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Abstract

With its implications for vaccine discovery, the accurate prediction of T cell epitopes is one of the key aspirations of computational
vaccinology. We have developed a robust multivariate statistical method, based on partial least squares, for the quantitative prediction of
peptide binding to major histocompatibility complexes (MHC), the principal checkpoint on the antigen presentation pathway. As a service
to the immunobiology community, we have made a Perl implementation of the method available via a World Wide Web server. We call
this server MHCPred. Access to the server is freely available from the biiRi://www.jenner.ac.uk/MHCPredlVe have exemplified our
method with a model for peptides binding to the common human MHC molecule HLA-B*3501.
© 2003 Elsevier Inc. All rights reserved.
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1. Introduction call the pathogen. This is implicit in the terms antigenic
and immunogenic. A peptide is not antigenic if the im-
The advent of the post-genomic era has irrevocably mune system does not respond to it. A good example of
changed the intellectual landscape of the biosciences: itsthis is the major histocompatibility complex (MHC) re-
implications suggest that we should be able to gain accessstriction of T cell responses. A particular MHC allele will
to information about biological function at a rate, and on a have a peptide specificity that may, or may not, overlap,
scale, previously beyond our wildest expectations. The term with other expressed alleles, but the total specificity of all
genome is already passe, and in its wake has come many newalleles, expressed within an individual or population, will
definitions. The Biome, and hence biomics, is an all encom- not cover the whole of sequence space. Thus, peptides with
passing term covering all such definitions. An oft-neglected sequences that do not bind to any of an individual’s allelic
part of the Biome is the immunome: the set of antigenic MHC variants cannot be antigenic within a cellular con-
peptides, or immunogenic proteins, within a microorganism, text. The ability to define the specificity of different MHCs
be that virus, bacteria, fungus, or paragite?]. It is also computationally, which we may call in silico immunomics,
possible to talk of the self-immunome, the set of potentially a part of computational vaccinology or computer-aided
antigenic self-peptides. This is clearly important within the vaccine design, is an important, but eminently realizable,
context of, for example, cancer (the cancer-immunome) andgoal of immunoinformatics, the application of informat-
autoimmunity (the auto-immunome), which affect about 30 ics technigues to immunological macromolecules, a newly
and 3% of the global population, respectively. emergent sub-discipline within bioinformatics. At the heart
The nature of the immunome is clearly dependent upon of computational vaccinology is the challenge of epitope
the host as much as it is on what we shall, for convenience, prediction.
Epitopes are chemical moieties recognized by the im-
mune system. While the importance on non-peptide epi-
Abbreviations:MHC, major histocompatibility complex; TCR, T cell topes, such as lipids and carbohydrates, has become well
receptor; MFI, maximum _ﬂuoresence intensity; ER, endoplasmic reticu- recognized in recent years, peptide T cell and B cell
lum; GUI, graphical user interface . . .
* Corresponding author. Tel:44-1635-577954; epitopes (as meqlated by theT cellular gnd humoral immune
fax: +44-1635-577901/577908. systems, respectively) are still the main tools by which the
E-mail addressdarren.flower@jenner.ac.uk (D.R. Flower). immune system can be examined. The accurate delineation
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of T cell and B cell epitopes, around which polyepitope vac- 2.1.2. Peptides and binding affinities

cines are constructed, is the key challenge for informatics

with immunobiology.

Techniques for the prediction of B cell epitopes often
lack sophisticatiorf3,4], many relying on an elusive knowl-
edge of protein structulf®]. However, much more advanced

Models implemented within the MHCPred server were
generated from 1€y values, characterising the affinity of
peptides for MHC molecules, collated from the literature
and accumulated in the JenPep relational database system
[8], our storehouse of quantitative affinity measures for pep-

methods for the prediction of T cell epitopes have been tide interactions within immunobiology. Kg values were

developed6]. It is now generally accepted that only pep-

obtained from radioligand competition assays. Kig or

tides that bind to MHC at an affinity above a threshold can equilibrium dissociation constant, of the test peptide can be

function as T cell epitopef23] and that, at least broadly,
MHC-peptide affinity is well correlated with the extent of

the resulting immune response. It is fair to say that most
modern methods for T cell epitope prediction rely, at least Kp =

conceptually, on predicting the affinity of peptide binding to
MHCs.

We have recently developed a 2D-QSAR approach to

the prediction of peptide-MHC binding7], which we

have christened the additive method. It is based on the

well-known Free-Wilson concept, but utilizes additional

terms to account for the effect of side chain correlation.

In the present work we introduce a World Wide Web

service called MHCPred, which implements this method.

MHCPred is composed of a variety of widely distributed

human allele-specific quantitative structure activity rela-
tionship (QSAR) models built using partial least squares
(PLS), a robust multivariate statistical method. This paper *D =

deals solely with binding to class | MHCs. In what follows

obtained from these I§g value using the classic relationship
derived by Cheng and Pruss¢#].

ICs0

= 1
1+ ((LZJ/KD) @

where K} is the dissociation constant for the inhibitor or
test peptide,KS the dissociation constant for the standard
radiolabelled peptidel[tsot] the total concentration of the ra-
diolabel. This relation holds at the midpoint of the inhibition
curve under two principal constraints, the total amount of
radiolabel is much greater than the concentration of bound
radiolabel and that the concentration of bound test peptide
is much less than the Hg. For competition assays, it can be
shown that 1Gg values may be defined by

i [Rieel(ICs0 — [RL'])
[RL]

(2)

we will describe the server and exemplify our approach by where [RL] is the concentration of test peptide bound to

presenting a new allele model of HLA-B*3501 (B3501),

MHC andRsee the concentration of free MHC. BotiRfee]

a common human class | allele. B3501 is a member of and [RL] are independent of the testdgvalue. It is clear
the B5 cross-reactive group (CREG), which includes the from this that the dissociation constant varies witladGat

closely related alleles HLA-B53, HLA-B51, HLA-B52,
HLA-B35, and HLA-B58. HLA-B35 is associated with

least within a single experiment. In practice, the variation in
IC5 is often sufficiently small that values can be compared

subacute thyroiditis, where presentation of self-peptides between experiments.

or certain virus peptides by this allele may be involved in

mediating pathogenesis, and with accelerated progressior?.1.3. Additive method

from HIV infection to AIDS.

2. Materials and methods
2.1. Server development

2.1.1. Server software

MHCPred is an implementation of the additive method
and covers a range of different allele modgls MHCPred
runs as a CGlI server, written in Perl, running under Mi-
crosoft windows NT. MHCPred is freely available via the
World Wide Web from the URLhttp://www.jenner.ac.uk/
MHCPred The interface is straightforward and intuitive: the

sequence of a protein antigen is entered, an MHC allele andacids contributions at each position,

Extracted 1Gg values were first converted to log[14€}
values (or—log;o[ICsg] or plCsg) and used as the depen-
dent variables in a QSAR regression. As eluded to earlier,
plCso can be related to changes in the free energy of binding
AGping ¢ —RTInICsq. The plGy values were predicted
from a combination of the contribution®) of individual
amino acids at each position of the peptide and contributions
from side chain—side chain interactions

9 8 9—j
pICso = constant- » P+ Y PPy (3)
i=1 j=li=1

where the constant accounts, at least nominally, for the pep-
tide backbone contributiony"?_, P; is the sum of amino

a
> PPy

affinity threshold are selected, and the program run. Addi- is a series of summations for pairwise interactions between
tionally, an arbitrary motif can be entered to further restrain side chain of increasing sequence separation. In order to
the search results. The results page produced, subsequentlgimplify this equation, and make it more mathematically

displays a sorted list of nine amino acid substrings of the tractable, we made use of the observation that class | MHC
entered antigen sequence in order of calculated affinities. bound peptides assume extended but twisted conformations,
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so that adjacent side chains point in essentially opposite di-

rections, both (1)—(2) and (1)—(3) interactions are possible

between side chains. The resulting equation takes the form

9 8 7

pICs, = constant- ZPi + ZP;P;H + ZP,»P,»+Z
i=1 i=1 i=1

(4)

The need to handle data matrices with more variables

than observations led us to utilize partial least squares, as

the predictor of biological activity, as implemented within
Sybyl6.7 [10]. Column-filtering and scaling were deacti-
vated and the optimal number of components found via
cross-validation using SAMPLL1]. Summations stop at

nine because we are examining only nine amino acid pep-
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Table 1
MHCPred server: statistics for the different models currently implemented
n ? NC SEP r?
Model statistics for additive method
A*0101 95 0.420 4 0.907 0.997
A*0201 335 0.377 6 0.694 0.731
A*0202 69 0.317 9 0.606 0.943
A*0203 62 0.327 6 0.841 0.963
A*0206 57 0.475 6 0.576 0.989
A*0301 70 0.305 4 0.699 0.972
A*1101 62 0.428 3 0.593 0.977
A*3101 31 0.453 6 0.727 0.990
A*6801 37 0.370 4 0.664 0.974
A*6802 46 0.500 7 0.647 0.983

Multivariate statistics parameters for the different models currently im-

tides, the commonest |ength of epitope observed experimen_plemented within the MHCPred server. The definition of the different

tally. Were sufficient data available, we could equally well

parameters is given ifection 2

construct such analyses for other observed epitope lengths:

principally 8, 10, or 11 amino acid peptides. Unfortunately,
such data is not currently available.

where Ypreq is the predictedYops the observed, andl the
average dependent variable, in this casg$CSEP and SEE

Leave-one-out cross-validation was used to assess the preare standard errors for prediction, and assess the distribu-
dictive power of the models. These parameters are definedtion of errors between observed and predicted values in re-

later andg? is given by the equation

PRESS

e — )

where

PRESS=') " (Yobs— Ypred)? ©6)
i=1

SSQ= Z(Yobs_ Y)Z )

i=1
Standard error of prediction (SEP) is given by the formula

+PRESS
n—1

where n is the number of observations. The non-cross-

SEP= (8)

gression models. The value is a distance measure between
distributions of the predicted values and the error in predic-
tion. As theF value increases, so does confidence that the
means and, thus the distributions, are different.

A set of different models was generated. These covered a
range of human alleles: A*0101, A*0201, A*0202, A*0203,
A*0206, A*0301, A*1101, A*3301, A*6801, A*6802, and
B*3501. These exist in high frequency within human pop-
ulations and significant binding data have been reported
for each allele. To further exemplify the method, we also
present, more fully, derivation of an additive model for the
B*3501 allele {Table 1.

2.1.4. B*3501 model

A set of 52 nonameric peptides was used as a training set
(Table 2. Although more than 52 B*3501 nonamer binders
could be extracted from the JenPep database, this set was

validated models were assessed using standard multiplepreferred as it was synthesised and analysed by the same

linear regression (MLR) parameters: explained variarce
standard error of estimate (SEE), éfdatio andr? is given
by the formula

Z?:;L(Ypred - Y)Z Z?zl(yobs - Ypred)z

2 _ 2 _
r- = n =2 r-= n =
Zizl(Yobs— Y) Zizl(Yobs— Y)
©)
The standard error of estimate (SEE) is defined as
\/Z:’l:l(yobs— Ypred)2
SEE= (10)

n—k—1
wherek is the number of variables. THeratio is given by
the formula
ZLl(Ypred— y)Z/k

Fok =
" Z?:l(yobs— Ypred)z/” —k-1

11

experimental group. As before, dgvalues were calculated
from a quantitative assay based on the inhibition of radiola-
beled standard probe peptide FPFKYAAF binding to deter-
gent solubilized MHC molecules. The selected set of pep-
tides was analysed using the approach outlined as described
earlier and in Doytchinova et dI7].

3. Results
3.1. The B*3501 model

Previous, empirical, analysis has delineated an HLA-
B*3501-specific motif which exhibits a strong preference
for Proline at position 2 and a similar strong preference
for hydrophobic and/or aromatic residues (Phe, Met, Leu,
lle, or Tyr) at position 9. Position 4 is mostly occupied
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Table 2 Table 3
List of peptides used in this study of HLA-B*3501 Amino acid populations with HLA-B*3501 data set
Number Peptide sequence Reference  splG-logio[ ICso]) Abundance of amino acids at each peptide position
1 MPLETQLAI 35 7.509 1 2 3 4 5 6 7 8 9
2 LPSDFFPSV 36 6.767 M5 P49 L5 E7 T5 Q13 L10 A5 112
3 HPAAMPHLL 36 6.573
L12 A2 S5 D5 F5 F8 P4 S6 V6
4 MPLETQLAI 37 7.553
H3 G1 A6 A3 M1 P1 H3 L3 L18
5 YPAEITLTW 37 7.268
Y 2 Y2 V2 12 T2 Q5 T4 W3
6 LPSDFFPSV 37 6.526
T2 K3 P3 K3 N2 W2 M1 VY1
7 TPYDINQML 37 4,752
D1 G2 Q1 A3 12 M1 P10 M4
8 DPKVKQWPL 37 5.249
F 14 N1 R8 P12 S3 V9 Q2 F6
9 LPGPKFLQY 37 6.830
I 4 V9 S6 G4 V3 E2 R3 A1l
10 MPNQAQMRI 38 5.985
w1 I3 N1 S2 K2 S3 18 T1
11 FAVRPQVPM 38 7.886
s3 T2 L3 L4 A4 F4 K2
12 FPISPIETV 38 5.978
V2 P2 Y1 N1 H1 13 V4
13 LPTNASLSF 38 6.939
c2 F4 C3 R2 C1 A2 F2
14 FPPEGVSIW 38 5.373
G1 H1 T4 V4 L7 C1 E1
15 IPFLTKFKL 38 5.046
W1 H1 H1 W1 Y2 w1
16 IPSYKKLIM 38 7.013 02 F1 D1 G1 K1
17 IPIPSSWAI 38 7.268 E1 K1 E1 D1
18 FPHCLAFSI 38 7.538 c1 11 01
19 WPLLPHVIF 38 6.745 R1 G1
20 LPFRNCPRF 38 6.398 b1
21 SPATLLLVL 38 6.754
22 FPKAGLLII 38 5.885 The number of amino acids found in the data set per residue position.
23 MPFAGLLII 38 9.000 For simplicity, one letter code is used.
24 LPWHRLFLL 38 7.377
25 LPVFTWLAL 38 7.456 i o .
26 FPASFFIKL 38 7.824 the anchor residues are held within allele-specific pockets
27 FPVRPQVPL 38 7.658 (named A-F) formed by polymorphic side chains, which
28 HPQKVTKFM 38 5.558 are specific to a particular allele.
29 LPSIPVHPI 38 5532 For our set of 52 peptides, we have generated two models
30 HPEDTGQVF 38 6.686 ina the Additi thod:- taining iust th :
31 EPEVLAAN 38 7585 using the Additive method: one containing just the amino
32 LPQPPICTI 38 4.921 acid contributions and one with both amino acid and side
33 LPGCSFSIF 38 6.947 chain-side chain interactions contributions. The distribution
34 YPCTVNFTI 38 6.015 of amino acids at each position is summarizediable 3
35 VPISHLYIL 38 6.416 For the amino acids only model, the non-cross-validated pa-
3 chpeePsL 8 >605 t 2 _ 0.984, SEE= 0.118 andF = 41097
37 FPYLVAYQA 38 6.740 rameters are= = U.904, = U.lloandl = _
38 TPAEVSIVV 38 5.674 while the leave-one-out cross-validation (CV-LOO) gives
39 SPASFFSSW 38 5.373 g% = 0.435 and SEP= 0.710 and the number of compo-
40 MPREDAHFI 38 6.347 nents was 6. For the amino acids plus side chain interaction
41 LPTTLFQPV 38 5.805 model, the leave-one-out cross-validation giyés= 0.250
42 GPVTAQVVL 38 4.842 d SEP— 0.788 with " bering 5 and th
43 IPPSFLOAM 38 6.347 an = 0.788 with components numbering 5 and the
44 VPLSEDQLL 38 5.046 non-cross-validated parameters beifg= 0.985, SEE=
45 CPLERFAEL 38 6.987 0.112 andF = 53817. The contributions of the amino acids
46 LPDGQVIWV 38 4.921 at different positions are presentedRiy. 1.
47 SPSCPLERF 38 6.421 As the amino acids only model gives much the better
48 FPVRPQVPT 38 6.585 tatisti il onl lore thi del h Usi
49 FPVRPOVPM 38 7886 statistics, we will only explore this model here. Using a con-
50 FGVRPQVPL 38 5.432 tribution of 0.2 as a threshold for both positive and negative
51 FAVRPQVPL 38 6.830 contributions, and three letter codes for the amino acids, Phe
52 FPVRPQVPL 38 7.432 is favoured at position P1, while Ser, Thr, Asp, and Val all

A list of the 52 peptides used in this study. The peptide sequence, the make a negative contribution. For position P2, Proline is the
reference for the experimentally derived data, and thespBZe shown preferred amino acid, with Ala being deleterious. For posi-
[35-38} tion P3 Trp, Val, and lle are preferred amino acids, while Gln,
Lys, and Pro are deleterious. At position P4, His and Arg
by charged residues: Asp, Glu, or Lys. Comparison of the are favoured, while Ser and Gly contribute negatively. For
structures of different MHC class | molecules indicates position P5, Ser, Arg, Thr, and Phe are preferred, whereas
a general mode of peptide binding. While the N and C Gly, Val, and Glu are deleterious. For position P6, Phe and
termini of the peptides are positioned within the peptide Leu are preferred, while lle, Asp, and Val are deleterious.
binding groove by a network of conserved hydrogen bonds, For position P7, Phe, Leu, and Val are preferred, while Cys,
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Amino Acids and Interactions
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Fig. 1. HLA-B*3501 Model: contribution of position-wise Amino Acids. The contribution made by different individual amino acids at each position of

a generalized 9mer HLA-B*3501 binding peptide. A contribution is equivalent to a position-wise Amino Acid regression coefficient obtained by PLS
regression, as described in the text. Two models are shown: an amino acids only model and an amino acids plus pairwise side chain-side chmin interactio
model.
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Fig. 1. (Continued

Ser, and GIn contribute negatively. At position P8, Ala and chain interactions 1F3G, 7V9M, and 1F3l are favoured
Lys are preferred, while Thr is deleterious. Finally at P9, while 1L3G, 2G4R, 7V9Q and 7V9T make significant
Met and Phe contribute positively, whereas amino acids Thr negative contributions. As might be expected, for the case
and Trp make negative contributions. of HLA-B*3501, the two models (with-interaction and

For the with-interactions model, among the (1)-(2) side without-interaction) give quite different amino acid con-
chain interactions the most favoured is 1F2P; 8P9M, 8P9W tributions in some cases. This is data dependent, as the
and 1F2A are also well tolerated, while 2G3V, 8P9Q, 1F2G quality of the interaction data improves, so does the overall
and 8P9T contribute negatively. Among the (1)—(3) side statistics.
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Fig. 1. (Continued

Some of these observations find explanation in cry- and a shifting of the peptide main-chain. Accordingly, the
stallographic data. For example, the complex of HLA-B*3501 side chain of P4, P6 and P7 of tlebnapeptide are al-
with LPPLDITPY suggests that the MHC positions the most entirely exposed to the solvent, whereas, P5 is buried
C terminus in a uniqgue manner solely determined by in- deeply within the groov¢l2]. The catholic preference for
teractions with polymorphic residues of the heavy chain hydrophobic residues at position 9 is a unique feature of
independent of peptide length. It also reveals an altered HLA-B*3501. The phenomenon may be explained by the
conformation resulting in both compression of the peptide presence of residue Ser116, which may hydrogen bond to
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Fig. 1. (Continued

the Tyr side chain and, through its decreased size, mayture of HLA-B*3501 allele is that the C-terminus of the
increase the volume of pocket F allowing larger side chains bound peptide is found closer to the A-pocket than other
to be accommodated. On the other hand, Leu81 fills the HLA class | peptides. The altered C-terminal position of
“end” of the pocket and pushes this residue in the direction the peptide is accompanied by a shift of the N-terminal part
of pocket A and closer to thes-helix. This orientation of the ap helix which seems to be crucial for maintaining
allows the tyrosine—OH group to interact with Ser116 and the conserved H-bonds between Tyr84, Lys146, Thr143
Tyr74. Tyr99 usually hydrogen bonds with either ASP at and the terminal carboxylate of the peptide. These changes
P5 or, otherwise, with Tyr$12,13] Another unusual fea- are not dependent on peptide length and are characteristic
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Fig. 1. (Continued.

of HLA-B3501. Another unique property of HLA-B*3501  peculiarities, however, we would expect that these should
is the direct formation of H-bonds between the main chain decrease as the number and diversity of peptides we study
atoms of P5 and the side chains of Asn70 and Thr73 increases.
in contrast to other class | MHC molecules where such
interactions are typically mediated via water molecules. 3.2. The MHCPred server
However, peptide MHC complexes are relatively few in
number relative to the 14006- binding data we have Currently, MHCPred supports 11 class | HLA allele mod-
in our JenPep databa$8], and our ability to accurately els: A*0101, A*0201, A*0202, A*0203, A*0206, A*0301,
model or, to use the current terminology, dock a peptide to A*1101, A*3301, A*6801, A*6802, and B*3501. A useful
an MHC is confounded by the extreme flexibility of nine result from work on the definition of MHC binding motifs
amino acid peptides. Simple sequence changes can givevork is that MHC alleles can be clearly grouped together
rise to significant, and unexpected, changes in the pep-into so-called supertypes, which exhibit broad supermotifs,
tide conformation and thus binding mode. Thus, it is not based on the commonality of their substrate specifididy.
possible to account for all SAR in this way. Ultimately, Most of the models described earlier fall into the A2 and
sophisticated and powerful methods such as molecular A3 supertypes.
dynamics will be become the tool to examine such phe- The model for A*0201 has been described in detail before
nomena. [7], the model for B*3501 is described earlier, and details
In developing these methods, we have encountered prob-of the other models will be published elsewhgié,16]
lems rarely seen in QSAR analyses of small molecules: (Table ). This range of models, which focuses primarily
the size of the peptide molecules being studied, the num-on the HLA-A locus, represents a set of alleles which are
ber of molecules being investigated (maybe 10 times widely distributed in the human population and for which
greater) and the great diversity of physicochemical prop- considerable binding data is available. As ever, the quality
erties associated with each position of the peptide beingof data is reflected in the quality of predictive models. We
examined. While the additive method cannot explain the anticipate that we will extend this number significantly with
nature of forces involved in such interaction, be that steric, an increased number of models for both mouse and human
electrostatic, hydrophobic, or hydrogen bonding, or some alleles, with an increasing focus on the HLA-B and HLA-C
combination thereof it can quantitatively assess the signif- loci.
icance of individual side chains for the affinity, leading to Although we have implemented the method as a server,
the straightforward design of enhanced binders. Moreover, it is possible to perform the calculation by hand, and it is
these results may contain minor, model specific, statistical illuminating to review this approach. Take, for example, the



204 C.K. Hattutawagama et al./Journal of Molecular Graphics and Modelling 22 (2004) 195-207

peptide FPIRSFVPM the most significant problem with the motif approach is

that it is, fundamentally, a deterministic method. A peptide

pICsy = constantt 1F + 2P+ 31 + 4R+ 55+ 6F + 7V is either a binder or is not a binder. A brief reading of the
+ 8P+ 9M + 1F2P+ 2P3I+ 314R + 4R5S literature shows that motif matches produce many false pos-

itives, and are, in all probability, producing an equal number
+5S6F+ 6F7V+ 7VBP+ 8POM+ 1F31 + 2P4R of false negatives. Indeed there are many examples where
+ 3155+ 4R6F+ 5S7V+ 6F8P+ 7VIM peptides without both dominant anchors still bind with high
affinity.

A more accurate description of this phenomenon is to
say that MHCs bind peptides with an equilibrium binding
constant dependant on the nature of the bound peptide’s
PICso = 6.261+0.404+0.09740.04— 0.01+0.105 sequence. The driving forces behind this binding are pre-

+0.083+ 0.093—- 0.031+ 0.230+ 0.501 cisely the same as those driving drug binding. Within the
+0.04 + absentt absent- 0.04 4+ absent human population there are an enormous number of differ-
ent, variant genes coding for MHC proteins, each exhibiting

substituting each term by its quantitative value the final cal-
culated plGg value is 8.723.

—0.009+ 0.266+0.209+ 0.087 a different peptide-binding sequence selectivity. T cell re-
+ 0.066+ absentt absent- 0.015 ceptors, in their turn, also exhibit different affinities for
+0.266=8.723 pMHC. The combined selectivity of both MHCs and TCRs

determines the power of peptide recognition within the im-
It is important to note that as the number of absent values mune system and through this phenomenon the recognition
increases, the chance of incorrect prediction also increasesof foreign pathogens.
The coefficients for these missing values can be set to be Experimentally, there are many ways to measure binding
negative in order to decrease the number of false positivesaffinity. 1Cso values are the most widely quoted binding
high binders generated. When one wishes to be cautiousaffinity measures and are calculated from a competitive
then this value is set to be large, when one is keen to bebinding assay[22]. The value given is the concentration
more catholic then it would be set at a considerably lower required for 50% inhibition of a standard labelled peptide
value. The MHCPred server currently uses a value of 0.0 by the test peptide. Therefore, nominal binding affinity is
for both missing amino acid and missing amino acid plus inversely proportional to an I value. Once a peptide has
interaction terms. bound to a MHC to be recognised by the immune system,
the pMHC complex has to be recognised by one of the
TCRs of the T cell repertoire. It is generally accepted that
4. Discussion a peptide binding to an MHC may be recognized, by a
TCR, if it binds with a plGy > 6.3 [23]. There is some
Different MHC alleles, both class | and class Il, exhibit evidence suggesting that as the MHC binding affinity of a
different peptide specificities: peptides are bound with par- peptide rises, the greater the probability that it will be a T
ticular sequence patterns, leading to the development ofcell epitope. The prediction, then, of MHC binding is both
so-called motif§17]. Motifs are usually expressed in terms the best understood, and, probably, the most discriminating
of anchor residues: the presence of certain amino acids atstep in the presentation-recognition pathway. A pragmatic
particular positions that are thought to be essential for bind- solution to the as yet unsolved problem of what will be
ing. Taking human class | allele HLA-B*3501 as our ex- recognised by the TCR, and thus activate the T cell, is to
ample, previous studies have indicated the need for anchorgreatly reduce the number of possible epitopes using MHC
residues at positions 2 (Pro) and 9 (hydrophobic or aromatic binding prediction, and then test the remaining candidates
residues, such as Phe, Met, Leu, lle and especially Tyr). Pri-using some measure of T cell activation, such as T cell
mary anchor residues, although generally deemed to be neckilling or thymidine incorporation.
essary, are not sufficient for peptide binding, and secondary In this paper we have exemplified a recently devel-
anchors, residues that are favourable, but not essential, fooped method for the prediction of MHC binding]: a
binding may also be required; other positions show posi- Free-Wilson based QSAR approach called the additive
tional preferences for particular amino acids. Moreover, the method. We report here a new example of the method
presence of certain residues at specific positions of a peptidgHLA-B*3501), and an Internet server called MHCPred.
can have a negative effect on bindifig,18,19] Although There has, in the last 5-10 years, been a sea change in the
motif methods are admirably simple—it is easy to imple- way in which computer scientists have made their methods
ment either by eye or more systematically scanning protein available to others: servers have replaced, or are replacing,
sequences computationally—there are many problems withother methods, such as the distribution of tapes or the use of
the motif approach. Although it is possible to score the rela- FTP sites. This change has many corollaries: although the
tive contributions of primary and secondary anchors to pro- creators of servers can maintain a great degree of secrecy
duce a rough and ready measure of binding affift;21), regarding both algorithmic details and the nature of their
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implementation, this is compensated for by the easy of use When one begins to write up a paper for publication,
of HTML user interfaces, particularly amongst novices, and experience has taught us to accentuate the positive, oblig-
questions of interoperability are addressed, to some extenting us, sometimes at least, to obfuscate the negative. At
at least, by the use of automated CGl/perl. the prompting of Editor and Referees, we are minded to
A number of methods for the prediction of MHC binding be more open and candid in discussions. Clearly there is
affinity have now been implement as servers accessible viamuch in our work that might concern referees. As compu-
the World Wide Web. A number of these target class | only, tational chemists practicing QSAR, unfortunately much of
class Il only, or target both antigen presentation pathways. it is out of our hands. For example, the peptide sets we
Class | methods include PREDICHt{p://sdmc.krdl.org.sg:  use are larger than is typical in the pharmaceutical litera-
8080/predicly, Ipprep bttp://reiner.bu.edu/zhiping/lppep. ture, at least for activity, as opposed to physical property
html), BIMAS (http://bimas.dcrt.nih.gov/molbio/hlaind/) (i.e. ADMEY) related, prediction. The peptides themselves
[24], PREDEP ittp://bioinfo.md.huji.ac.il/marg/Teppred/ are physically large in themselves, and their physical proper-
mhc-bind)], NetMHC (http://www.cbs.dtu.dk/services/ ties are extreme. For example, they can be multiply charged,
NetMHC)). Class Il methods include [MHC-THREAD zwitterionic, and/or exhibit a huge range in hydrophobicity.
(http:/lwww.csd.abdn.ac.ukgjlk/MHC-Thread) [25], Epi- The sequences, and thus the properties, of the peptides are
Predict bttp://www.epipredict.de/index.htinl[26], HLA- heavily biased in our peptide sets. This results in part from
DR4 binding bttp://www-dcs.nci.nih.gov/branches/surgery/ processes of pre-selection that result in self-reinforcement.
sbprog.html [27], ProPred ({ttp://www.imtech.res.in/  Simple motifs are often used to reduce the experimental bur-
raghava/propredl{28]. The SYFPEITHI website is the only  den of epitope identification: very sparse sequence patterns
on-line method that covers both class | and class Il are matched and the corresponding peptides tested, with an
(http://syfpeithi.bmi-heidelberg.com/Scripts/MHCServer. enormous concomitant reduction in peptide diversity. More-
dil/EpiPredict.htm [20]. The provenance of certain of these over, affinity data is of an intrinsically inferior quality: mul-
methods is uncertain as many remain unpublished. tiple measurements of the same peptide may vary by several
In contrast to the methods implemented in these servers,orders of magnitude, some values are clearly wrong, a mix
we have taken a quantitative approach to the prediction of of different standard peptides are used in radioligand com-
MHC binding, which is important for several reasons. First, petition assays, experiments are conducted at different tem-
it allows for a clear and unbiased comparison with measuredperatures and over different concentration ranges. We are
affinities. The only other quantitative method currently im- also performing a “meta-analysis” almost certainly forcing
plemented on-line is BIMA$24]. This server differs from many distinct binding modes into a single QSAR model.
ours in that it predicts kinetic, rather than thermodynamic, In an ideal world we would look at a variety of “internally

properties of the dissociation of the Migg microglob- rich” data from ITC, volumetric analysis, and fluorescence
ulin complex, rather than the energetics of peptide-MHC spectroscopy, but to do this on an appropriate scale would
interaction. be prohibitively time consuming and expensive. Where one

Secondly, binding affinity is clearly the product of the might conceive of doing this for a single allele, there are
interactions of whole peptide with the receptor molecule, dozen upon dozen of common alleles in the human pop-
and thus methods based on anchor positi@® are un- ulation and hundreds more at lower frequency in the total
likely to generate a low proportion of either false positive population, albeit many have interesting links to disease. To
or false negative predictions. Thirdly, because our method pursue this for all “interesting” alleles is, thus, currently be-
is quantitative, it has direct application to the important area yond the scope of existing methodology. Compared to all
of heteroclitic peptide generatig@9]. Heteroclitic peptides  of these caveats concerning data quality, concerns about pa-
are modified natural, mildly immunogenic peptides with rameterization pale somewhat. Nonetheless, one may also
enhanced MHC binding, and, typically, enhanced T cell raise legitimate concerns about the methodology. In COMFA
responses. Use of our approach allows the rapid identifica-and CoMSIA, tens of thousands of variables (i.e. GRID po-
tion of amino-acid substitutions likely to increase binding sitions) are correlated with a single activity measure. We do
and thus T cell activation, with a concomitant benefit in the something similar but derive these variables from a set of
development of epitope based vaccines. peptide sequences. Ours are indicator variables, of course,

The additive method relies on the existence of amino acids and we produce a regression equation against those rather
at a particular position within the training setin order foritto than against continuous variables as in CoMFA. Clearly, our
reliably predict the effect of that residue, at that position, on method is not perfect, nor do we pretend that it is. Nor, let
affinity in other peptide sequences. Apart from the addition us be fair, are methods in use by others. The failure of our
of other human and mouse allele models, future technical methods, and those of others, is as much to do with prob-
developments will include implementing a descriptor based lems relating to the underlying data as it is to do with minor
[30,31], rather than a contribution based, approach to peptide methodological flaws. One principal criticism of our statis-
QSAR. This will have a significant impact on the generality tical methodology is, however, the chance of over fitting our
of the method and allow us to predict the effect on binding models. Our X-block is very ‘over-square’ with insufficient
of non-natural amino acids more accurately. degrees of freedom for us to undertake an exhaustive and
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