in the set
were generated. Columns containing only 0s were omitted. To deal with these huge, sparse matrices PLS was
used.
Two types of models were created: one based solely
on the amino acid contributions (amino acids model:

Fig. 1. Data ﬂow in the additive method.
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AAM) and another based on both amino acid contributions and amino-acid interactions (amino acids and
interactions models: AAIM) [16,18]. According to the
q2 values, the AAMs are more predictive than the
AAIMs. This is because certain interactions occur only
once. In cross-validation, they appear as missing terms
in the equation used for aﬃnity prediction. Prediction
error is proportional to the number of missing terms.
Missing terms in AAMs are less frequent and so their
predictivity is higher. In contrast, r2 was slightly lower
for the single amino acid models than for the AAIM.
The decrease in r2 shows that the amino acid side-chain
interactions are important for the explanation of variance and should be considered in the modelling of the
binding process. The statistical parameters for these
models are collected in Table 1.
Amino acids with contributions greater than 0.2 were
considered as preferred for a particular allele at the speciﬁc position and those with contributions lower than
0.2 were considered as deleterious. Residues identiﬁed
as preferred for two or more A2/A3-alleles without
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being deleterious for others were considered as preferred. Residues identiﬁed as deleterious for two or more
alleles were considered as deleterious in the common
motif. The supermotifs deﬁned by the additive method
are given in Fig. 2

4. Comparative molecular similarity indices analysis
3D-QSAR methods provide a powerful combination
of rigorous statistical analysis, an understandable
molecular description, unambiguous graphical display
of results [32,37], and can produce accurate quantitative
predictions. The CoMSIA method, a key 3D-QSAR
technique, correlates ligand similarities with binding
aﬃnity changes [38–40], using 3D ﬁelds describing steric,
electrostatic, hydrophobic, and hydrogen-bond donor
and acceptor properties. Each ﬁeld can be visualised in
3D maps, which show regions around the superimposed
ligand series where the presence or absence of a particular physicochemical property will increase or decrease

Table 1
Statistics of the additive models
Model

n

q2

NC

SEP

r2

SEE

F

MAE

HLA-A2 superfamily
A*0201
AAMa
335
AAIMb
340

0.377
0.337

6
5

0.694
0.726

0.731
0.898

0.456
0.285

148.66
588.88

0.546
0.573

A*0202
AAM
AAIM

69
68

0.317
0.283

9
2

0.606
0.621

0.943
0.748

0.193
0.368

109.10
96.65

0.546
0.511

A*0203
AM
AAIM

62

0.327
<0.300

6

0.841

0.963

0.197

239.30

0.652

A*0206
AAM
AAIM

57

0.475
<0.300

6

0.576

0.989

0.085

728.52

0.443

A*6802
AAM
AAIM

46

0.500
<0.300

7

0.647

0.983

0.119

313.30

0.517

HLA-A3 superfamily
A*0301
AAM
72
AAIM
70

0.436
0.305

6
4

0.680
0.699

0.959
0.972

0.181
0.136

246.90
557.37

0.504
0.527

A*1101
AAM
AAIM

62
62

0.458
0.428

2
3

0.572
0.593

0.829
0.977

0.321
0.119

143.00
821.10

0.507
0.467

A*3101
AAM
AAIM

30
31

0.482
0.453

3
6

0.710
0.727

0.892
0.990

0.325
0.098

71.36
399.96

0.502
0.602

A*6801
AAM
AAIM

38
37

0.531
0.370

4
4

0.594
0.664

0.959
0.974

0.175
0.136

194.85
297.48

0.418
0.485

a
b

AAM, amino acids model.
AAIM, amino acids and interactions model.
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Fig. 2. Supermotifs deﬁned by the additive method. (A) A2 supermotif, based on A*0201, A*0202, A*0203, A*0206, and A*6802 alleles. (B) A2
supermotif, based on A*0201, A*0202, A*0203, and A*0206 alleles; (C) A3 supermotif, based on A*0301, A*1101, A*3101, and A*6801 alleles.

aﬃnity. Initially, we applied CoMSIA to peptides binding to the HLA-A*0201 allele and obtained a model
with good predictivity [14]. We have recently extended
our treatment to include HLA-A2 and HLA-A3 superfamilies [15,17]. By comparison of the favoured and disfavoured areas, in the ﬁve property maps, we identify a
set of common features which allows detailed supermotifs to be deﬁned. In contrast to other studies, our supermotifs cover all the nine positions of the binding
nonamer peptides.
Molecular modelling and QSAR calculations were performed on a Silicon Graphics octane workstation using
the SYBYL 6.7 molecular modelling software [33]. The
X-ray structure of the nonameric viral peptide
TLTSCNTSV [5] bound to HLA-A*0201 molecule was
used as a starting conformation for all alleles as there
are no X-ray peptide-binding data for other A2-and A3supertype alleles. The structures were subjected to fully
geometry optimisation using the standard Tripos molecular mechanics force ﬁeld. The peptide backbone was ﬁxed
in the X-ray conformation and kept as an aggregate. The
partial atomic charges were computed using the AM1
semiempirical method [41] available in the MOPAC program. MOPAC V6 was used as implemented in SYBYL.

Single-point calculations were performed. Molecular
alignment was based on the backbone atoms, as deﬁned
as an aggregate in the optimisation process.
CoMSIA studies were undertaken using the QSAR
option of SYBYL. Five physicochemical properties (steric, electrostatic, hydrophobic, and hydrogen-bond donor and acceptor) were evaluated, using a common
probe atom with 1 Å radius, charge +1, hydrophobicity
+1, and hydrogen-bond donor and acceptor properties
+1. The grid extended beyond the molecular dimensions
by 2.0 Å in all directions. Diﬀerent resolution steps were
tested: from 1.0 to 4.0 Å in steps of 0.5 Å. Diﬀerent column ﬁlterings rmin (from 0.0 to 4.0 in steps of 0.5) and
attenuation factors a (from 0.1 to 0.8 in steps of 0.1)
were also analysed. The predictive power of the models
was assessed by the cross-validated coeﬃcient q2, the
standard error of prediction (SEP), and the mean absolute error (MAE).
The number of components (NC) with the highest q2
and the lowest SEP deﬁned the optimum NC used for
non-validated modes. These were used to display coeﬃcient contour maps. When each ﬁeld makes a statistical
contribution to the predicted binding aﬃnity, the model
that combines all ﬁelds provides the fullest insight. In
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Table 2
Statistics of CoMSIA models
Model

n

q2

NC

SEP

r2

SEE

F

MAE

HLA-A2 superfamily
A*0201
A*0202
A*0203
A*0206
A*6802

236
63
60
54
45

0.683
0.534
0.621
0.523
0.385

7
8
6
12
4

0.443
0.509
0.595
0.505
0.652

0.891
0.935
0.966
0.991
0.944

0.260
0.190
0.179
0.071
0.197

265.08
97.20
247.30
363.76
168.15

0.340
0.393
0.434
0.443
0.519

HLA-A3 superfamily
A*0301
A*1101
A*3101
A*6801

69
59
30
39

0.486
0.496
0.700
0.430

6
8
4
5

0.629
0.588
0.551
0.674

0.959
0.972
0.921
0.950

0.177
0.141
0.282
0.119

241.82
167.67
73.18
126.22

0.585
0.443
0.179
0.516

the present study all ﬁelds were signiﬁcant, so only an all
ﬁelds model was considered. The statistics of the models
are presented in Table 2.
Areas identiﬁed as favoured for two or more A2/A3supertype molecules, without being disfavoured for any
molecule, may be considered as preferred for the supermotif. Areas identiﬁed as disfavoured for two or more
molecules can be considered as deleterious in the common motif. The supermotifs deﬁned by CoMSIA are
shown in Fig. 3.

5. HLA-A2 supermotif
There are two A2-supermotifs already deﬁned in the
literature. The oldest is SetteÕs ‘‘L2V9’’ [42] based on preferred aliphatic residues at primary anchors P2 and P9.
P1, P3, P6, and P7 are considered as secondary anchors
[30,6]. Recently, the ‘‘L2V9’’ supermotif was extended to
include commonly preferred aromatic residues at secondary anchor P1 and an aversion to charged residues
(Arg, Lys, Asp, and Glu) at P3 [43]. It was also noted
that preferences at P2 for the A*6802 allele and the set
of A*02 alleles were diﬀerent: Val and Thr are preferred
for A*6802, Leu and Met for A*0201 and A*0203, and
Gln for A*0202 and A*0206 [44].
The deﬁnitions given by the additive and CoMSIA
methods are shown in Figs. 2 and 3, respectively [15,18].
According to the additive method, Phe is the only preferred amino acid for P1 in the A2 supermotif. Lys is preferred for all alleles except for A*6802, where it is
deleterious. CoMSIA indicates that hydrophobic aromatic amino acids at P1 are preferred for the A2supermotif.
The most striking diﬀerence in amino acid preferences
deﬁned by the additive method is at P2. Preferences at this
position for hydrophobic aliphatic residues (Leu, Met,
and Val) are well known [5,6,30,35,45–49]. However,
our results indicate that Leu and Met are only preferred
for A*0201, A*0202, and A*0203. Leu is deleterious for
A*6802 and Met is deleterious for A*0206 and A*6802.

Val and Thr are preferred for A*6802. CoMSIA shows
that hydrophobic bulky side chains at P2 are preferred
for the A2-supermotif. This preference was deﬁned on
the basis of the preferences for A*0201, A*0202, and
A*0203 alleles, P2 for A*0206 and A*6802 remains silent—neither favoured nor disfavoured areas exist here.
Ile is the only preferred amino acid at P3 and Thr is
the only deleterious one. Leu and Val are preferred for
A*02 alleles but are deleterious for A*6802. Non-hydrogen-bond forming amino acids are preferred at this position according to CoMSIA. P4 is solvent-exposed and
may form contacts with the TCR [6]. Gly is preferred
here. Thr is preferred for all A2 alleles except for
A*6802. CoMSIA maps indicate that small aliphatic
H-bond donors are well accepted at P4.
Leu is preferred at P5 for all A2-supertype molecules
except for A*6802 where it makes a negative contribution. Ile is preferred for A*0202 and A*0206 with insigniﬁcant contributions for the other alleles. Trp is
deleterious for three of the ﬁve alleles. The only CoMSIA requirement for the residue at P5 is for it to be aliphatic. Ile and Leu are preferred at P6 and Ser is
deleterious. Hydrophobic and bulky substituents are required according to CoMSIA.
For aﬃnity to A2-supertype molecules Ile is preferred
at P7. CoMSIA requires small and aliphatic substituents
here. Phe is a preferred residue at P8 and Asp is deleterious for four of the ﬁve A2 molecules. CoMSIA shows
preferences for small, aliphatic, hydrophilic, and hydrogen-bond forming amino acids here.
There is better agreement at P9 between the preferences of diﬀerent alleles. Val is favoured here, while
Ala is deleterious. The uncharged side-chain of Tyr116
occupies the end of the pocket F causing the binding site
to be complementary to small hydrophobic side chains
[5,8]. CoMSIA indicates that hydrophobic and bulky
substituents increase aﬃnity at P9.
Our studies cast doubt on whether the A*6802 allele
should be part of the A2-supertype. Sequence comparison shows one or two diﬀerences in the residues forming
the 6 pockets of A*0201, A*0202, A*0203, and A*0206
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Fig. 3. Supermotifs deﬁned by CoMSIA. (A) A2 supermotif, based on A*0201, A*0202, A*0203, A*0206, and A*6802 alleles. Peptide
FLLLADARV is shown inside the ﬁelds, N terminal is positioned on the left side. (B) A3 supermotif, based on A*0301, A*1101, A*3101, and
A*6801 alleles. Peptide ALFFIIFNK is shown inside the ﬁelds, N terminal is positioned on the left side. Legend: steric bulk favoured; steric bulk
disfavoured;
negative electrostatic potential favoured;
Negative electrostatic potential disfavoured;
hydrophobicity favoured;
hydrophobicity disfavoured; H-bond donor group favoured; H-bond donor group disfavoured; H-bond acceptor group favoured; and
H-bond acceptor group favoured.

molecules. Diﬀerences between A*6802 and A*02 molecules number seven: of which ﬁve concern pockets A, B,
and C. These are so substantial that they alter the amino
acid preferences at the primary anchor P2 and the secondary anchors P1 and P6. Preferences for Val and
Thr at P2 bring the A*6802 allele close to the A3-supertype [19], but the A3 supermotif requires positively
charged residues at the C-terminus [50]. This is not true
for A*6802, suggesting that it is intermediate between
A2 and A3 supertypes: at P2 it is closer to A3 and at
P9 it is nearer to A2. Excluding A*6802 allele, the range

of preferred and deleterious amino acids expands. (Fig.
2). The expansion concerns all positions but especially
P2, with one to three new additions to each positionÕs
preferred and deleterious amino acids.

6. HLA-A3 supermotif
P2 and P9 are generally accepted to be primary anchors for the A3 superfamily [51–54]. The peptide sidechain at P2 falls into pocket B and the C-terminus is
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buried in pocket F [8,55,56]. Peptides usually have a
positively charged residue Arg or Lys at P9 and a variety
of hydrophobic residues at P2. A peptide-binding motif
for the HLA-A3 superfamily has been deﬁned previously by Sidney et al. [50] and Rammensee et al. [57].
The supermotif deﬁned in our studies, while in good
agreement with previous supermotifs, is more extensive,
covering all the nine positions that contact the MHC
molecule [16,17].
P1 is a secondary anchor position. According to the
additive method Ser and Met are preferred here. CoMSIA shows that the common favoured property for P1
was hydrogen-bond donor ability.
Although there was wide variation in preferences at
P2, Ile and Thr were found to be preferred for two of
the alleles without being deleterious for the other two.
In the CoMSIA study, it was found that the steric bulk
was favoured at P2 for A*3101 and A*0301 but disfavoured in A*6801 and A*1101. A great variety in the
electron density, hydrophobicity and hydrogen bond
acceptance maps existed at this position, which was consistent with the broad spectrum of amino acids accommodated here. This is explained by the polymorphism
of residues forming pocket B. Phe9 in A*0301 is substituted to Tyr9 in A*6801 and A*1101, and to Thr9 in
A*3101 [22]. The hydroxyl group of Tyr9 points towards the inside of the pocket and prevents larger amino
acids from reaching the bottom of the pocket [58]. Because of this, larger residues like Leu are deleterious
for A*6801 and A*1101 but are preferred for A*0301.
The change from Glu63 to Asn63 in A*6801 and
A*1101 also changes the conformation of the pocket
and stops large amino acids from binding [56]. A previous study of pocket B revealed Val67 was reoriented in
A*6801 and aﬀected amino acid selection [59].
P3 prefers the hydrophobic residue Phe. Sidney and
co-workers [50] found that peptides with aromatic residue, like Tyr, Phe, and Trp, had a 31 fold increase in
binding aﬃnity to A*0301. The electron density at P3
is preferred for three of the alleles. Phe, Arg, and Tyr
are favoured at P4. Electron density and hydrogen-bond
ability are important here.
No amino acid is favoured at P5. Ser, Gly, and His
are disfavoured here. This position as well as P6 is not
particularly important in determining the aﬃnity of peptide binding but may participate in T cell recognition.
CoMSIA indicates that bulky side chains with high electron density are preferred at P5. Hydrophilic amino
acids capable of forming hydrogen bonds are well
accommodated at P6, which is in good agreement with
the preferred Ser deﬁned by the additive method.
P7 is another secondary anchor position [57]. Hydrophobic residues are preferred here. Phe and Ile are
strongly preferred by A*0301 and A*1101. Peptidebinding studies showed either P3 or P7, together with
residues at P2 and P9, induced stable binding of the pep-
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tide [50]. Arg, Tyr, and Leu were slightly favoured at P8,
while Ser, Lys, and Glu were deleterious. CoMSIA suggests that steric bulk is disfavoured here but negative
electrostatic potential is well accepted.
Positively charged amino acid Arg is the common
preferred amino acid at P9. A*6801 and A*3101 preferred Arg, A*1101 favoured the smaller residue Lys,
while A*0301 accepted both. Tyr was deleterious at
P9, possibly because its aromatic ring was too large
for the pocket. CoMSIA shows that the most important
property here is hydrogen-bond donor ability. It is favoured by A*6801 and A*3101, and was disfavoured
by A*1101.

7. Concluding remarks
The development of poly-epitope vaccines is likely to
prove of great utilitarian value in the treatment and
prevention of autoimmune and infectious disease, allergy, and cancer. Informatics techniques have much
to oﬀer in this regard. We have pioneered the explicit
application of QSAR techniques to problems in immunobiology [13–18,29,44,60–63]. These methods are particularly appropriate for the quantitative assessment of
peptide MHC interaction.
We extended our additive method to examine peptides binding to MHC class II molecules [62] and shall
widen its application to other MHC alleles in the future.
We are also using in-house experimental cell surface stabilisation assays to test out the predictivity of our modelling approach [64] and to this end we are designing and
testing synthetic super-binding peptides as well as developing comprehensive models for poorly characterised
alleles using experimental design. Furthermore, we are
also applying QSAR techniques to the iterative optimisation of heteroclitic peptides as potential cancer vaccines [64]. Heteroclitic, or altered, peptide ligands are,
generally, mutated peptides whose substitutions lead to
increased MHC-binding aﬃnity, and which, often, also
exhibit an enhanced T cell response. To make our methods publicly accessible, all the models derived by the
additive method have been incorporated into a freely
available MHC-binding prediction program: MHCPred
(URL:http://www.jenner.ac.uk/MHCPred) [63].
Motif deﬁnition is a requirement for the initial in silico step of epitope identiﬁcation [21]. The more precisely
a motif is deﬁned the greater the accuracy of epitope
prediction. In this sense, a quantitative prediction is
more helpful than a qualitative one. Deﬁning a supermotif also allows identiﬁcation of promiscuous epitopes
that can bind several alleles. Identiﬁcation of such promiscuity is a powerful extension to established epitopebased vaccine design. The good agreement between the
supermotifs deﬁned by diﬀerent QSAR methods shows
that these methods are reliable tools in epitope-based
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vaccine research. The application of other QSAR methods and techniques for vaccine research is work in progress in our laboratory. It is our expectation that QSAR
will inﬂuence as strongly the search for new vaccines as
it has the design and discovery of new drugs.
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