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Abstract. MHC class I molecules are key players in the human immune
system. They bind small peptides derived from intracellular proteins and
present them on the cell surface for surveillance by the immune system.
Prediction of such MHC class I binding peptides is a vital step in the
design of peptide-based vaccines and therefore one of the major problems
in computational immunology. Thousands of diﬀerent types of MHC class
I molecules exist, each displaying a distinct binding speciﬁcity. The lack
of suﬃcient training data for the majority of these molecules hinders the
application of Machine Learning to this problem.
We propose two approaches to improve the predictive power of kernelbased Machine Learning methods for MHC class I binding prediction:
First, a modiﬁcation of the Weighted Degree string kernel that allows for
the incorporation of amino acid properties. Second, we propose an enhanced Multitask kernel and an optimization procedure to ﬁne-tune the
kernel parameters. The combination of both approaches yields improved
performance, which we demonstrate on the IEDB benchmark data set.

1

Introduction

Despite the success of traditional whole-organism vaccines in the last century
there is still a lack of eﬀective vaccines for many diseases, for example AIDS and
cancer. A fairly new approach to vaccination, the peptide-based vaccines, shows
great promise here. Peptide-based vaccines utilize peptides, i.e. small protein
fragments, derived from, e.g., viral proteins to induce immunity. In order for a
peptide to trigger an immune response from inside a host’s cell, it has to bind
to a major histocompatibility complex class I (MHC-I) molecule. The resulting
peptide/MHC-I complex will be transported to the cell surface where it can be
recognized by speciﬁc immune system cells, the T cells (Fig. 1A), and thereby
induce an immune response. Thus, MHC-I binding is a prerequisite for peptide immunogenicity. Furthermore, identifying peptides with a high aﬃnity to
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MHC-I molecules is generally considered the best way to identify immunogenic
peptides. Since only immunogenic peptides are suitable candidates for inclusion
in a peptide-based vaccine, the prediction of peptides binding to MHC-I is of
great interest in the ﬁeld of vaccine design.

Fig. 1. Peptide/MHC-I complex. A) An MHC-I molecule presents an immunogenic
peptide on the cell surface where it is recognized by a T cell. B) The structure of a
nonameric peptide complexed with an MHC-I molecule. The binding groove is closed
at both ends and the peptide is bound in an extended conformation. (PDB-ID: 3L3D
(http://www.pdb.org) [2], plotted with BALLView [11])

MHC-I molecules are membrane-bound proteins with a closed binding groove
that holds peptides in an extended conformation (Fig. 1B). They typically bind
peptides that contain eight to ten amino acids (AAs) with a preference for nine
AAs. The corresponding gene complex is highly polymorphic. As of today, more
than 3,000 diﬀerent MHC-I alleles are known,each coding for an MHC-I molecule
binding a speciﬁc range of peptides. Any human has up to six diﬀerent types
of MHC-I molecules. This implies that a peptide that is capable of inducing an
immune response in one individual might never be presented on the cell surface
in another. In order to design vaccines eﬀective for a given population, it is
therefore necessary to accurately predict MHC-I binding for a wide range of
diﬀerent MHC alleles [22].
Many computational methods for the classiﬁcation of peptides into MHC-I
binders or non-binders have been proposed: ranging from matrices [14, 17] to
machine learning [3, 1].All of these methods require a certain amount of experimental binding data for each allele under consideration. However, a major
problem in MHC-I binding prediction is the lack of data: for the vast majority
of the known alleles there is no or only little experimental binding data available
yielding the development of accurate prediction methods for most alleles rather
challenging. In 2008, Laurent and Vert [8] proposed a kernel-based approach
that tries to overcome the lack of training data by sharing binding information
across alleles.
In this work, we propose two approaches to improve MHC-I binding prediction. First, we consider an improved string kernel, which takes AA properties
into account and thereby allows more accurate predictions for alleles with little
binding data. Second, we consider an enhanced Multitask learning algorithm,
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which can be used to improve prediction performance for an allele by utilizing
binding data of similar alleles. We are able to show that the combination of both
approaches outperforms existing methods.

2

Improved String Kernels for MHC-I Binding Prediction

Background. String kernels are a very powerful tool for machine learning in
bioinformatics due to their capability to exploit the sequential structure of AA or
nucleotide sequences. They have been successfully applied to various problems in
computational biology, ranging from protein remote homology detection [10],to
gene identiﬁcation [16, 20], to drug design [8].
MHC-I molecules bind peptides in an extended conformation (Fig. 1B). Within
the complex the peptide’s side chains interact with surrounding side chains of
the MHC and also with each other. Each of the peptide’s side chains contributes
to the binding aﬃnity. The respective contribution is inﬂuenced by the position
of a side chain within the peptide sequence as well as by the AA types of its
neighboring side chains. A string kernel is very well suited to handle such data
is the Weighted Degree (WD) kernel [15]. The WD kernel considers sequences of
ﬁxed length L and counts co-occurring substrings in both sequences at the same
position. It is deﬁned as
Kwd (x, z) =




βd

L−d+1




I x[i:i+d] = z [i:i+d]

(1)

i=1

d=1

where βd = 2 −d+1
2 + is the weighting of the substring lengths.
A major downside to using string kernels on AA sequences is that prior knowledge on properties of individual AAs, e.g., their size, hydrophobicity, charge,
cannot be easily incorporated. Especially when dealing with small training data
sets as common in MHC-I-binding prediction, inclusion of this information in
the sequence representation would be beneﬁcial.
A straightforward approach to utilizing this knowledge is to consider a representation of the sequence as vector of the physico-chemical properties of all
sequence elements, i.e. AAs. One may then use a standard kernel to compute
sequence similarities, as, e.g., done in [24, 13]. This approach, however, ignores
the sequential nature of the underlying data.
Here, we propose to combine the beneﬁts of standard string kernels with the
ones of physico-chemical descriptors for AAs.
Idea. As string kernels in general, the WD kernel (1) compares substrings of
length  between the input sequences x and z. We can rewrite the corresponding
term I(x = z) as:
I(x = z) = Φ (x), Φ (z) ,


where x, z ∈ Σ  and Φ : Σ  → R|Σ | .
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Φ (x) can be indexed by a substring s ∈ Σ  and is deﬁned as Φ (x)s = 1, if
s = x, and 0 otherwise. Using Φ1 : Σ → {0, 1}, a simple encoding of the letters
into |Σ|-dimensional unit vectors, the substring comparison can be rewritten as
I(x = z) =




Φ1 (xl ), Φ1 (z l ) ,

l=1

Φ1 ignores the relations between the letters in the alphabet. Since this is a
problem when considering AAs, we replace Φ1 with a feature map Ψ that takes
relations between the AAs into account. This leads to the following kernel on
AA substrings:


Ψ (xl ), Ψ (z l ) .
(2)
KΨ (x, z) =
l=1

Using the feature representation corresponding to this kernel, we can now recognize sequences of AAs that have certain properties (e.g. ﬁrst AA: hydrophobic,
second AA: large, third AA: positively charged, etc.): For every combination of
products of features involving exactly one AA property per substring position,
there is one feature induced in the kernel. A richer feature space including combinations of several properties from every position can be obtained using the
following two formulations. The ﬁrst is based on the polynomial kernel:
 
d

Ψ
Ψ (xl ), Ψ (z l ) ,
(3)
K,d (x, z) =
l=1

and the second on the RBF kernel:
 


2
Ψ
l=1 Ψ (xl ) − Ψ (z l )
K,σ (x, z) = exp −
.
σ2

(4)

Improved WD Kernel. Replacing the substring comparison I(x = z) in (1) with
one of the formulations in (2), (3), or (4) together with a set of features Ψ (a) for
each letter a ∈ Σ (i.e. for each AA), directly leads to a generalized form of the
WD kernel:
Kwd,Ψ (x, z) =



d=1

βd

L−d+1


KdΨ (x[i:i+d] , z [i:i+d] ).

(5)

i=1

Kwd,Ψ is a linear combination of kernels and therefore a valid kernel [18]. It can
be computed eﬃciently, with a complexity comparable to that of the original
WD kernel.
The combination of the WD kernel with the RBF substring kernel (4) is
particularly interesting:
 d


L−d+1
2


j=1 Ψ (xj ) − Ψ (z j )
wd,Ψ
K,σ (x, z) =
βd
exp −
.
(6)
σ2
i=1
d=1
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For a bijective encoding Ψ and σ → 0, this WD-RBF kernel corresponds to the
WD kernel: the RBF substring kernel will be one only for identical substrings,
otherwise it will be zero. Thus, employing the WD-RBF kernel will, at least in
theory, always yield equal or better performances than the original WD kernel.

3

A New Multitask Kernel for MHC-I Binding Prediction

We will build upon a kernel-based formulation of Multitask Learning, as proposed by [4]:

max −
α

s.t.

n
n
n

1 
αi αj yi yj K̃((xi , s), (xj , t)) +
αi
2 i=1 j=1
i=1

αT y = 0,

(7)

0 ≤ αi ≤ C ∀i ∈ {1, n},

where s and t correspond to the tasks associated with examples xi and xj ,
respectively.
K̃ ((xi , s), (xj , t)) = K(xi , xj ) + K dirac (s, t) · K(xi , xj ),

(8)

where K denotes the base kernel that captures the interactions between examples
from all tasks and K dirac (s, t) is deﬁned as
K dirac (s, t) =

1, if t = s
.
0, else

(9)

It was shown in previous work [7] that it pays oﬀ to use multitask learning
methods for the problem of MHC-I binding prediction. In particular, a multitask kernel based on the product of allele (i.e. task) similarity and peptide (i.e.
instance) similarity was used:
K MT ((x, s), (z, t)) = K all (s, t) · K pep(x, z),
which is a generalization of the kernel presented in Equation (8). Here, the
similarity between tasks is explicitly taken into account, instead of solely setting
a higher default similarity for in-domain comparisons. In the case of MHC-I
molecules, the pseudo sequence (i.e. the AAs in the binding groove of the MHC
that interact with the bound peptide) is used as task-feature. Clearly, the more
similar the pseudo sequences are the more similar we expect the tasks to be.
Furthermore, [8] considered several combinations of kernels for K all and K pep .
The best performing combination employed a polynomial kernel on top of a
string kernel of degree d = 1 for both, K all and K pep.
We now aim at improving the above multitask kernel K MT as follows. First,
we introduce additional parameters, that allow the specialization of the tradeoﬀ between the in-domain kernel components (i.e. s = t) and the out-of-domain
kernel components (i.e. s = t) dependent on the task.
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While K MT is captures how closely related two tasks are, according to some
task kernel K all , it does not take into account how well information from the
other tasks boosts performance. Clearly, transferring information from other
tasks will become increasingly relevant if only little training data is available.
If there is an abundance of training data for a particular task, it is most likely
suﬃcient to set a stronger focus on in-domain data.
The above leads us to the following kernel formulation, which introduces a
new multitask kernel composed of a linear combination of two multitask kernels
with two mixing coeﬃcients βs,1 and βs,2 that have to be adjusted for each task
s independently. Details on how the βs,k are tuned are given in the following
section.
K MT-WD ((x, s), (z, t)) =βs,1 K WD (s, t) · K WD (x, z)+
βs,2 K

dirac

(s, t) · K

WD

(10)

(x, z)

Finally, by combining both lines of work, we propose a multitask kernel that
uses the enhanced WD Kernel K WD-RBF (see Equation 6) from the previous
section to compute the similarity between instances. We arrive at the following
formulation:
K MT-WD-RBF ((x, s), (z, t)) =βs,1 K WD (s, t) · K WD-RBF (x, z)+
βs,2 K

dirac

(s, t) · K

WD-RBF

(11)

(x, z)

In summary, the new kernel formulation consists of three parts. First, we formulate the kernel as a combination of a task speciﬁc component and a multitask
kernel component. Second, we introduce task-speciﬁc parameters that can be
tuned for each task independently. Third, we combine the previous two ideas
with the novel WD-RBF kernel.

4

Fine Tuning the Kernel with Multiple Kernel Learning

We propose to use Multiple Kernel Learning (MKL) [9] to learn the weights
βs,k of the individual components (see Equation 11) along with the respective
classiﬁers. In particular, we employ a variant of MKL, which was shown to work
well in the domain of computer vision [5]. Here, the setup is slightly diﬀerent
from standard
MKL, as we ﬁrst obtain one classiﬁer fi for each kernel Ki (i.e.

fi (x) = j αj yj Ki (x, xj )) and then ﬁnd an optimal
linear combination of the

learned functions in a second step (i.e. f (x, s) = i βs,i fi (x)). In [5], the authors
propose to use LPBoost for the combination of classiﬁers. However, LPBoost
yields a sparse solution in terms of kernel weights, which is not what we are
interested in. Therefore, we propose a formulation based on the nu-SVM [19] to
combine the classiﬁers fi .

104

C. Widmer et al.


1
min β − 12 +
ξi − ρν
β,ξ,ρ 2
i=1
N

s.t.

yi

M


(12)

βj fj (xi ) + ξi ≥ ρ ∀i ∈ [1, .., N ],

j=1

βi ≥ 0 ∀i ∈ [1, .., M ]
ξi ≥ 0 ∀i ∈ [1, .., N ]
From preliminary experiments, we observed that βs,k = 1 ∀s∀k often yields a
good solution. We use this as prior knowledge by regularizing the parameter
vector β to be close to a vector of ones 1. Intuitively speaking, only the training
error measured by the loss term will cause the βs,k to diﬀer from 1.
For the training procedure, the training data is split into two parts. The
ﬁrst part containing 34 of training examples is used to obtain the initial fi .
Subsequently, the second part of the training data is used in the loss term of
Equation (12), which is solved for each task s individually. After having obtained
the β, we retrain the fi on the entire training
2data set and use the determined
β for the ﬁnal linear combination f (x, s) = i=1 βs,i fi (x).

5

Experimental Methods

Data. The IEDB benchmark data set from Peters et al. [12] contains quantitative
binding data (IC50 values) for various MHC alleles, including 35 human MHC
alleles. Splits for a 5-fold cross-validation are given. We evaluate the performance
of the proposed methods on a subset of this data set: binding data of nonameric
peptides with respect to human MHC. Peptides with IC50 values greater than
500 nM were considered non-binders, all others binders.
Amino acid descriptors. A wide range of physico-chemical and other descriptors
of AAs have been published. Within this work we use encode each AA by 20
descriptors corresponding to the respective entries of the Blosum50 substitution
matrix [6].
Performance evaluation procedure. For performance evaluation we employ a two
times nested 5-fold cross-validation, i.e. two nested cross-validation loops. The
inner loop is used for model selection (kernel and regularization parameters) and
the outer loop for performance estimation. Performance is measured by averaging
the area under the ROC curve (auROC).
Learning curve analysis. To assess the performance dependence on the amount
of training data, WD kernel and WD-RBF kernel performances were analyzed
on allele A*0201 in 100 cross-validation runs to average over diﬀerent data splits
to reduce random ﬂuctuations of the performance values. In each run, 30% of
the available data was used for testing. From the remaining data, training sets
of diﬀerent sizes (20, 31, 50, 80, 128, 204, 324, 516, 822, 1,308) were selected
randomly.
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Performance analysis of the improved WD kernel. Performances of the WD and
the WD-RBF kernel were analyzed on all 35 human MHC alleles contained in
the IEDB benchmark.
Performance analysis of the multitask kernel approach. Performances of three
multitask learning approaches using a) the WD kernel, b) the WD-RBF kernel, and c) the WD-RBF kernel with an additional optimization step were also
analyzed on all 35 human MHC alleles contained in the IEDB benchmark.
SVM computations. We used the freely available large scale machine learning
toolbox Shogun [21] for all SVM computations. All used kernels are implemented
as part of the toolbox and will be part of Shogun-0.9.3.

Results and Discussion
The main goal of this work is to present novel ideas for kernel-based MHC-I
binding prediction, namely an enhanced string kernel [23] and a reﬁned model
for multitask learning.
Improved WD Kernel
The more data is available, the easier it will be to infer the relation of the AAs
from the sequences in the training data alone. Therefore, the incorporation of
additional information can be expected to especially improve prediction accuracy in cases where less training data is available. We chose the allele with the
highest number of peptides, A*0201, to perform a learning curve√ analysis for
WD and WD-RBF. Mean auROCs with conﬁdence intervals (σ/ n) over 100
cross-validation runs are shown in Figure 2. It can clearly be seen, that the
fewer examples are available for learning, the stronger is the improvement of the
WD-RBF over the WD kernel.
In a more comprehensive comparison, we assessed the performance of WD
and WD-RBF kernels on all 35 human MHC alleles from the IEDB benchmark.
WD-RBF outperforms WD for 24 alleles (Fig. 3). This is signiﬁcant with respect
to the binomial distribution: Assuming equal performance of WD and WD-RBF,
the probability of WD-RBF outperforming WD 24 out of 35 times is ≈ 0.01.
Improved Multitask Learning Kernel
From the results in Figure 4, we can make several important observations. First,
in accordance with the results of [7], we clearly see that multitask learning MTL
(WD) greatly improves performance compared to learning individual models
Plain (WD). Second, we observe a slightly improved performance of Plain, when
using the WD-RBF instead of the WD, which is consistent with the results
from the previous section. In accordance with Figure 2, improvements using
the new kernel are rather small as this dataset contains relatively many examples. Third, Figure 4 shows that employing the enhanced multitask Kernel MTL
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Fig. 2. Learning curve analysis on MHC allele A*0201. Shown are areas under the
ROC curves averaged over 100 diﬀerent test splits (30%) and for increasing numbers
of training examples (up to 70%). The training part was used for training and model
selection using 5-fold cross-validation.

Fig. 3. Performance of WD and WD-RBF kernels on human MHC alleles from the
IEDB benchmark data set: The pie chart displays the number of alleles for which the
WD (green) and the WD-RBF (red) performed best, respectively, and the number of
alleles for which they performed equally (blue).

(WD-RBF) introduced in Equation (11) improves performance compared to the
regular multitask learning kernel using the WD kernel. Note, that here, the βs,k
(see Equation 11) are all set to βs,k = 1. Lastly, we observe that the tuning the
βs,k using Equation 12 further improves performance up to auROC = 0.909,
leaving us with the best performing method in our experiments, which slightly
outperforms the method presented in [7], who reported auROC = 0.903 for this
dataset.
We would like to point out that while the improvement over this previous
method is rather small (0.6% auROC), the ideas presented in this paper have the
potential to contribute to greater improvements for two reasons. First, [7] used
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Fig. 4. Performance (averaged over alleles) measured on the IEDB benchmark data set
for several methods. In Plain (WD)/(WD-RBF) classiﬁers are trained individually for
each task using the WD kernel, or the WD-RBF, respectively. MTL (WD) employs a
multitask kernel based on the WD, MTL (WD-RBF) compares instances using the WDRBF and MTL-B (WD-RBF) employs an additional optimization step (see Equation
12) to ﬁne tune kernel components.

a diﬀerent base kernel. Finding out, whether using this kernel as starting point
to our proposed improvements further boosts performance is subject to future
experiments. Second, the formulation presented in Equation 12 is extensible to
an arbitrary number of kernel components. With more insight into the problem
domain, it might be possible to carefully engineer a multitask kernel with more
than two meaningful components, which could then be tuned using the proposed
formulation.

6

Conclusion

We have proposed two approaches to improve kernel-based Machine Learning methods for MHC class I binding prediction. First, a modiﬁcation of the
Weighted Degree string kernel that allows for the incorporation of amino acid
properties. Second, we present an improved multitask learning approach based
on a new multitask kernel. Finally, we combine these two approaches, which
gives rise to further improvements.
Due to their high dimensional feature space, string kernels require a suﬃcient
number of examples during training to learn relationships between amino acids.
Standard kernels employing physico-chemical descriptors of amino acids, on the
other hand, cannot exploit the sequential structure of the input sequences and
implicitly generate many features, numerous of which will be biologically implausible. Here, one also needs many examples to learn the subset of features
that is needed for accurate discrimination. The lack of training data for a large
fraction of all known MHC class I alleles, however, calls for approaches that
perform well even when training data is scarce. We could show, that incorporation of physico-chemical amino acid descriptors into the Weighted Degree kernel
yields signiﬁcant improvements in the prediction of MHC-binding peptides. This
improvement is particularly strong when data is less abundant.
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We conﬁrmed that multitask learning methods are beneﬁcial for MHC class I
binding prediction. Furthermore, we presented an enhanced multitask kernel that
incorporates the improved WD kernel and that has additional hyper-parameters,
which are in turn tuned using a variant of the nu-SVM.
Our results show that incorporation of prior knowledge of amino acid properties as well as a sophisticated approach to ﬁne tuning the multitask kernel
yields improvements in kernel-based MHC-I binding prediction. While this work
focused on the classiﬁcation into binders and non-binders, the proposed methods show promise also for the quantitative prediction of peptide/MHC class I
binding aﬃnity.
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