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Abstract

Specific binding of antigenic peptides to major histocompatibility comgMkiC) class | molecules is a prerequisite

for their recognition by cytotoxic T-cells. Prediction of MHC-binding peptides must therefore be incorporated in any
predictive algorithm attempting to identify immunodominant T-cell epitopes, based on the amino acid sequence of the
protein antigen. Development of predictive algorithms based on experimental binding data requires experimental testing
of a very large number of peptides. A complementary approach relies on the structural conservation observed in
crystallographically solved peptide-MHC complexes. By this approach, the peptide structure in the MHC groove is used
as a template upon which peptide candidates are threaded, and their compatibility to bind is evaluated by statistical
pairwise potentials. Our original algorithm based on this approach used the pairwise potential table of Miyazawa and
Jernigan(Miyazawa S, Jernigan RL, 1996,Mol Biol 256:623—644 and succeeded to correctly identify good binders

only for MHC molecules with hydrophobic binding pockets, probably because of the high emphasis of hydrophobic
interactions in this table. A recently developed pairwise potential table by Betancourt and Thir(Bedaicourt MR,
Thirumalai D, 1999Protein Sci 8361-369 that is based on the Miyazawa and Jernigan table describes the hydrophilic
interactions more appropriately. In this paper, we demonstrate how the use of this table, together with a new definition
of MHC contact residues by which only residues that contribute exclusively to sequence specific binding are included,
allows the development of an improved algorithm that can be applied to a wide range of MHC class | alleles.

Keywords: knowledge-based prediction; MHC class |; pairwise potential; peptide-protein binding; predictive
algorithm

Cytotoxic T-cells(CTLs) recognize short peptides of 8-10 resi- are expected to be included within the subgroup of high affinity
dues, the processing products of a protein antigen, bound to majdrinding peptides, and therefore prediction of MHC binding pep-
histocompatibility compleXMHC) class | molecules. The MHC- tides should narrow down remarkably the number of candidates for
peptide complex is presented to the T-cell receptor on the cell-cell epitopes.
surface of antigen presenting cellaPCs. Since CTLs play a Binding of peptides to MHC molecules is allele specific. Se-
major role in the immune system, the prediction of potential pep-quence requirements for binding were defined by investigating sets
tides that can elicit a T-cell response has important implications foof peptides with the capability to bind to a given MHC molecule.
rational design of peptide vaccines and cancer therapy. One of thEhese studies enabled the characterization of simple sequence mo-
major factors that determine which peptides, along a protein setifs that have been used extensively to predict antigenic peptides
quence, will be immunogenic is their ability to bind to MHC along a protein sequen¢Rammensee et al., 1993\n alternative
molecules. Furthermore, it was shown that high binding affinity to the motif based prediction is the weight matrix approé®étte
correlates with immunogenicityChen et al., 1994; Sette et al., et al., 1989; Ruppert et al., 1993; Parker et al., 1994; Gulukota
1994b; Ressing et al., 199%1ence, most of the antigenic peptides et al., 1997; Sturniolo et al., 198By this approach, a matrix with
weights for each of the amino acid residues in every position along
the peptide can be generated for a given MHC allele, based on
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priate matrix. An advantage of using the matrix approach, in com- The algorithm uses a list of MHC contact residues for each

parison to the motif-based approach, is that it covers a wider rangpeptide position. Peptide-MHC binding involves general as well as

of peptides with binding potential and that it gives a quantitativesequence-specific interactions. The general interactions involve a
score to each peptide, enabling the ranking of the predicted pemonserved network of hydrogen bonds between MHC side-chain
tides. A serious obstacle is that the generation of a matrix for eachtoms and the peptide backbone. The sequence-specific inter-
MHC allele requires the experimental testing of hundreds ofactions can be largely represented by contacts between MHC res-
peptides. idues and the peptide side chains. For the algorithm, we need to

An alternative approach to the sequence-based prediction schemeapture side-chain—side-chain interactions that constitute the bind-
relies on structural informatiofAltuvia et al., 1995, 1991 Here, ing specificity. However, an MHC side chain may be in contact
no experimental testing of a large set of different peptides for eachvith a peptide side chain as a consequence of its interaction with
allele is required. It is based on known structures of peptide-MHCthe peptide backbone, and its explicit contribution to specificity
complexes and evaluates the compatibility of different peptides t@annot be ascertained. Here, we demonstrate that when the defi-
fit into the binding groove of a distinct MHC molecule. This can nition of MHC contact residues takes this consideration into ac-
be obtained by threading the peptides through their structural temezount, the algorithm is significantly improved.
plates and obtaining a rough estimate for the binding energy of a In summary, the use of a pairwise potential matrix that describes
peptide in the groove, based on the interactions between the pefhie hydrophilic interactions more appropriately, together with the
tide and the MHC residues, as defined in a solved crystal. A solvediew definition of MHC contact residues by which only residues
structure, or a structural model based on a similar MHC allelethat contribute exclusively to sequence specific binding are in-
provides the information for generating a list of MHC contact cluded, allows the development of an improved algorithm that can
residues for each peptide position. The contributions of the paibe applied to a wide range of MHC class | alleles.
interactions between each peptide residue and its neighbors in the
MHC structure are summed up according to a knowledge-basegesuItS
pairwise potential matrix. The peptide score is obtained by sum-
ming up the “energy” values along all peptide positions, enablingln an attempt to improve the performance of the threading algo-
the ranking of different peptides by these scores, and choosing théthm, especially for MHC alleles with dominant hydrophilic in-
peptides with lowest scoré%inding energies) as best candidates teractions, four alternative versions of the algorithm were tested.
for MHC ligands(Altuvia et al., 1995, 1997 They vary in at least one of the following parameté&se Mate-

The application of the structural approach is based on threeials and methods for definition(1) Definition of MHC contact
determinants(1) The availability of structural templates for pep- residuesSS MHC Sde chain— peptideSde chain interactions; or
tides bound to different MHC allele$2) the choice of a pairwise SS-SB SSwithout MHC Sde chain— peptide Backbone inter-
potential table; and3) the criterion for determining MHC and actions. (2) Table of statistical pairwise potentialJ, table of

peptide positions that are in contact. Miyazawa andJernigan(1996; or BT, table of Betancourt and
Various knowledge-based pairwise potentials have been derive@ihirumalai (1999).
from known protein structuregreviewed in Jernigan & Babhar, Our basic strategy was to evaluate the performance of each of

1996; Jones & Thornton, 1996; Skolnick et al., 199K basic  these versions in predicting the binding of peptides to different
approximation underlying these potentials is that the total “freeMHC class | alleles. The best version of the algorithm should
energy” of a protein can be expressed as a sum of independeperform reasonably well for a broad range of MHC alleles.
pairwise interactions. The frequency of amino acid pair residues Our analyses were based on the currently available structural
that are in contact in protein structures is assumed to represent thita of MHC class I-peptide complexes. Since the length of the
interaction preference between the two amino acids involved. Thipeptide that constitutes the structural template determines the length
interaction preference between two amino acids is expressed by itsf the threaded peptides, we have organized a data set of known
comparison with their affinity to a “reference state.” Various ma- binding peptides of that length for each MHC all¢dee Materials
trices have been published, differing in their character essentialland methods A total of 14 different data sets were compiled,
due to the distinct reference states uggkolnick et al., 199Y. In based on the combinations of MHC class | allele and peptide
one of the widely used tables of Miyazawa and Jerni¢fd85, length. For each version of the algorithm, the performance was
1996, the solvent has been used as the reference state, and tkealuated using the rank analysis, i.e., by ranking a known binding
resulting table puts much emphasis on hydrophobic interactiongeptide among a list of overlapping peptides of same length de-
Recently, Betancourt and Thirumal&éi999 have modified the rived from its source protein sequence. The version that performed
table of Miyazawa and Jernigan by changing the reference statieest in the training set was applied to the test set. In addition,
from solvent to a defined, single solvent-like molecule: the aminoexperimentally measured binding values were available to us for
acid threonine. The resulting matrix represents the physical champeptides in 7 out of the 14 different groups, and the best version of
acter of the hydrophilic interactions more adequately. In our prethe algorithm was further tested on these data.

vious studies, we have used the pair potentials of Miyazawa and

Jernigan to successfully identify binding peptides to MHC class |
alleles of hydrophobic charactékltuvia et al., 1995, 199)7 How-
ever, the algorithm failed when applied to other MHC class | A good algorithm is expected to rank good MHC binders high
alleles with hydrophilic pocketgAltuvia et al., 1997. Here, we  within all overlapping same-length peptides spanning the corre-
demonstrate how the pairwise potential table of Betancourt andponding source protein sequences. The peptides used for this
Thirumalai (1999 leads to a significant improvement in the per- analysis were either immunogenic peptidé&Ps, or naturally
formance of the algorithm, enabling its application to MHC alleles processed peptidé&dNPPS, or peptides from the cocrystal€P9

with binding pockets of various character. (see Materials and methgdall these ar&knownbinding peptides.

Choosing the optimal parameters for the algorithm
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This set of peptidesand their corresponding protein sequences contact residues and the talBd of statistical pairwise contact
was divided into a training set and a test set. All CPs were includegbotentials derived by Betancourt and ThirumdE899. It ranked
in the training set. The IGPs and NPPs were grouped according t87 out of 123 peptide$71%) within the first 15%. The average
their MHC restriction and length, and the peptides in each groupank for all the training set peptides was 0.13 and the robustness
were equally and randomly distributed between the training and.7. Detailed examination of the table leads to similar conclusions.
the test sets. The final training and test sets included 123 and 10Bor 11 out of the 14 different groups, this combination of param-
peptides, respectivelfTable ). For each combination of param- eters resulted in the highest number of known binding peptides
eters, the algorithm was applied to rank all the peptides in theanked within the first 15%. For HLA-B2705 the pairwise poten-
training set. tial table BT performed better than tablelJ; however, in this
The performance of the different algorithms on the training setcase, the MHC contact residues definiti88worked better. For
was compared for each group separately., on the 14 different HLA-A0201 (nonamers and HLA-A6801 (decamerg table MJ
MHC allele—peptide length combinationas well as for the whole seemed to work better. The choice of tB&/SS-SBparameter
group of sequences in the training set. The peptides were rankezbmbination is also supported by the average rank criterion, al-
according to their energy values. The first rank was assigned to th#hough its advantage is less eminent when looking at each MHC
peptide predicted to be the best binder, i.e., to the peptide witlallele separately.
lowest energy. Subsequently, the ranks were normalized and ex- The selected combination of paramet€&S-SBand tableBT)
pressed in fractions. The ranks of all known binding peptides withinwas subsequently tested on the independent tes&esefTable 2B
their source protein were recorded. Three criteria were used t@he overall performance was similar, but somewhat reduced in the
evaluate the predictioril) The number of known binding peptides test set. The relative rank of immunogenic peptides was slightly
ranked within the first 15% of all overlapping peptides of sameworse: 0.15 compared to 0.13 in the training set. Sixty-four percent
length within their respective sequencesnk= 0.15. (2) Average  of the known binding peptides were ranked within the first 15% of
rank of all the known binding peptide&) “Robustness” of algo-  all peptides of same length derived from the source prot{ems-
rithm (“average success”For each group, the fraction of known pared to 71% in the training getand the overall robustness de-
binding peptides predicted within the first 15% was calculated.creased from 0.7 to 0.62. The performance in the different groups
The average of these values represents a measure that is less sems similar for the test and training sets. An improvement could be
sitive to the large differences in the size of the different groups angeen for some groups, especially in HLA-B2705, while a drop in
should therefore reflect the overall robustness of the algorithm. performance was observed for others, especially in HLA-A6801
Table 2A summarizes the performance of different versions of(decamersand H-2D (nonamers The two evaluation measures
the algorithm on the training set. The best overall performance wadid not always show the same tendency: in four cases the test set
obtained by the algorithm that used t88-SBiefinition of MHC gave better performance with one of the measures and worse per-

Table 1. MHC-peptide solved complexes and experimental binding data used in this study

Data for ranking analysis Binding d&ta

MHC allele? IGPs NPPs CPs Train Test Good binders Nonbinders Al Structural data

HLA-A0201 (9) 86 —e 4 46 44 62 202 518 _ 1hhi1hhK, 1a0?, 1bd2, 1hhjt, 1akf,
1hhgt, 1b0g

HLA-A0201 (10) 26 —- 2 15 13 27 100 265 1h#h

HLA-A6801 (9) — 2 1 2 1 21 35 130  a68*

HLA-A6801 (10) 1 2 — 2 1 10 7 51  1tmt

HLA-B2705 (9) 6 16 — 11 11 11 44 66 _ 1h&abh27+8

HLA-B3501 (8) 2 — 1 2 1 1a1f

HLA-B3501 (9) 11 2 — 7 6 1a9F’, 1a9€°

HLA-B5301 (9) — 4 2 4 2 lalnt, 1ald?!

HLA-B0801 (8) 4 1 1 4 2 lagh?, 1agd?, lagd? lagé?, lagf?

H-2D" (9) 11 2 2 8 7 10 7 24 1hdé, 1ce6* 1bz@

H-2D¢ (10) 3 — 1 2 2 1bif®, 1ddHt®

H-2K® (8) 15 4 3 12 10 22 12 63  2vadj 1bgh'®, 10s2° 1vacd®, 2ckk?*

H-2KP (9) 2 — 1 2 1 2vab’, 1vad®

H-2L9 (9) 9 — 2 6 5 11d$?, 11dp*

Total 176 33 20 123 106 T

aLength of peptide is given in parentheses.
bBinding was measured by competition experiments and expressed in relative binding(sekidsaterials and methods
CIncludes good, intermediate, weak and nonbinders.
9PDB code, or: coordinates kindly provided by the authors. Underlined names indicate that the coordinates are available for more than one complex.
The references for the different structures are listed in the followiNgidden et al(1993; 2Garboczi et al(1996; 3Ding et al.(1998; “Gao et al(1997);
5Zhao et al.(1999; ®Silver et al.(1992; "Collins et al.(1995; ®Madden et al(1992; °Smith et al.(19960; °Menssen et al(1999; *'Smith et al.
(19963; ?Reid et al.(1996; ¥Young et al.(1994; “*Glithero et al.(1999; SAchour et al.(1998; ¥Corr et al.(1993; ’Fremont et al(1992; ®Kern
et al.(1998; °Ghendler et al(1998; *°Fremont et al(1995; ?*Garcia et al(1998; ?’Balendiran et al(1997); 2*Speir et al.(1998.
¢NPPs were not included for HLA-A0201, since this allele is already overrepresented.
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Table 2. Performance of algorithm in ranking a peptide within its protein sequence

(A) Training set (B) Test set
Number of Number of

MHC allele® peptides MJ/SS MJ/SS-SB B/ISS B7SS-SB peptides BT/SS-SB
HLA-A0201 (9) 46 0.07 419 0.09 40 0.17 28 0.10 35 44 0.15 27
HLA-A0201 (10 15 014 9 015 9 022 9 0.18 9 13 0.08 11
HLA-A6801 (9) 2 052 0 047 O 0.04 2 0.07 2 1 0.02 1
HLA-A6801 (10 2 010 2 0.10 2 012 1 0.18 1 1 069 O
HLA-B2705 (9) 11 052 0 057 0 0.08 8 015 6 11 0.07 10
HLA-B3501 (8) 2 033 0 027 0 027 1 020 1 1 0.04 1
HLA-B3501 (9) 7 024 2 023 2 029 3 0.27 3 6 025 2
HLA-B5301 (9) 4 024 2 017 2 012 2 0.08 3 2 013 1
HLA-B0801 (8) 4 030 O 021 O 0.02 4 0.01 4 2 0.06 2
H-2D" (9) 8 019 3 015 4 014 5 0.07 7 7 027 1
H-2D¢ (10) 2 070 O 072 0 031 1 043 1 2 033 0
H-2KP (8) 12 012 9 0.09 9 0.09 9 0.08 10 10 0.09 9
H-2KP (9) 2 019 1 017 1 0.10 2 0.10 2 1 0.02 1
H-2L9 (9) 6 023 2 030 2 0.28 3 026 3 5 019 2
Total 123 0.19 71 019 71 0.16 78 0.13 87 106 0.15 68
Robustness 0.37 0.38 0.66 0.7 0.62

aLength of peptide is given in parentheses.

bVersions of algorithm: Tabl&1J or TableBT in combination with MHC contact residue definiti@Sor SS-SBsee Materials and
methods.

““®Measures of performancéaverage rank of peptides within all peptides of same length derived from their respective protein
sequencesinumber of peptides ranked within the first 15 italics); and®robustness, average percent of peptides ranked within the
first 15% in different sets of MHC allele-peptide length.

formance with the othe(see, for example, the performance for experimental binding valuetsee Table 1. The differences be-

H-2L9). Obviously, for some of the groups the size of the trainingtween the predicted energy values of the good binders and non-

and test sets was not large enough. binders were evaluated by the Mann-Whitney test. As shown in
Table 3, the algorithm could discriminate between good binders
and nonbinders for six out of the seven sets. Notably, three of the

Testing the algorithm on experimental binding data MHC alleles, HLA-A6801, HLA-B2705, and H-2) have at least
one hydrophilic binding pocket. Table 3 provides also a compar-
Distinction between good binders and nonbinders ison with the results based on the parameter combination used in

A good predictive algorithm is expected to distinguish betweenour previous work(Table MJ in combination with MHC contact
binding and nonbinding peptides. Peptide sequences of good bindesidue definitiorSS. As can be seen, the current algorithm suc-
ers(relative binding value=0.1) and nonbindergrelative binding  ceeded much better than the previous one to predict binding of
value =0.0001 were extracted from seven sets of peptides withpeptides to MHC alleles with dominant hydrophilic pockets, im-

Table 3. Comparison between the predicted energy values of good binders and nonbinders

Current algorithm(BT/SS-SB Previous algorithm{MJ/S9

MHC allele Good binders Nonbinder$§ P-valué Good binders Nonbinders P-value
HLA-A0201 (9) —5.28+ 0.68 —3.04+ 0.95 p < 0.0001 —133+6.5 —110+8 p < 0.0001
HLA-A0201 (10) —6.09+ 0.68 —3.29+1.18 p < 0.0001 —128+4.8 -102+7 p < 0.0001
H-2K® (8) —3.32+ 0.60 —1.78+ 0.90 p < 0.0005 —110+5.7 —94+59 p < 0.0005
HLA-B2705 (9) —1.54+0.32 —0.94+ 0.44 p = 0.001 —69+4.2 —-78+7.8 —
HLA-AG801 (9) —2.13+0.75 —1.02+ 0.74 p = 0.0041 —63+4.2 —61+10 —
H-2DP (9) —3.77+0.84 —3.02+ 0.81 p = 0.05 —101+7.2 —95+ 6.6 p = 0.05
HLA-A6801 (10) —3.65+0.78 —2.88+ 1.07 — -116+9.7 —106+5 —

2Median energyt average deviation iRT units, whereR is the gas constant afidis the absolute temperature. TabM3§ andBT
use a different reference state; therefore, the ranges of the values differ.
bP-value was obtained by Mann—-Whitney test.
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pairing only slightly the prediction of binding of peptides to MHC values and the known binding values was calculated using the

alleles with dominant hydrophobic amino acids. Spearman rank correlation test. The results are summarized in
Table 4. A significant correlation coefficient was obtained for six
Relative Operating Characteristic (ROC) curves out of the seven sets, consistent with the results for distinction

ROC is a method to measure the distinguishing power of aetween binders and nonbinders. Clearly, the correlation coeffi-
classification(e.g., Swets, 1988Here, we used the ROC analysis cients for MHC alleles with hydrophilic binding pockets are much
to compare the accuracy of the algorithm used above for distinimproved in comparison to the results obtained by the previous
guishing binders from nonbinders. algorithm.

A predicted peptide belongs to one of the following four cat-
egories:(1) TP (true positive, a binding peptide that is predicted
to bind; (2) FP (false positive, a nonbinding peptide that is pre-
dicted to bind;(3) TN (true negativg a nonbinding peptide that is Previously, we have shown that the threading approach can be
predicted not to bind; an@) FN (false negativg a binding pep-  successfully applied to the prediction of peptides that bind to MHC
tide that is predicted not to bind. The classification of a peptide toclass | alleles of hydrophobic charactéituvia et al., 1995, 19917
one of the four categories is dependent on a threshold value useth adjustment of this algorithm allows us now to apply it to MHC
to distinguish between binding and nonbinding peptides. Two paelass | alleles with a wide range of pocket types. This is demon-
rameters are used in the ROC analyg§i3:“hits’, TP/(FN + TP), strated by an efficient estimation of binding energies for a large
representing the fraction of the binding peptides that were prenumber of different peptides. The computed values are well cor-
dicted to bind; and2) “false alarmg’ FP/(FP + TN), represent-  related with the experimentally derived binding val{@able 4
ing the fraction of the nonbinding peptides that were predicted tcand allow the distinction between binders and nonbinEable 3;
bind. In the ROC analysisiits are plotted againgalse alarmsor Fig. 1). We use this approach to predict the binding peptide from
various threshold values. This curve shows the tradeoff betweeits source protein sequencEable 3. The successful application to
the TP and FP proportions as the threshold is changed. The frac-alleles that include hydrophilic pockets is accompanied by only a
tion of the area lying below the curve is indicative of the distin- slight reduction in performance for the alleles that contain pockets
guishing power of the algorithm. with hydrophobic preferences that were successfully predicted by

Representative ROC curves are shown in Figure 1 for HLA-the original algorithm.

A0201 (nonamery HLA-A6801 (nonamery and HLA-B2705 As stated before, the successful application of threading is mainly
(nonamers The new version of our algorithm was more discrim- dependent on three featuré$) The list of MHC-peptide contacts;
inative than the previous one for the alleles with hydrophilic pock-(2) the pairwise potential table; ar(@) the set of template struc-
ets HLA-A6801 and especially for HLA-B2705, while it was only tures. In the following, we discuss how these influence the per-
slightly impaired for HLA-A0201. formance of our algorithm.

Discussion

Correlation analysis .

Given a set of peptides with known binding values, the Corre-LISt of contacts
lation between the experimental binding values and the predicte&or the evaluation of the binding ability of a peptide to an MHC
energy values could be calculated. In practice, since the predictiomolecule, one derives for each peptide position the contacting
provides pseudo-energy binding values and the experimental bindMHC residues. This is expected to capture the sequence-specific
ing values are expressed ing@@wherekK, the binding constant is aspect: If a sequence fits optimally to a certain fold, there will be
proportional to XICsq, and the free energyG/RT= In(1/K)), the many favorable residue—residue interactions involving side chains,
correlation was calculated between the predicted values and the&ince these represent the sequence specific character. Analysis of
natural logarithm of 1G, values. solved structures of peptides bound to MHC class | molecules has

The algorithm was applied separately to each of the sets abovevealed a conserved peptide backbone structure, connected to
(see Table ), and the correlation between the predicted energyMHC side chains by a net of conserved hydrogen bonds. Thus,

Table 4. Correlation between predicted energy values and experimental binding values

Current algorithm(BT/SS-SB Previous algorithm{MJ/S9
Number of

MHC allele peptides Correlation coefficient P-value? Correlation coefficient P-value
HLA-A0201 (9) 518 -0.57 p < 0.0005 —0.68 p < 0.0005
HLA-A0201 (10) 265 -0.61 p < 0.0005 -0.67 p < 0.0005
H-2K" (8) 63 —0.46 p < 0.0005 —0.50 p < 0.0005
HLA-B2705 (9) 66 -0.39 p < 0.001 0.27 —
HLA-A6801 (9) 130 -0.2 p < 0.025 —-0.02 —
H-2D° (9) 24 —0.47 p < 0.025 —-0.41 p < 0.025
HLA-A6801 (10 51 —0.07 — —0.06 —

aP-value was obtained by a Spearman rank correlation test.
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Fig. 1. ROC curves assess the accuracy of the algorithm in distinguishing between binders and nonbinders. The algorithm was applied
with two different parameter combinations: White triangles and black circles represent the results of the original parameter combination
(i.e.,MJ/SS and the new parameter combinati@e., BT/SS-SB respectively. The curves for three different MHC alleles are shown:

(A) HLA-A0201 (nonamery (B) HLA-B2705 (nonamers and(C) HLA-A6801 (nonamers The current version of the algorithm is

clearly better for HLA-B2705 and HLA-A6801, while the performance for HLA-A0201 is only slightly affected. The absolute number

of good binders and nonbinders is given in Table 1. See text for more details.
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several MHC side chains contribute to the peptide binding byof nonhydrophobic specificity, while the prediction for hydropho-
stabilizing its backbone. To catch only features that are specific tdic molecules is not significantly affected.

the peptide sequence, these MHC residues should not be included

in the list. For example, the backbone of nonamers that bind to
MHC allele HLA-A2 shows a conserved hydrogen bonding net_StructuraI template

work in all solved structures. This network involves hydrogen A structural template is essential to apply the threading approach to
bonds between the C-terminal peptide position and the followinghe prediction of binding peptides. The number of individual tem-
residues of the MHC chain: D77, T143, Y84, and K1é&cept in plates, as well as their quality, influences the performance of the
lao?). In addition to these residues, other residues contact the@rediction. As the number of solved structures increases, more
backbone in all structures, although not necessarily through a hyMHC alleles can be evaluated. If several structures are available
drogen bond: T80 and in some cases W147. Exclusion of thestor a combination of peptide length—-MHC allele, the algorithm is
residues from the contact list leads to a better description of thexpected to be more robust. As described below for HLA-A6801,
pocket character of the C-terminal anchor position. For structurehe abrupt cutoff used to define MHC contact residues can result in
1hhifor example, the original list of contact residuds77, L81, significant differences of the neighbor lists. Such effects can be
Y123, T143, and W14yis reduced to three residues of hydropho- reduced when more structural templates are available.

bic charactefL81, Y123, and W14Y. The new list of MHC con- We would expect a similar performance of our algorithm for
tact residues results in a significant improvement of our algorithmdata sets of the same MHC allele in combination with peptides of
different lengths. This is true for alleles HLA-A0201, HLA-
B3501, and H-2R, but not for HLA-A6801. The performance for
the latter allele, in combination with decamers, is unsatisfactory in
The Miyazawa and Jernigan table has been very useful in appliall the tests that were presented here. The rank of the decamer
cations of threading to fold recognitiofiMiyazawa & Jernigan, peptide in the test setis 0.69, no significant correlation between the
1996. There, a protein sequence is threaded through the backbormedicted and the experimental binding values, and no statistically
template of structures in a structural library and the best sequencsignificant distinction between good binders and nonbinders were
structure fit is searched for. The pairwise potential table is used t@btained. In this case, the structural template may not be general
estimate the energies of the sequence threaded upon the differegtiough. The structures of HLA-A6801 complexed with a nonamer
structural templates. The success of tables such as the Miyazavead a decamer are largely conserved; however, the list of contact
and Jernigan table stems from the nature of the problem. Theesidues for equivalent peptide positions varies. For example, the
protein structure is mainly stabilized by hydrophobic interactionsC-terminal anchor position shares common neighbors 195 and D116,
in the buried core, and these interactions determine essentiallgut in addition contains D74 for nonamers and L81 and W147 for
which sequence will fit to the protein fold. Pairwise potential decamers. According to the motif based on known peptide se-
tables with favorable hydrophobic interactions clearly succeed imuences that bind to HLA-A6801, this anchor position shows a
this task. In fact, successful fold recognition is obtained even withpreference for a positively charged amino acid or R). Obvi-

a simple HP mode({Hydrophobic-Polar modglthat defines the  ously, the list of neighbors of the nonamer will capture this better
HH interactions as favorable, while HP and PP contacts are equivthan the list of the decamer, since it contains an additional nega-
alent to solvent contactg.g., Huang et al., 1995; Thomas & Dill, tively charged amino acidD), instead of the two hydrophobic
1996. The application of threading to the peptide-MHC binding amino acids(L and W).

confronts a different situation. Although most peptides are rela- The present algorithm can be applied to predict binding peptides
tively buried within the binding groove of the MHC molecule, one to a wide range of MHC alleles. In practice, it is equivalent and
cannot assume that hydrophobic interactions are the only ones thtiterefore complementary to a weight matrix. For a given MHC
will tell binding from nonbinding peptides apart. Since MHC al- allele, a defined set of contact residues is used, and the summation
leles contain pockets of various characters, we need a table thaf the pairwise potential values for each amino acid in every pep-
will express nonhydrophobic interactions more adequately. In printide position establishes a weight matrix. Thus, the running time of
ciple, an alternative table that may overcome these difficulties is ahe algorithm is short and it may evaluate large ensembles of
table derived from interactions in the interfaces of complexespeptides very quickly, enabling computational screening of peptide
Indeed, Keskin et al(1998 have recently applied the same ap- libraries or screening of all proteins in a genome. Siill, if binding
proach of Miyazawa and Jernigagii996 to derive a pairwise data are available the weight matrix approach based on these data
potential table for intermolecular interactions. However, the result{e.g., Sette et al., 1989; Ruppert et al., 1993; Parker et al., 1994;
ing table is very similar to the origin&flJ table for intramolecular ~Kondo et al., 1995, 1997; Sidney et al., 1996a, 1996b; Gulukota
interactions(Keskin et al., 1998 and therefore did not improve et al., 1997; Southwood et al., 1998; Sturniolo et al., 2989
significantly the predictions for MHC alleles with hydrophilic pock- preferable. Weight matrices that are derived from binding data are
ets(data not shown Betancourt and Thirumalai have modified the based on input of the same nature as the prediction output and
original MJ table by changing the reference state from solvent toprobably therefore lead to better ranking of the known binding
threonine(Betancourt & Thirumalai, 1999 The new table does peptides. However, for many MHC alleles rfor not enough

not rely on the estimation of contacts involving the solvent, as it isbinding values are available for the generation of such matrices.
based on a well-defined reference state, composed of a singl&ince the present algorithm does not rely on binding data, it can be
solvent-like molecule. The amino acid threonine was chosen sincased for those alleles when a structural template is available. Even
as reference state it reproduces best the hydrophobicities of theithout available crystallographically solved complexes, the highly
different amino acid types. Now hydrophilic interactions such asconserved structure of different MHC-peptide complexes suggests
charge—charge interactions are adequately presented. Indeed, ttist the generation of structural models for other alleles and their
table results in significantly improved predictions for MHC alleles use as templates for the threading approach should be possible.

Pairwise potential
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Currently, a web version of the algorithm is available for all MHC sponding protein sequence was extracted. In total, the source se-
alleles analyzed in this papéhttp://bioinfo.md.huji.ac.ifmarg/ quences of 176GPs, 33NPPs, and 20CPs were extracted from

Teppredmhc-bind/). three Protein Data Banks: SWISSPROT, PIR, and GENPEE&
Table 1.
Materials and methods Quantitative data: Bindingnonbinding peptides (BNP)
) These were synthetic peptides for which experimental binding
The threading procedure values were available to us. Binding was measured in competition

The main features of the threading procedure remain as describ&XPeriments with a standard peptide, and evaluated as the ratio
previously (see Altuvia et al., 1995, 1997In brief, a peptide between the 16, of the standard peptide and that of the test peptide

sequence is threaded onto the template, based on a crystal strféereinafter, relative binding(Sette et al., 1994aiCs is the
ture. The interaction energy of a peptide residue is calculated boncentration required for 50% inhibition of the standard peptide.
summing up the pairwise energies according to a list of peptide "€ peptides were defined as ggodermediatgweak binders

MHC contact residues. The score for the whole peptide is the surgnd nonbinders according to theirgfTatios (good binders, rela-
of the interaction energies over all peptide positions. tive binding= 0.1; intermediate binders, 0 relative binding=
0.01; weak binders, 0.0% relative binding> 0.0001; nonbinders,

The templates relative binding= 0.0002.

The algorithm was applied to 10 MHC alleles. These are rep-
resented in 37 solved MHC-peptide cocrystals that contain 48cknowledgments
distinct complexeglisted in Table 1. The coordinate files of the ) - .
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