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Abstract

We review here the developments in the field of immunoinformatics and their present
and potential applications to the immunotherapeutic treatment of cancer. Antigen
presentation plays a central role in the immune response, and as a result in
immunotherapeutic methods such as adoptive T-cell transfer and antitumor
vaccination. We therefore extensively review the current technologies of antigen
presentation prediction, including the next generation predictors, which combine
proteasomal processing, transporter associated with antigen processing and major
histocompatibility complex (MHC)-binding prediction. Minor histocompatibility
antigens are also relevant targets for immunotherapy, and we review the current
systems available, SNEP and SiPep. Here, antigen presentation plays a key role, but
additional types of data are also incorporated, such as single nucleotide poly-
morphism data and tissue/cell-type expression data. Current systems are not capable
of handling the concept of immunodominance, which is critical to immunotherapy,
but efforts have been made to model general aspects of the immune system. Although
tough challenges lie ahead, when measuring the field of immunoinformatics on its

contributions thus far, one can expect fruitful developments in the future.

Introduction

The cells of the immune system hold great potential to be
harnessed for their therapeutic effects against cancer. Potential
therapies include adoptive transfer of ex vivo-expanded
antigen-specific T cells (1-3), as well as in vivo vaccination
(4). In the case of adoptive transfer, a highly specific reactivity
can be achieved using peptide-pulsed or transfected cells, as
well as using artificial antigen-presenting cells (5-8). In
addition to successful immunotherapeutic applications in
mouse tumor models (9), clinical plausibility in humans is
continually becoming established (10-14). The identification
of the optimal antigens to use either in ex vivo T-cell
stimulation or as anticancer vaccines is a crucial step in the
development of immunotherapies (15, 16). Here, there is major
potential for support from the field of computational biology.

Immunoinformatics is emerging as a field with growing
significance and application in the clinical setting (17). For
example, intense effort has been made to computationally
represent the antigen presentation process (18-20). For
immunotherapy, antigen targets can be of a tumor-specific
nature (21). In this case, experiments are necessary to
identify tumor-specific target proteins, at which point
antigen presentation prediction can be very useful for
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identifying immunoreactive domains. Further experimen-
tation by major histocompatibility complex (MHC)-binding
assays and cytotoxic T lymphocyte (CTL) assays is then
required to select the functionally relevant antigens from the
list of theoretical candidates (22).

In the context of hematopoietic stem cell transplantation,
minor histocompatibility antigens (mHags) arise from the
polymorphic genetic profile of a particular patient with
respect to that of a stem cell donor (23). The graft vs
leukemia (GvL) effect, which occurs when donor lympho-
cytes eliminate the residual malignant cells of the patient,
can be considered the most established form of immuno-
therapy (24). Exploiting the GvL effect, while minimizing
graft vs host disease (GVHD), is the major challenge of the
hematopoietic stem cell transplantation field. Here, immu-
noinformatics contributes to the effort to identify GvL-
inducing mHags by mining polymorphism data, expression
profiles as well as antigen presentation predictions (25, 26).

Antigen presentation

Antigen presentation is the process leading to the presentation
of potential T-cell epitopes on the cell surface by MHC. In the
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case of presentation by MHC class I, this process involves
protein degradation, peptide transport into the endoplasmic
reticulum via transporter associated with antigen processing
(TAP), and MHC binding (27). The solved crystal structures
of these components are depicted in Figure 1. Algorithms
have been developed to predict each of these fundamental
steps in this process, as well as combination algorithms, which
integrate the individual types of prediction. An overview of
such algorithms is shown in Table 1.

Protein cleavage

The proteasome is the central focus of the efforts of
immunoinformatics to describe protein degradation. There
are two sources of data, which are used to train cleavage
prediction systems. On the one hand, there are peptide
sequences generated by the in vivo degradation of specific
proteins (28-30). These data are extremely insightful into
the manner in which the proteasome operates. In particular,
it is clear from these digestion assays that, while there are

Figure 1 The major players in antigen presentation — human leukocyte
antigen (HLA), transporter associated with antigen processing (TAP) and
the proteasome. The crystal structures of three proteins central to the
antigen presentation process are depicted in their relative sizes to one
another. The HLA proteinis in complex with B, microglobulin in green and
a decamer peptide in red. TAP1 is shown in isolation because the details
of TAP complex formation are still unknown. The ADP-binding site is
shown in red. The barrel-like 20S subunit of the yeast proteasome is
colored according to secondary structure. The following PDB files were
used: THHH (71), TRYP (72), and 1JJ7 (73).
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favored cleavage sites, the same protein can be cleaved at
different sites. The result is a pool of peptides, which in
many cases overlap in the original protein sequence. The
limiting aspect of this high-quality data is simply that few
proteins have been analyzed in this way and that a larger
training set is desirable. This has caused other immunoin-
formaticians to turn to a more plentiful source of data:
naturally presented peptides eluted from MHC proteins. It
is assumed that such natural peptides must have been
cleaved by the proteasome and can therefore be used in
training predictors in combination with the source protein
sequences. The inclusion of peptides, which have been
eluted from MHC proteins having differing binding motifs,
should weaken an MHC-binding bias inherent in this data.
However, as we will discuss later, these kinds of systems
may still be predicting MHC binding to some extent. The
unavoidable consequence of this kind of data, however, is
the fact that cleavage sites in proteins will be missed, when
the resulting peptide does not bind MHC, and is not
included in the eluted peptide dataset as a result.

In addition to the proteasome, aminopeptidases are
responsible for shortening the peptides, which are ultimately
presented by MHC (31, 32). These enzymes act on the
N-terminus of the peptide. Because there is currently no
system for predicting aminopeptidase digestion, a certain
gray area surrounds the determination of the N-terminus of
predicted peptides. Because of this fact, it is arguable that
predicting digested protein fragments should concentrate
mainly on the C-terminus, with the assumption that for
a given C-terminal cleavage site, peptidases will produce
an array of peptides with differing N-terminal sites. This
is supported by the observation of naturally presented
peptides that result from the same C-terminal cleavage site
but have differing lengths (33). There is another caveat
concerning peptide length that should be mentioned here.
The requirement by some prediction systems that a peptide
be C-terminally cleaved but not contain internal, ‘peptide-
destroying’ cleavage sites may be too strict. The in vivo
digestion assays show the existence of peptides stemming
from overlapping sequences in the original protein. This
strongly suggests that an internal cleavage site does not
disqualify a sequence region as a potential peptide. This
is further supported by the latest attempts at including
the internal cleavage site as a disqualifier, which did not
improve proteasomal cleavage prediction performance (20).

Transporter associated with antigen processing

After proteasomal cleavage, peptide sequences are trans-
ported into the endoplasmic reticulum by the TAP protein.
This process is assisted by various chaperones, such as
tapasin, calreticulin and the disulfide isomerase ERp57 (34).

The peptide-binding motif of human TAP has been
deciphered by combinatorial libraries. This and other
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Table 1 Overview of antigen presentation prediction systems®

Immunoinformatics of cancer immunotherapy

Resource Proteasomal processing TAP binding HLA binding Availability
Multistep epitope prediction
NetCTL 1.2 (20) NeTCHor 3.0 (65) SMM (39) NetTMHC 3.0 (45) http://www.cbs.dtu.dk/services/NetCTL/
IEDB (66) SMM (18) SMM (39) ANN, ARB, and SMM http://www.immuneepitope.org/
EriJen v1.0 (19) Quantitative matrix (67) Tap additive MHCPReD (69) http://www.jenner.ac.uk/Epiden/
model (68)
Minor histocompatibility antigen prediction
SiPep (25) None None BIMAS (41), SYF (43), http://www.sipep.org/
nHLAPred (70)
SNEP (26) None None SYF (43) http://elchtools.de/SNEP/

ANN, artificial neural networks; ARB, average relative binding; HLA, human leukocyte antigen; IEDB, immune epitope database and analysis resource;
SMM, stabilized matrix method; SYF, SYFPEITHI; TAP, transporter associated with antigen processing.

@ Numbers in parentheses are literature citations.

studies showed significant amino acid preferences, particu-
larly at the C-terminus and the three N-terminal positions
(35, 36). Peptides of up to 16 amino acids are preferred, with
lengths of 8-12 binding most efficiently (37). For the
purpose of predicting the rate at which TAP transports
a particular peptide into the ER, TAP-peptide-binding
affinity can be used as an estimator of transport rate,
because these two values have been shown to correspond
(38). In the pioneering work of Peters et al., weight matrices
were fitted to TAP-peptide affinity data (39). Phenylalanine,
tyrosine, and arginine were shown to be particularly favored
at the C-terminus. We will discuss the implications of this
effort in the section on combined predictions below.

Putting it together with MHC-binding prediction

The final step in antigen presentation is a classical subject of
immunoinformatics: MHC binding. This is the most
restrictive step involved in antigen presentation. It is
estimated that only 1 out of 200 peptides will bind a given
MHC class I allele with sufficient strength to elicit a CTL
response (40). Many approaches have been taken to predict
MHC-peptide binding (41-48), and it is useful at this point
to discuss the prediction of all steps together, which are
needed for comprehensive prediction of the entire pre-
sentation pathway.

The means of evaluating multistep antigen presentation
prediction is to use a dataset of naturally processed MHC-
bound peptides in combination with the original peptide
sequences (the SYFPEITHI database being the accepted
gold standard for curated naturally processed peptides). In
the work of Tenzer et al., the stabilized matrix method
(SMM) for TAP transport was combined with a novel
SMM-based cleavage prediction and MHC-binding pre-
diction algorithm (18). The novel cleavage prediction
method, dubbed ProteaSMM, showed improvements over
older methods such as paproc and NETCHop 2.0. Further-
more, a significant improvement was demonstrated when
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combining prediction steps. In particular, the combined
prediction showed marked improvement over proteasomal
processing prediction alone. However, a ‘breakthrough’
improvement over MHC-binding prediction alone was not
observed. This is also true for NETCTL, the artificial neural
network-based attempt at multistep antigen presentation
prediction, in which only a minimal improvement over
MHC-binding prediction alone was shown (20). It is
difficult to make conclusions here about how this reflects
the biology of these processes, or whether this is a result of
training or testing artifacts. On the one hand, MHC-binding
predictors could have hidden proteasomal cleavage and
TAP transports element to them if these motifs are found
directly in the presented peptides. On the other hand, MHC
binding is considered the bottleneck in the presentation
pathway, and one would therefore expect that the respective
prediction step would weigh the most heavily.

Vaccination

The appeal of antitumor vaccination is the fact that it takes
advantage of in vivo processes and has the potential to
harness the full power of the immune system, in contrast to
the more artificial ex vivo expansion of T cells. The use of
synthetic peptide vaccines enables one to achieve a high level
of specificity, with relative ease of production (49). It has
been shown that the peptides predicted to bind MHC can
elicit a tumor-killing CTL response (50). An effective
methodology for determining new tumor-specific peptide
epitopes involves the application of antigen prediction
algorithms to a tumor-associated protein, then experimen-
tal confirmation of the MHC-binding affinity, and finally
stimulation of CTLs with peptide-loaded dendritic cells (51).

Class IT MHC-bound epitopes play an important role in
the antitumor response by the activation of CD4+ T cells
and help maintain effective CTL response (52, 53).
Historically, predicting peptide binding of class II MHC
has been much more challenging than that of class I (54-56).
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The reason for this lies in the fact that class II proteins bind
to peptides of variable length and that the core anchor
residues cannot be readily identified. Application of
artificial neural networks has been a successful endeavor,
at least for predicting the high-affinity side of the peptide
binder spectrum (54). A review of class II predictions has
shown that such neural network-based predictions are
effective when sufficient peptide-binding data are available
but that motif-based versions are favored for small peptide
datasets (56). Clearly, prediction for class IT alleles needs to
be improved and expanded to include more allelic variants,
considering the central role that it plays in the immune
response. This holds true not only for antitumor vaccination
but presumably for the immune response to mHags as
well (23).

mHags prediction

mHags are peptides, which are presented by MHC on the cell
surface of an individual, and cause an alloreactive immune
response as a result of their absence in the individual from
whom the attacking lymphocytes originate. A database of
known minors is hosted by the Leiden University Medical
Center and can be accessed online at http://www.lumc.nl/
5033/dbminor/. In the context of a hematopoietic stem cell
transplantation, such antigens can cause GvHD (57) as well
as the therapeutic GvL effect (24). Finding target antigens
that minimize the former and maximize the latter is the goal
of immunoinformatic efforts, which combine antigen pre-
sentation with additional biological data including poly-
morphism and gene expression data (25, 26).
Polymorphism data are necessary to identify gene
variants, which could result in the differential expression
of peptides. The majority of known ‘minors’ result from
a single nucleotide polymorphism (SNP) in a coding region
of a gene, resulting in an amino acid substitution. However,
insertions, deletions, frameshift mutations, mutations
resulting in stop codons, mutations eliminating stop
codons, splice site and promoter mutations and whole gene
deletions (58) are all conceivable. Most of these kinds of
mutations are computable with conventional means using
databases such as the dbMHC. What will remain difficult in
the immediate future is the identification of peptide
variations that result from mutations outside of the gene
encoding the peptide (e.g. mutations that disable activator
proteins). The SiPep web service, which aims to predict
mHags, used the dbMHC as well as data from the HapMap
project to compute variant peptides (25). In this system,
coding nonsynonymous mutations are considered. Because
most known minors do result from this type of poly-
morphism, it is not unreasonable to concentrate solely on
them. Future applications, however, would do well to
consider the other types of relevant mutations. Another
mHag prediction system is SNEP (25), which also focuses
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on coding nonsynonymous SNPs. In this system, the
CONFLICT and VARIANT annotations in SWISS-PROT
provide the polymorphism data.

For leukemia treatment, if mHags are to be used to
expand T cell for adoptive transfer, they should induce
GvL without GvHD. This would be the case when the
minor is either restricted to the malignant cells or
restricted to the cells of the hematopoietic origin. This
latter case is acceptable because the patient’s blood system
will be replaced by the graft. Indeed, hematopoietic ex-
pression is the criteria recommend by the authors of SiPep.
In this system, the types of tissue in which the peptide
candidates are expressed are obtained from Stanford
University’s SOURCE database (http://hrweb.stanford.
edu/source/). SNEP does not address the issue of cell- or
tissue-specific gene expression. Additionally, while SNEP
is limited to the MHC-binding step of antigen pre-
sentation, SiPep includes proteasomal processing. Another
advantage of SiPep is the inclusion of SNP frequency data.
Our own unpublished investigation of SNP frequencies
from dbSNP entries resulted in the following: of an 100
patients typed for nonvalidated SNPs, no SNP could be
confirmed; for SNPs that were validated with frequencies
from the HapMap project, the majority were confirmed.
This strongly underscores the importance of such fre-
quency data. The SNEP system however relies on SWISS-
PROT, and not on dbSNP, so the polymorphism data it
used could be of a higher quality than nonvalidated
dbSNP data, in particular for the VARIANT entries that
are validated.

Immunodominance - the next frontier

Despite the great advances in the prediction algorithms
mentioned above, the understanding of immunodomi-
nance is still a distant, elusive goal. The ability to predict
TAP binding is an important milestone because peptide
presentation has been shown to vary greatly dependent on
TAP affinities (59). There are of course additional factors
that influence the peptide landscape found on the cell
surface, many of which are probably still unknown. For
example, before proteasomal processing, the expression
levels and turnover rates of proteins could influence the
final concentrations in which they are ultimately presented
on the cell surface. The utilization of existing protein
turnover prediction programs should be considered (60).
Furthermore, it has been shown that the cleavage
specificities vary between the constitutive proteasome
and the immunoproteasome (28). Clearly, the induction
of immunoproteasome expression by cytokines could
influence immunodominance. In vitro assays for protea-
somal digestion and human leukocyte antigen binding
have shown poor correlation to the respective in silico
predictions from the late 1990s (61). This underscores
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a need for further assays to evaluate the latest generation
of prediction algorithms. To make things more compli-
cated, there is evidence that the dominant peptides
presented in a given MHC protein change depending on
which additional MHC proteins an individual carries (62).

A path that could take us closer to understanding
immunodominance is in silico modeling of the immune
system. Biological processes, including the immune system,
can be modeled using differential equations (63) or agent-
based models (64). Differential equations can be used to
mathematically describe the concentrations, number or
levels of biological entities with respect to each other and
with respect to time. While such models are very elegant,
they are quite difficult to implement correctly and are very
inflexible. For these reasons, there is a tendency toward
agent-based systems of modeling the immune system. Here,
individual entities are represented in the computer, given
coordinates in space, and behaviors are defined, which
describe how the entities interface with the immediate
surrounding environment. Each time step is then calculated
iteratively, and the progress of the system can be observed.
Currently, such immune system simulations have found
more applications outside of the field of immunology than
inside (64). This is the innovative field of artificial immune
systems, in which immune system-inspired computer
algorithms are applied to ‘real-world’ engineering applica-
tions. This field is based on a dialogue between immunol-
ogists and computer scientists, and although the computer
scientists are benefiting more than the immunologists from
this field at the moment, there is good hope that further
advances in immune system simulations will be useful in
generating scientific knowledge.

Concluding remarks

The immunoinformatic community has made an impor-
tant contribution to the effort to develop T-cell-based
cancer therapies by providing comprehensive antigen
presentation systems. Breakthroughs in the biological
model of antigen presentation will have to be met with
further experimental data-driven bioinformatics. The
hurdle of reliable class IT peptide binding prediction is
a high priority, considering its significance in the immune
system. The quality of mHag prediction systems has the
potential to improve as more and more of the entries in
the underlying databases become validated. Whether
immune system modeling can take the quantum leap to
predict immunodominance is unknown. Perhaps, the
vision of agent-based representations of peptide sets, com-
peting for access to the antigen presentation machinery,
will become a reality. This, together with the extension of
the model to include T cell receptor (TCR) interaction and
signaling downstream of the TCR, could provide useful
insights into this complicated biological process.
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