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1 Introduction

T-Cell recognition is a fundamental mechanism underlying
the cellular adaptive immune system by which the host
identifies and responds to foreign antigens.[1] The T cell is a
specialized type of immune cell mediating cellular immuni-
ty. The T-cell receptors or TCRs, found on the surface of T
cells, bind major histocompatibility complex (MHC) pro-
teins, which are presented on antigen-presenting cell
(APCs) surfaces. T-Cell immune responses are driven by rec-
ognition of peptide antigens (T-cell epitopes) that are
bound to MHC molecules. Human MHC proteins, also
known as human leukocyte antigens (HLA), are glycopro-
teins, which bind small peptide fragments, or epitopes, de-
rived from both pathogen and host protein and present
them at the cell surface for recognition by T cells.

There are two classes of MHC molecules: class I and class
II. MHC class I molecules typically present peptides from
proteins synthesized within the cell (endogenous process-
ing pathway). MHC class II proteins primarily present pep-
tides derived from endocytosed extracellular proteins
(exogenous processing pathway).

Most nucleated cells express class I MHC proteins; these
are recognized by T cells which highly express CD8 core-
ceptors. Class II MHCs are only expressed by so-called “pro-
fessional antigen presenting cells” and are recognized by T
cells which highly express CD4 coreceptors .

Both classes of MHC proteins are extremely polymorphic.
More than 3500 molecules are listed in IMGT/HLA data-
base.[2] MHC class I proteins are encoded by three loci :
HLA-A, HLA-B and HLA-C. MHC class II proteins are also en-
coded by three loci : HLA-DR, HLA-DQ and HLA-DP. The

peptide binding site of class I proteins has a closed cleft,
formed by a single protein chain (a-chain).[3] Usually, but
not exclusively, only short peptides of 8–11 amino acids
bind in extended conformation. In contrast, the cleft of
class II proteins is open-ended, allowing much longer pep-
tides to bind, although only 9 amino acids actually occupy
the site. The class II cleft is formed by two separate protein
chains: a and b.[3] Clefts in class I and class II MHCs have
binding pockets, corresponding to primary and secondary
anchor positions on the binding peptide. The combination
of two or more anchors is designated a motif. The experi-
mental determination of motifs for every allele is prohibi-
tively expensive in terms of labor, time and resources. The
only practical alternative is to use a bioinformatics ap-
proach.

Different computational techniques have been applied
to predict MHC class II binding. Most of them are se-
quence-based approaches such as matrix models,[4–6] Artifi-
cial Neural Network,[7–10] Hidden Markov Models,[11] Support
Vector Machines[12,13] and those based on QSAR.[14] Sophisti-
cated methods, such as an iterative “meta-search” algo-
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rithm[15] and Ant Colony search[16] have been created to re-
solve the dynamic variable-length problem inherent within
the class II prediction. Certain new approaches have signifi-
cantly outperformed more traditional methods.[17,18]

The aim of the present study is to derive quantitative
matrices (QMs) for MHC class II binding prediction by utiliz-
ing the technique of structure-based molecular docking. A
combinatorial library of 95 peptides (19 aa � 5 pockets) was
docked into the binding sites of 12 HLA-DRB1 proteins.
Docking scores were normalized to assess the contribution
of each amino acid at each pocket. Pocket polymorphism
was described by different pocket profiles, with each HLA-
DRB1 protein represented as a combination of five pocket
profiles (pocket names correspond to peptide primary and
secondary anchor positions). The specific docking score-
based quantitative matrices (DS-QMs) obtained were tested
on external dataset of 4540 known HLA-DRB1 binders.

2 Computational Methods

2.1 Molecular Modelling

Three X-ray structures of peptide-HLA-DRB1 protein com-
plexes were used as input data for the molecular modelling
in the present study. These were 1j8h (DRB1*0401, resolu-
tion 2.40�́),[19] 2g9h (DRB1*0101, resolution 2.0�́)[20]

(Figure 1) and 1sje (DRB1*0101, resolution 2.45 �́).[21]

HLA-DRB1 binding site consists of five pockets named
after the corresponding peptide primary and secondary
anchor positions: 1, 4, 6, 7 and 9. A set of profiles for each
pocket was modelled by homology. HLA-DRB1 proteins

were presented as combinations of five pocket profiles.
Twelve HLA-DRB1 proteins were considered in the present
study: DRB1*0101, DRB1*0301, DRB1*0401, DRB1*0404,
DRB1*0405, DRB1*0701, DRB1*0802, DRB1*0901,
DRB1*1101, DRB1*1201, DRB1*1302 and DRB1*1501.

A library of 95 peptides (19 aa for 5 binding pockets)
was generated for each HLA-DRB1 protein. The original
bound peptides from the X-ray peptide-protein complexes
were used as starting conformations.

All structures used in this study were modelled using
PyMol v 0.99.[22]

2.2 Docking Protocol

GOLD v. 4.1.2[23] was used in the present study for molecu-
lar docking. The binding site was defined within 5 �́ radius
from the Ca of the tested peptide position. The best rank-
ing pose (lowest RMS) for each docking was chosen. Both
protein and peptide were fixed apart from the tested pep-
tide position and the corresponding binding pocket resi-
dues. The docking procedure was calibrated in regard to
four criteria: 1) rigid versus flexible peptide position; 2)
rigid versus flexible binding pocket residues; 3) ChemScore
versus GoldScore scoring function; and 4) hard (6–12)
versus soft (8–4) potential for binding pocket residues.
Thus 16 different parameter combinations were evaluated.
The average score of five runs for each docking was taken.
The docking scores of all 20 amino acids for each pocket
were normalized to derive the pocket-specific amino acid
contributions. Thresholds were defined to distinguish the
most preferred and the most deleterious amino acids: >0.3
for the most preferred and <�0.2 for the most deleteri-
ous.

Each of the 12 HLA-DRB1 proteins was presented as a
combination of five pocket profiles and acquired a specific
docking score-based quantitative matrix (DS-QM).

2.3 External Validation

The predictive ability of DS-QMs was tested using a set of
4540 known peptide binders originating from 167 proteins.
The peptides were of different length and bound to the
studied 12 HLA-DRB1 proteins. Data were extracted from
the Immune Epitope Database (http:www.immuneepitope.
org)[24] in December 2009, according to the following crite-
ria: Alleles: DRB1*0101, DRB1*0301, DRB1*0401,
DRB1*0404, DRB1*0405, DRB1*0701, DRB1*0802,
DRB1*0901, DRB1*1101, DRB1*1201, DRB1*1302 and
DRB1*1501; Assay: Purified MHC – Radioactivity Competi-
tion; Quantitative measurement; Units: IC50 nM. From a set
of overlapping peptides with different lengths, only the
longest peptide was included in the test set. Peptides bind-
ing affinities were originally assessed using a quantitative
assay based on the inhibition of binding of a radio-labelled
standard peptide to detergent-solubilized MHC mole-
cules[25,26] and presented as pIC50 = log(1/IC50).

Figure 1. Crystal structure of staphylococcal enterotoxin I in com-
plex with HLA-DR*0101 (pdb code: 2g9h).[20]
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Each protein of origin was presented as a set of overlap-
ping nonamers and the binding score of each nonamer
was predicted by the derived DS-QMs. The predicted pIC50

values were arranged in a descending mode and only the
best predicted 5 %, 10 % and 15 % of all nonamers originat-
ing from one protein were selected and compared to the
known binders from the same protein. A binder is consid-
ered as a true predicted binder, if it contains any nonamer
sequence from the predicted top sets. The total sum of
true predicted binders was used to assess the predictive
ability via the parameter sensitivity :

sensitivity ¼ 100� true predicted binders=all binders

3 Results

Three libraries of 19 peptides were modeled for each of the
three X-ray peptide-protein complexes used (pdb codes:
1j8h, 2gh and 1sje). The corresponding bound peptides for
each structure were used as initial conformations. Substitu-
tions were made at anchor position 1. Peptides were
docked applying the docking protocol described in Compu-
tational methods. Similar binding scores were generated
for the three complexes (data not shown). Therefore, subse-
quently only one X-ray structure was used: pdb code 2g9h.

Lipophillic amino acids at peptide position 1, as Phe, Tyr,
Trp, Leu, Ile, Met and Val are preferred for binding to HLA-
DRB1 proteins.[27] The docking procedure was calibrated to
fulfill these preferences. The best agreement was achieved
using the following parameter combination: 1) flexible pep-
tide position; 2) rigid binding pocket residues; 3) Chem-
Score scoring function; and 4) soft (8–4) potential for bind-
ing pocket residues. These conditions were used in subse-
quent docking procedures for all pockets.

All docking solutions in the present study had RMS
values below or close to 1�́.

3.1 Docking Scores for Pocket Profiles

Pocket 1 profiles. A dimorphism in pocket 1 exists for HLA-
DRB1 proteins. Proteins DRB1*0101, DRB1*0401,
DRB1*0405, DRB1*0701, DRB1*0802, DRB1*0901,
DRB1*1101, and DRB1*1301 possess Gly at position 86b,
while DRB1*0301, DRB1*0404, DRB1*1201, and DRB1*1501
contain Val at the same position. Pockets with Gly86b were
defined as pocket profile 1A (Figure 2A), while pockets with
Val86b – as pocket profile 1B (Figure 2B).

Table 1 summarises the most preferred and the most del-
eterious amino acids for profiles 1A and 1B. It is evident
that the mutation Gly86b!Val86b makes the pocket shal-
low and rejects Tyr as preferred amino acid.

Pocket 4 profiles. Pocket 4 is polymorphic in positions
13b, 70b, 71b, 74b and 78b (Figure 2C). Eleven different
profiles could be distinguished here among the studied 12
HLA-DRB1 proteins.

The preferred and deleterious amino acids for the differ-
ent pocket 4 profiles are given in Table 1.

Position 74b is primarily responsible for pocket 4 prefer-
ences.[28,29] If short side-chain amino acids, such as Ala, Gln
and Glu, occupy this position, the pocket could accept pep-
tides with long chain amino acids at p4, like Tyr, Trp and
Phe. Otherwise, Lys and Arg at 74b shorten the pocket and
only small chain amino acids could be placed here.

Pro is the common deleterious amino acid for all pocket
4 profiles. Additionally, when Lys or Arg is present at posi-
tion 71b, Arg is the second common deleterious amino
acid. Mutations to Glu or Ala reject Arg from the nonprefer-
red amino acid list.

Pocket 6 profiles. Pocket 6 contains only one polymorph-
ic position, namely 11b (Figure 2D).

The preferred and deleterious amino acids for pocket 6
profiles are given in Table 1.

Generally, pocket 6 is shallow but wide. For that reason,
Tyr is deleterious here (apart from profile 6D which con-
tains Gly), but Trp is well accepted. Medium sized amino
acids, like Met, Leu and Ile, fit well in this pocket.

Pocket 7 profiles. Pocket 7 contain five polymorphic po-
sitions: 28b, 30b, 47b, 67b and 71b (Figure 2E). They define
11 profiles for the studied HLA-DRB1 proteins. The pre-
ferred and deleterious amino acids for pocket 7 profiles are
given in Table 1.

Similarly to pocket 6, pocket 7 is shallow and wide. It ac-
cepts well Trp and Phe. Pro is also welcome here, and this
could be due to adopting a more preferred conformation
rather than by a size preference.

The most deleterious amino acid here is Arg because of
the electrostatic repulsion with Arg/Lys71b.

Pocket 9 profiles. Four polymorphic amino acids in
pocket 9 generate eight profiles. These are positions 9b,
37b, 57b and 60b (Figure 2F).

Table 1 summarises the top preferred and deleterious
amino acids for the pocket 9 profiles.

The polymorphism at 9b determines the pocket size and
hence the preferred amino acids. Phe is the preferred resi-
due here. For profiles containing the negatively charged
Glu9b, Lys is also a preferred amino acid. Pro and Arg are
common deleterious amino acids for pocket 9.

3.2 Docking Score-Based Quantitative Matrixes (DS-QM)

The HLA-DRB1 proteins considered in the present study
were as follows: DRB1*0101, DRB1*0301, DRB1*0401,
DRB1*0404, DRB1*0405, DRB1*0701, DRB1*0802,
DRB1*0901, DRB1*1101, DRB1*1201, DRB1*1302 and
DRB1*1501. Each protein was presented as a combination
of five pocket profiles (Table 2) and acquired a specific
docking score-based quantitative matrix (DS-QM). The DS-
QMs for the 12 HLA-DRB1 proteins are given as Supporting
Information at www.molinf.com. Amino acids with positive
coefficients increase affinity of peptides for HLA-DRB1 pro-
teins, those with negative coefficients decrease it.
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3.3 Prediction by DS-QM

The predictive ability of the DS-QMs was assessed by an ex-
ternal test set of 4540 known peptide binders to the 12
studied HLA-DRB1 proteins. The binders originate from 167
proteins. Each protein was represented as a set of overlap-
ping nonamer peptides and the binding affinity of each

peptide to each HLA-DRB1 protein was predicted by the
corresponding DS-QM. Peptides were ranked in descending
order according to their predicted binding score. The top
5 % were selected and compared to the known binders for
this DRB1 protein. If the predicted nonamer was contained
in the sequence of the known binder, the prediction is con-

Figure 2. Binding pocket profiles: A) 1A ; B) 1B ; C) 4A ; D) 6A ; E) 7A ; F) 9A. Only the polymorphic amino acid is given (in black). The best
docking poses of a library of 20 peptides (1 original + 19 modelled) are shown aligned (in dark grey).
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Table 1. Preferred and deleterious amino acids residues from peptides for defined protein pocket profiles.

Pocket ID Protein pocket profile Peptide

Prefered aa Deleterious aa
Score>0.3 Score<�0.2

1A Gly86b Trp, Phe, Tyr Pro, Asp, Glu, Gly
1B Val86b Phe, Trp Pro, Arg, Asp
4A Phe13b, Gln70b, Arg71b, Ala74b, Tyr78b Phe, Lys,[a] Leu,[a] Met[a] Pro, Arg, Asn
4B Ser13b, Gln70b, Lys71b, Arg74b, Tyr78b Ser, Ala,[a] Leu[b] Pro
4C His13b, Gln70b, Lys71b, Ala74b, Tyr78b Trp, Leu Pro, Arg
4D His13b, Gln70b, Arg71b, Ala74b, Tyr78b Trp, Phe Pro, Gly, Asn, Arg, Asp, Ser
4E Tyr13b, Asp70b, Arg71b, Gln74b, Val78b Ala,[a] Cys,[b] Gly[b] Trp, Gln, Asp, Glu
4F Gly13b, Asp70b, Arg71b, Lys74b, Tyr78b Met, Val, Leu Pro, His, Asn, Gln, Ala, Arg
4G Phe13b, Arg70b, Arg71b, Glu74b, Val78b Ser, Met, Val, Phe Gln, Asn, Pro, Asp, Gly, Arg
4H Ser13b, Asp70b, Arg71b, Ala74b, Tyr78b Asp,[b] Ile,[b] Leu[b] Pro, Arg
4I Gly13b, Asp70b, Arg71b, Ala74b, Tyr78b Leu, Phe, Ile Pro, Glu, Arg, Cys
4J Ser13b, Asp70b, Glu71b, Ala74b, Tyr78b Trp, Phe Pro, Gly, Asp
4K Arg13b, Gln70b, Ala71b, Ala74b, Tyr78b Gly, Ala, Tyr Pro, Val, Gln, Asn, Asp
6A Leu11b Glu, Met[a] Tyr, Asp, Phe
6B Ser11b Ser, Ala,[a] Trp[a] Tyr, Pro, Leu, Phe
6C Val11b Met,[a] Thr,[a] Val,[a] Trp[a] Tyr, Pro, Asp, Leu
6D Gly11b Trp, Phe Asp, Pro, Leu
6E Asp11b Ala,[a] Glu,[a] Ile[a] Tyr, Asp, Leu, Phe
6F Pro11b Met, Trp Pro, Asp, Tyr, Leu, His, Asn
7A Glu28b, Cys30b, Tyr47b, Leu67b, Arg71b Pro, Phe,[a] Ile[a] Asp, Arg, Gln
7B Asp28b, Tyr30b, Phe47b, Leu67b, Lys71b Leu, Trp, Phe Arg, His, Ser, Gln
7C Asp28b, Tyr30b, Tyr47b, Leu67b, Lys71b Phe, Trp Arg, Ser, Asp, Gln, HIs
7D Asp28b, Tyr30b, Tyr47b, Leu67b, Arg71b Trp, Phe, Leu Glu, Arg, Gln, Ser
7E Glu28b, Leu30b, Tyr47b, Ile67b, Arg71b Phe, Pro, Tyr, Tpr Arg, Gln, Ser, Asp, Thr
7F Asp28b, Tyr30b, Tyr47b, Phe67b, Arg71b Trp, Phe, Met Arg, Glu, Gln, Asn, His
7G His28b, Gly30b, Tyr47b, Phe67b, Arg71b Phe, Pro, Trp Asn, Arg, Ser, Gln, Asp, Glu
7H Asp28b, Tyr30b, Phe47b, Phe67b, Arg71b Trp, Pro, Phe Ser, Asn, Gln, Glu, Asp, Arg
7I Glu28b, His30b, Phe47b, Ile67b, Arg71b Trp, Pro Arg, Gln, Glu His, Asp, Asn
7J Asp28b, Tyr30b, Phe47b, Ile67b, Glu71b Trp, Phe Asn, Asp, Ser, Gln, Glu, Thr
7K Asp28b, Tyr30b, Phe47b, Ile67b, Ala71b Trp, Phe Asn, Glu, Arg, Gln, Thr, Asp
9A Trp9b, Ser37b, Asp57b, Tyr60b Leu, Phe, Met[a] Pro, Arg
9B Glu9b, Asn37b, Asp57b, Tyr60b Phe, Tyr Pro
9C Glu9b, Tyr37b, Asp57b, Tyr60b Lys, Phe, Tyr[a] Pro, Arg
9D Glu9b, Tyr37b, Ser57b, Tyr60b Lys, Phe Pro, Trp, Arg
9E Trp9b, Phe37b, Val57b, Ser60b Phe, Leu[a] Pro, Arg
9F Glu9b, Tyr37b, Asp57b, Tyr60b Lys, Phe, Leu[a] Pro, Arg
9G Lys9b, Asn37b, Val57b, Ser60b Phe, Tyr, Trp[a] Pro, Arg
9H Glu9b, Leu37b, Val7b, Ser60b Phe, Tyr Pro

[a] score>0.25; [b] score>0.2.

Table 2. Pockets profiles corresponding to 12 HLA-DR alleles are presented.

Allele Pocket profiles

DRB1*0101 1A 4A 6A 7A 9A
DRB1*0301 1B 4B 6B 7B 9B
DRB1*0401 1A 4C 6C 7C 9C
DRB1*0404 1B 4D 6C 7D 9C
DRB1*0405 1A 4D 6C 7D 9D
DRB1*0701 1A 4E 6D 7E 9E
DRB1*0802 1A 4F 6B 7F 9F
DRB1*0901 1A 4G 6E 7G 9G
DRB1*1101 1A 4H 6B 7H 9C
DRB1*1201 1B 4I 6B 7I 9H
DRB1*1302 1A 4J 6B 7J 9B
DRB1*1501 1B 4K 6F 7K 9A
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sidered a “true predicted binder”. The ratio of true predict-
ed binders to all known binders gives the sensitivity of pre-
diction. The same procedure was applied to the top 10 %
and 15 % of the predicted nonamers.

The sensitivity was assessed “pocket by pocket” and “all
pockets”. Average values of all 12 HLA-DRB1 proteins are
given at Figure 3. The “pocket by pocket” sensitivity is
around 30 % for the top 5 % of the predicted binders, be-

tween 50 % and 60 % – for the top 10 %, and above 70 %
for the top 15 %. The “all pockets” sensitivity is slightly
better than that of single pockets. It starts from 40 % for
the top 5 % and reaches 80 % for the top 15 %. No additivi-
ty exists between pockets. This result confirms once again
that the binding on MHC is not additive and rejects the hy-
pothesis of Independent Binding of Side chains (IBS hy-
pothesis).[30]

Figure 3. Average sensitivity for single pockets and all pockets at top 5 %, 10 % and 15 % of the best predicted binders.
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4 Discussion

The main prerequisite for a peptide to act as a T-cell epi-
tope is that it binds to an MHC protein. Because of the
large number of MHC proteins and antigenic peptides, the
experimental identification of MHC binders is a prohibitive-
ly time consuming and expensive process. The only tracta-
ble alternative approach is MHC binding prediction using
computational methods.

There is a great variety of computational methods for
MHC binding prediction. They can be classified into two
groups: sequence-based and structure-based. Sequence-
based approaches develop prediction models based on
large datasets of experimental data. Such methods are
motif searching,[31] quantitative matrices,[4–6,32,33] Artificial
Neural Networks,[7–10,34–36] Hidden Markov Models,[11,37] and
Support Vector Machines.[12,13,38–40] Structure-based methods
make use of the 3D structure of the binding peptide –
MHC protein interface and analyze the interactions be-
tween them. Here are included protein threading,[41,42] ho-
mology modelling,[43,44] and docking.[45–47] A significant po-
tential advantage of structure-based methods is their ability
to predict binding to structures where experimental data
are absent or are insufficient. The aim of both ligand-based
and structure-based MHC binding prediction is to identify
viable biophores that interact with the great variety of
binding sites implicit within the population of MHC mole-
cules. In immunology, such biophores are typically termed
motifs.

The method described in the present study is a struc-
ture-based one utilizing the technique of molecular dock-
ing to derive quantitative models for MHC class II binding
prediction. The only input data used in the models devel-
opment are the X-ray structures of known peptide – MHC
protein complexes. The method was applied to 12 HLA-
DRB1 proteins and tested on an external set of 4540
known binders. It recognizes 80 % of the true binders in
the best predicted 15 % of all overlapping peptides, origi-
nating from one protein. Due to the high resource implica-
tions of experimental testing, when scanning a large pro-
teome high numbers of false positives present a greater
problem than high numbers of false negatives. Taking into
account only the best predicted binders significantly re-
duces the number of false positives.

ChemScore is an empirical function which uses four
terms to approximate individual contributions to the bind-
ing energy: hydrogen bonding, lipophilic interactions,
metal-ligand binding and loss of ligand flexibility.[48] The
ChemScore implemented in GOLD contains additional
terms accounting for atom-atom clashes and internal tor-
sion interactions, which compensate for close contacts and
poor internal conformations encountered during dock-
ing.[49] Original ChemScore uses block functions. The GOLD
implementation of ChemScore, uses a Gaussian-smoothed
function to account for contact terms. The hydrogen-bond
term is a sum over all possible donor-acceptor pairs, where

one atom belongs to the protein and the other to the
ligand. The lipophilic term is the sum over all lipophilic
atoms in the protein and the ligand. The metal-binding
term is computed as a sum over all possible metal-ion ac-
ceptor pairs, where the acceptor is an atom in the ligand
capable of binding to a metal. The rotatable-bond freezing
term, used to estimate the entropic loss that occurs when
single, acyclic bonds in the ligand become nonrotatable,
accounts for frozen rotatable bonds in the ligand.

The term “pocket profile” was coined for the first time by
Sturrniolo.[4] Sturniolo’s method based on MHC pocket pro-
files is an example of a structure-based method for MHC
binding prediction. Each MHC pocket on the binding site is
determined by a set of amino acids; some are conserved,
others are polymorphic. The interactions made by all natu-
ral amino acids with a given pocket establish the pocket
profile. Pocket profiles are nearly independent of the re-
maining MHC binding site.

Peptides which bind to MHC proteins are extremely flexi-
ble molecules with very many low-energy conformations.
Also, the binding site on class II proteins is open-ended
which potentially allows a peptide to bind in several differ-
ent registers.[50] To remove a part of this uncertainty, many
MHC class II predictors use the “one binder – one pattern”
assumption. Another approximation used by QM methods
is the additivity concept based on the IBS hypothesis,[30]

which considers the binding affinity as a linear sum of the
binding affinities at each peptide position. However, pep-
tide binding to MHC molecules is neither single pattern-
based, position-independent, or linear additive. The ab-
sence of additivity was demonstrated in the present study.

In conclusion, the new structure-based method for MHC
binding prediction described in the present study is a relia-
ble tool for the large-scale screening of potential T-cell epi-
topes. It facilitates experimental laboratory work reducing
significantly resource requirements, including practitioner
times and labour.
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