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Immunology research is characterized by the production of increasingly vast amounts of 
data, fuelled by genomics and proteomics projects and large-scale screening of 
pathogen– and antigen–host interactions. The need to store, manage and analyze this 
rapidly growing resource of experimental, clinical and epidemiologic data has given rise to 
the field known as immunoinformatics. Immunoinformatics represents computational 
methods and resources that are used in the study of immune function. It lies at the 
intersection of experimental and computational sciences and encompasses domain-
specific databases, computational models and strategies drawn from artificial intelligence. 
For example, computational or artificial intelligence models are increasingly being used to 
simulate and improve our understanding of immune system behavior, such as antigen 
processing and presentation, as well as for analysis of host and pathogen genomes. 
Systemic models focus on simulating the behavior of cells or whole organs and can be used 
for applications such as tracking the course of infection or optimization of immunization 
protocols. Immunomics, the large-scale screening of immune processes, which includes 
powerful immunoinformatic tools, offers great promise for future translation of basic 
immunology research advances into clinical practice. Immunoinformatics is central to the 
research fields of immunogenomics, immunoproteomics and computational vaccinology.
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Sequencing of human and other higher
organism genomes, as well as the genomes of
various human pathogens, has provided large
amounts of data relevant to the study of
human immune pathology and, in particular,
complex host–pathogen interaction. Func-
tional and clinical data are available in spe-
cialist databases and in the medical and scien-
tific literature. Additional sources of
information include patient records, disease
registries, tissue repositories and hospital
databases. Collectively, these sources contain
a large proportion of accumulated knowledge
on human disease. The large quantity of
accumulated data are a goldmine for the
study of human immune disease and the
quest for improved methods of disease pre-
vention or treatment. Unfortunately, these
data sources are largely unconnected, and
while molecular databases and scientific liter-
ature are in the public domain, medical

records and patient samples are subject to
privacy constraints and are off limit for many
researchers.

Immunotherapy and immunoprophylaxis
aim to modify patients’ immune responses and
thereby alleviate, cure or prevent disease (infec-
tion, cancer, allergy, transplant rejection or
autoimmunity). These approaches are particu-
larly promising in cases where alternatives such
as surgery are limited, ineffective or do not
exist. Vaccination is the single most successful
immunologic intervention that has provided
examples of stellar successes such as eradica-
tion of smallpox and the saving of some
170 million life-years [1]. Yet in 200 years of
modern vaccine development, no more than
50 successful vaccines have been developed to
counter the vast number of pathogens that
threaten humans [2]. Immunotherapy and
immunoprophylaxis offer high hopes in the
fight against emerging infectious diseases such
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as new [3,4] or drug-resistant [5,6] pathogen strains, cancers [7],
allergies [8] and autoimmunity [9]. Experiments have shown that
immunotherapy can protect laboratory animals against viral
infection [10], cancer [11] and autoimmunity [12]. Nevertheless,
translation of successful immunotherapy applications in labora-
tory animals to safe and effective treatments for humans is a
complex undertaking and the results, while promising, remain
limited. Adverse effects of immunotherapy, life-threatening
anaphylaxis being amongst the extreme, have been observed in
animal experiments and concerns of this possibility have put
stringent limits on immune experiments involving humans [12].
Human studies are also complicated by the diversity of the
human immune system across the population, diversity of
pathogens, variation in cancer antigens, individualized
responses to allergens and unclear triggers of autoimmunity.

Immunology is a highly combinatorial science because of the
diversity of the immune system and molecular variation of tar-
gets of the immune response. The presence of more than 1011

antibody specificities and greater than 1011 T-cell receptors in an
individual, and genetic processes of recombination, somatic
hypermutation, gene conversion and class switching, collectively
contribute to a huge variability of immune system products. In
addition, the number of 9-amino acid long linear targets of
immune responses is greater than 1011, while the number of con-
formational epitopes is far greater. Since more than 2000 alleles
of human leukocyte antigens (HLA) have been reported and
each individual expresses three to six HLA class I and at least that
many HLA class II molecules, the theoretic number of HLA hap-
lotypes is more than 1012. Consequently, the number of products
of the immune system in humans easily exceeds 1010, which
dwarfs the approximate 106 nonimmune-system products
(including post-translational modifications and alternative splic-
ing) encoded by the human genome. Due to the combinatorial
nature of the immune system, the number of experiments
required for systematic studies, such as T-cell epitope mapping,
can be extraordinarily high. The large number of experimental
data generated by such mapping experiments requires appropriate
bioinformatic infrastructure spanning general and specialist data-
bases, basic bioinformatics tools (e.g., sequence comparison algo-
rithms) and sophisticated prediction tools that simulate molecular
interactions. In addition, tools for analysis of molecular structure
as well as for mining literature for functional information are
increasingly necessary for immunologic research.

The immune system interacts with self (own organism) and
foreign (an array of foreign antigens) agents. To maintain a
healthy state in the organism, the immune system must
mount adequate responses against pathogenic foreign and
mutated self, and tolerate self as well as most environmental
antigens. The study of self and foreign antigens requires the
use of standard bioinformatics techniques. However, there are
properties of the immune system that require specific bioin-
formatics methods and techniques. A peculiarity of the
immune system is that immune recognition is effected
through a large number of immune receptors (>1012) that
have a highly similar structure (primary, secondary and tertiary),

with small differences in sequence often resulting in large
functional differences. Another property of immune processes
is that they are commonly regulated with minute amounts of
bioactive proteins (such as cytokines) and molecular and cellu-
lar process responses could be faster than our current ability to
measure them. Immunoinformatics, therefore, requires general
bioinformatic techniques, as well as those that address the
highly combinatorial problems specific to immunology.

Immunologic data management
Immunoinformatics, also referred to as computational immuno-
logy, represents computational methods and resources that are
used in the study of immune function. It focuses on the man-
agement, analysis and modeling of immunologic data [13]. The
last few years have seen a resurgence in the field previously
known as theoretic immunology [14], for which origins can be
traced as far back as the 1910s (mathematical models of malaria
transmission by Sir Ronald Ross). The more recent foundations
of theoretic immunology were crystalized in the 1970s and 80s
with the first international meeting on theoretic immunology
held in Santa Fe, New Mexico, in 1987. At that time, theoretic
immunology focused on mathematical modeling of the immune
processes. However, over the years, the scope of this field has
expanded to cover other aspects of immune system informatics
including immunologic databases, molecular and systemic mod-
eling, structural immunoinformatics and simulation of wet-lab-
oratory experiments. An exciting aspect of the current immuno-
informatics wave is that for the first time, rather than being
isolated fields, there is a rapid closing of the gaps between
immunoinformatics and both experimental and clinical immu-
nology. Immunoinformatics is being adopted as standard
methodology by rapidly increasing numbers of the mainstream
immunologists, just as molecular biology, which first arose as a
discrete field and has now been incorporated as a mainstream
ingredient of immunology research. Immunoimformatics plays
a critical role in enabling management and analysis of the grow-
ing amounts of immunologic data. Immunoinformatics
resources include data sources such as general and specialist
molecular databases, patient and disease registries and the scien-
tific literature. Currently, these data are growing both in number
and complexity. Analysis of these data requires sophisticated
immunoinformatics tools for accurate description of immune
processes, identification of new knowledge, and development of
new research applications and disease treatments. Current devel-
opments in immunoinformatics include improved design and
management of data sources, development of novel informatics
tools for analysis of immunologic data and creation of predictive
models that simulate specific immune interactions at either the
molecular, single-cell or system level. Immunoinformatics
resources may be used to assist in [15]:

• Understanding the origin, structure and function of
immune-related genes, proteins and their products

• Searching for genes, proteins and their variants involved
in disease
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• Studying gene and protein expression in physiologic and
pathologic conditions

• Studying immune system disorders

• Studying infectious disease, cancer, autoimmunity and allergy

• Discovery, design and engineering of immune therapies,
prophylaxis and diagnostics

• Building computational models for accurate simulation of
laboratory experiments

Data sources
Data sources include scientific literature, molecular databases,
clinical records and patient registries. Scientific literature provides
a wealth of data including functional and higher-level informa-
tion not captured in molecular databases. However, this source of
data is not structured and information appears as free text. The
PubMed database contains more than 15 million abstracts of life
science articles and is currently adding 600,000 records
a year [101]. Many of the articles are directly linked to full-text
articles available online. The astounding quantity of information
is exemplified by the number of records related to specific topics
added annually. For example, in 2004 alone there were 4200,
6700 and 17,700 newly added abstracts containing the respective
terms major histocompatibility complex (MHC) or HLA, allergy
or allergen and cytokine. Accessibility to abstracts is now univer-
sal and the quality and quantity of extracted information largely
depends on the availability of text-mining tools. Due to the large
number of articles available, the quality of immunology research
will increasingly depend on a researcher’s ability to access data
sources that contain critical information.

The number of molecular databases is growing steadily. The
latest database issue of Nucleic Acids Research lists 781 databases,
of which 20 have been classified as immunology related [16].
Included in this database listing are at least ten immunology
databases classified under other categories (IMGT/3Dstructure-
DB, IMGT/PRIMER-DB, HIV Molecular Immunology Data-
base, IPD, ALPSbase, ANTIMIC, APD and SDAP). This listing
of databases is incomplete as many more specialist databases are
available for access and data analysis. An additional listing of
immunology-related databases is available in [15], IMGT Bloc-
notes [102]. Allergy-related data sources are also available in [17].
Immunology databases are designed to facilitate both basic and
applied research in immunology. Database users need to be
aware of the important issues that can affect the extent and accu-
racy of information extracted from specific databases. Individual
databases vary in the depth and breadth of coverage, accuracy,
completeness, redundancy, conformance to standards and
nomenclature, and the level of detail of information stored
therein. Accessibility to the data, ease of use and the availability
of online analysis tools also varies between databases. Accurate,
complete, nonredundant and detailed information is critical for
support of immunology research and practice and, therefore,
database users must ensure that data extracted from all these dis-
parate sources are of sufficient quality. The issues of database
quality have been extensively reviewed elsewhere [15].

Various laboratory tests, responses to therapies and interven-
tions are captured in clinical records. Traditionally, clinical records
have been useful for medical-risk management, improvement of
patient care, clinical admission and discharge planning, billing,
and access to patient data by physicians. Three major uses of
patient records have been identified: recording and use of medical
data for co-operative care, decision support using accumulated
medical knowledge, and use of patient data in research and
reporting [18]. Due to data security issues, restricted information
entered in patient records, lack of co-ordination between institu-
tions, lack of willingness to share data and a relatively slow adop-
tion rate of information technology, the use of patient records for
research remains limited [19]. Detailed and complete collections of
patient records (including data on genotypic and phenotypic
measurements, various laboratory tests, patient selection and
treatment and outcomes that focus on specific conditions) have
clear value in diagnostics, optimization of treatments and predic-
tion of clinical outcomes. Patient registries, including national
level registries, capture condition and disease-related patient data.
Examples of patient registries include the Australia and New Zea-
land Dialysis and Transplant Registry of Renal Transplant
Patients [20] and the Immune Tolerance Registry of North Amer-
ica [21]. Given the increasingly stringent regulatory environment,
combining patient registries and knowledge of molecular process-
ing will grow in importance in designing novel therapies [22,23].
Additional rich sources of clinically relevant data are registries of
clinical trials. Until recently, these data were not accessible to
researchers. In an unprecedented decision, the International Fed-
eration of Pharmaceutical Manufacturers and Associations agreed
to create a free, publicly accessible clinical trials registry that will
contain a description of the trials and permit access to a clinical
trials results database [103]. Combining these data with patient
and clinical records would provide a rich source of information
for the study of disease. Critical issues that need to be resolved
before researchers can get access to these data sources include
patient privacy and protection from misuse of patient data and
the definition of acceptable uses of patient and clinical records.
This will require input from clinicians, hospital administrators,
researchers, informaticians, lawyers, patient groups, representa-
tives and regulators. The key issues to be resolved will include
acceptable use of patient and clinical data, protection of patients,
clinicians and health service providers from potential misuse, and
ensuring the safety of data. Immunology provides multiple views
to relevant data. These data may describe simple interactions,
such as binding of a single peptide to a MHC molecule, or com-
plex systemic data, such as the description of an immune response
or the description of complex immune responses (e.g., vaccine
responses within a population) (FIGURE 1).

Data analysis tools
Numerous mathematical, statistical or computer simulation
models – computational models – have shaped immunology
research [24]. The amount of currently available data from
multiple sources easily surpasses our ability to manually collect
and integrate data and perform various analyses. This has led to
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an increased reliance on computational approaches and modeling.
The main groups of tools that are used in immunoinformatics
or related fields include those for literature mining, statistical
and comparative tools, models of molecular interactions and
system-level models. Automated extraction of information from
free texts is known as text mining. Text mining is at the early
stages of development in life sciences, and examples include
identification of functional domains in proteins [25], gene
grouping and profiling [26], and identification of gene networks
[27]. Specific immunologic applications of text mining will
appear over time; for example, the authors of this article are
involved in research into the automatic identification of allergen
crossreactivity information directly from scientific texts.

Statistical or mathematical models have been used extensively
in developing immunologic assays [24], including measurement of
antibody affinity, agglutinatination, quantification of antibody or
ligand binding, radioimmunoassays, precipitation reactions in
gels, estimation of antibody or antigen concentration, immuno-
fluorescence, enzyme immunoassays and enzyme-linked
immunosorbent assays (ELISA), among others. Computational
modeling has also been applied in quantification of cellular assays
including measurement of cytotoxicity, migration, phagocytosis,
limiting dilution analysis, basophil degranulation and cell prolif-
eration, among others. Most of these computational models are
programmed within instruments and are therefore not visible to
the user. Another set of data analysis tools include bioinformatic
methods used for database searching and biologic sequence com-
parison including standard methods such as FASTA, BLAST or
Smith-Waterman algorithms [28] for pairwise sequence compari-
son, or methods for multiple sequence analysis. The analysis of
DNA focuses largely on characterization of DNA sequences and
genes, while protein sequence analysis focuses on:

• Finding conserved patterns of functional
domains in related proteins

• Prediction of protein secondary structure
from sequence

• Prediction of 3D structure by homology
modeling or de novo

• Prediction of function of whole proteins
or their domains

Examples of use of standard bioinfor-
matics tools and references can be found in
the recent review [28]. Several immunoin-
formatics tools have been specifically devel-
oped to be accessible via the internet, such
as a suite of immunogenetics tools [29,30].
These user-friendly, online tools enable the
analysis of antibody and T-cell receptor
sequences (IMGT/V-QUEST [31],
IMGT/JunctionAnalysis [32]), graphic rep-
resentation of 2D structures (IMGT Col-
liers de Perles) and the contact analysis in
antigen receptors and MHC 3D structures
(IMGT/Structural Query) [33].

Newer computational tools that focus on molecular inter-
actions include methods for mapping T-cell epitopes [34]. Com-
putational methods for simulation of antigen processing
include prediction of proteasomal cleavage [35,36], and peptide
binding to the transporter associated with antigen processing
(TAP) [37,38]. The basic methods for prediction of antigen
processing and presentation have been extended to more
sophisticated computational models for the identification of
promiscuous HLA-restricted T-cell epitopes [39,40], MHC
supermotifs [41] and T-cell epitope hotspots [42]. Individual pre-
diction systems normally produce different results. An example
is illustrated in FIGURE 2, where the 121-amino acid long
sequence of the nuclear export protein NS2 from influenza A
virus (GenPept accession NP_859033) was searched for 9-mer
candidate binders to a mouse MHC molecule H-2Kd using
four internet-accessible systems. The prediction results were
compared for top ten predictions by each system (TABLE 1). The
three best predictions (peptides 98–106, 72–80 and 105–113)
were deemed as top ten candidates by all four methods. Five
peptides (8–16, 40–48, 30–38, 20–28 and 35–43) were pre-
dicted by three methods. Other peptides in the list have lower
probability of binding compared with the peptides with overall
rank 1–8 (TABLE 2). This example shows that individual predic-
tions need to be taken with care and predictions may be
improved by a consensus of multiple methods.

Computational models of cellular or higher level processes
or interactions have a longer history than those focusing on
molecular processes, but are also more complex. These include
models of T-cell responses to viruses [43], analysis of MHC
diversity under host–pathogen coevolution [44], maturation of
B-cells [45], or even dynamic models of the immune system,
which can simulate both cellular and humoral immune
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Figure 1. Various views to data generated by immunology-related studies. This list is 
representative of data of various complexity and extent.
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responses [46]. A brief review describing major issues concerning
mathematical modeling can be found in [47]. In the past, such
models had limited application because the best computer
resources only allowed modeling of immune cells and antigens
in numbers that were many orders of magnitude smaller than
the size of the real immune system. However, with the ongo-
ing dramatic increase in computational power, particularly
grid computing, computational models can now start to
match the complexity of the immune system. In turn, this will
allow system-level modeling of the immune system using
molecular-level models that represent real antigens and recep-
tors, rather than idealizations that use bit-strings. The out-
come will be realistic models that should be able to match the
complexity of the real immune system and greatly assist our
understanding not only of normal functioning of the immune
system, but also elucidate how perturbations of the system
lead to immune diseases. An example of the application of
such models is a numerical simulator of cellular and humoral
immune responses to HIV-1 infection [48]. This model uses

predictive parameters of disease progression and found that
HIV-1 proteins accumulate single-position mutations prima-
rily in the peptide sequences that are recognition targets for
cytotoxic CD8+ T-cells. These results indicate that cell-medi-
ated immunity has a major role in control of the viral load and
provides a possible explanation for differences between normal
and rapid progressors versus long-term nonprogressors. The
results also suggested that differences in the early immune
response may account for different disease progression. The
authors propose that such computational models may help
define the predictive parameters of HIV dynamics and disease
progression, which has potential applications in vaccine and
immunotherapy development.

Immunoinformatics & disease
A major driver for immunology research is to use the understand-
ing of structural and functional elements of the immune system
at the cellular, organ, organism and population level, and to
develop practical applications in the areas of disease diagnostics,

A

DC

B

Figure 2. Prediction of 9-mer peptide binders from nuclear export protein NS2 from influenza A virus (GenPept accession NP_859033) to the 
H-2Kd molecule of BALB/c mouse. Four prediction systems were used and these predictions were compared: (A) SYFPEITHI [104], (B) PREDBALB/c [105], 
(C) RANKPEP [106] and (D) BIMAS [107].
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prevention and treatment. The complexity of the human
immune system (characterized by variability, plasticity, degener-
acy and adaptivity), the variability of pathogens and of self and
environmental antigens, and the presence of multiple regulatory
pathways, ensure that huge amounts of data will be necessary to
decipher the workings of the immune system. Since the
immune system interacts with and is trained on self-proteins
and also undergoes a process of adaptive learning through inter-
action with a large array of foreign antigens, the amount of data
produced by large-scale immunology projects will soon over-
whelm the already vast amounts of data produced by genomics
projects. This will ensure an increased dependency on immuno-
informatics for management and analysis of these data. The cur-
rent main applications of immunoinformatics in the study of
disease include models to understand the pathogenesis of dis-
ease and dynamics of the immune response, computational vac-
cinology and diagnostic tools. Advances in instrumentation,
informatics hardware and software and an unprecedented
growth of life sciences (both basic and applied) have the poten-
tial to deliver significant transformation of medicine and health-
care. Clinical immunology will benefit from access to a vast
repository of accumulated information and knowledge. A brief
list of immunoinformatics resources and representative applica-
tions are listed in TABLE 3. Currently, these sources and tools are
mostly separated. Adequate integration of these resources will
enhance data analysis and support for immunology research.
Data warehousing, which focuses on integration of data and
tools for discovery and decision making, is a suitable technology
that enables extracting further value from data [49,50].

Medical informatics and bioinformatics are playing an
increasingly critical role in research, diagnosis, prevention and
treatment of tumors. Large-scale cancer projects already
require integration of huge amounts of data, and necessitate

tools that allow access to and analysis of large repositories of
cancer-related data. An example of such an initiative is the
Cancer Biomedical Informatics Grid (caBIG), which connects
a network of 500 individuals and 50 institutions who share
data and analyze tools to speed up the development of inno-
vative approaches for the prevention and treatment of
cancer [51]. Changes in the cancer field are being supported by
an informatics infrastructure that enables patients, physicians
and researchers to instantaneously access rapidly growing
amounts of information. Large data warehouses are required
to host the terabyte-level of experimentally generated data for
use by cancer clinicians and researchers [50]. Competent
immune responses to cancer are likely to be restricted to the
immunome of a specific cancer, including the set of antigens
that drive successful immune responses. However, that set of
antigens varies between different tumors and is still difficult
to uncover in its entirety. Bioinformatics tools used for the
discovery of the components of the immunome include
sequence analysis, antigen processing and presentation map-
ping tools, as well as tools for analysis of gene and protein
expression, and managing data from high-throughput immu-
nology assays. The databases, analysis tools and bioinformatics
methods for support of large-scale screening are rapidly growing
in number.

The 2005 database issue of Nucleic Acids Research lists 14
cancer-related molecular databases [16]. These databases mainly
focus on cancer-related genes and gene expression. Genetic
databases are useful for basic research; however, they are not
linked to databases that contain functional or clinical data.
Intelligent design of high-throughput methods should enable
bridging this gap and assist the assigning of functional proper-
ties to tumor-related genes [52]. Systems biology approaches
target identification of a small number of antigens expressed by

Table 1. Prediction of 9-mer peptide binders from NS2 protein to H-2Kd. 

RANKPEP PREDBALB/c SYFPEITHI BIMAS

Pos Peptide Pred Pos Peptide Pred Pos Peptide Pred Pos Peptide Pred
98 TFMQALQLL 81 72 KFEEIRWLI 8.21 98 TFMQALQLL 21 98 TFMQALQLL 1600

8 SFQDILTRM 80 30 GMITQFESL 8.14 40 LYRDSLGEA 20 72 KFEEIRWLI 1382

40 LYRDSLGEA 61 98 TFMQALQLL 7.90 72 KFEEIRWLI 19 8 SFQDILTRM 172

105 LLLEVEQEI 59 99 FMQALQLLL 7.85 4 NTVSSFQDI 17 4 NTVSSFQDI 138

79 LIEEMRHRL 58 37 SLKLYRDSL 7.67 105 LLLEVEQEI 17 105 LLLEVEQEI 115

72 KFEEIRWLI 55 20 QLGSSSED 7.26 8 SFQDILTRM 16 30 GMITQFESL 96

20 QLGSSSEDL 52 79 LIEEMRHRL 7.25 30 GMITQFESL 16 95 AQITFMQAL 96

95 AQITFMQAL 50 68 QLSQKFEEI 6.91 24 SSEDLNGMI 15 47 EAVMRMGDL 80

68 QLSQKFEEI 50 105 LLLEVEQEI 6.84 37 SLKLYRDSL 15 40 LYRDSLGEA 72

37 SLKLYRDSL 49 112 EIRTFSFQL 6.82 20 QLGSSSEDL 14 89 ITENSFAQI 69

Note: Four prediction systems were compared: SYFPEITHI, PREDBALB/c, RANKPEP and BIMAS. Individual predictions indicating position of the peptide (Pos), peptide and 
prediction score (Pred) are listed.
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cancer cells that are suitable targets of immune responses for
natural defense against cancer. A recently reported study
describes proteomic mapping of in vivo targets for antibodies
in lungs, and solid tumors in experimental animals, and
defines aminopeptidase-P and annexin A1 as targets of anti-
cancer immune responses [53]. Translating such studies into
broader clinical applications is complicated by the diversity of
the human population as well as the diversity of tumors. Infor-
matic methods have been used for classification of tumors into
subtypes, which supports decision making for the selection of
therapeutic approaches; however, applications in cancer
immunology are yet to come [54].

Bioinformatics methods such as database searching,
sequence comparison, motif analysis and structural modeling
are useful for assigning tentative functions to uncharacter-
ized genes [55]. Listings of tumor antigens are available [56].
This list includes antigens that have defined T-cell epitopes,
but excludes other groups such as analogs or artificially mod-
ified epitopes, viral cancer-related antigens or antibody-tar-
geted antigens. Current efforts include consolidation of anti-
gen data and integration with immunoinformatics tools such
as antigen processing and presentation predictions [34]. Can-
cer immunotherapies focus on immunomodulation [22] or
target cancer antigens [57]. Animal studies have demonstrated

successful protection against some types of cancer using cells
that express cancer antigen and produce interleukin
(IL)-12 [11]. Computational models of antigen processing and
presentation link molecular-level interaction with the fate of
antigens [34–42]. Molecular-level interactions initiate and regu-
late cellular immune responses. Cellular processes define
immune responses and models of these processes are useful for
understanding the kinetics of the cells during immune
responses. Various models of this type have been developed for
immunology and include continuous, discrete and automata-
based models [58]. Mathematical models can translate specula-
tive hypotheses into quantitative descriptions. The parameters
of mathematical models can be tuned to represent the real
behavior of the immune system and in turn can be used to
refine hypotheses or offer explanations of processes that are
difficult to measure. Practical applications of mathematical
models continue to primarily focus on description of immune
processes. However, there are developments in which mathemati-
cal models have been used for optimization of immunization
protocols and experimentally verified in mice [94].

Thus, cancer research is increasingly dependent on informatics
resources for access to accumulated data and knowledge, as well
as identification of key pointers that support the design of
experiments, improved diagnosis and therapeutic approaches.

Table 2. Prediction of 9-mer peptide binders from NS2 protein to H-2Kd. 

Number Pos Peptide Rank

RANKPEP PREDBALB/c SYFPEITHI BIMAS Overall
1 4 NTVSSFQDI - - 4 4  9

2 8 SFQDILTRM 2 - 6 3  4

3 20 QLGSSSEDL 7 6 10 -  7

4 24 SSEDLNGMI - - 8 - 14

5 30 GMITQFESL - 2 7 6  6

6 37 SLKLYRDSL 10 5 9 -  8

7 40 LYRDSLGEA 3 - 2 9  5

8 47 EAVMRMGDL - - - 8 14

9 68 QLSQKFEEI 9 8 - - 12

10 72 KFEEIRWLI 6 1 3 2  2

11 79 LIEEMRHRL 5 7 - - 10

12 89 ITENSFAQI - - - 10 16

13 95 AQITFMQAL 8 - - 7 11

14 98 TFMQALQLL 1 3 1 1  1

15 99 FMQALQLLL - 4 - - 13

16 105 LLLEVEQEI 4 9 5 5  3

17 112 EIRTFSFQL - 10 - - 16

Note: Four prediction systems were compared: SYFPEITHI, PREDBALB/c, RANKPEP and BIMAS. Ranked predictions for each method and overall ranking are listed.
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In the past, the main problem with utilization of cancer data
was lack of access capability. Current problems are the opposite
– an enormous amount of data are readily available, but it is
difficult to identify key data from the huge quantities of data
distributed across the world.

Infectious diseases & computational vaccinology
Bioinformatics is growing in importance in the study of infectious
disease. It is essential for reporting and tracking infectious dis-
ease [59], defining major circulating variants of pathogens [60,61],
microbial diagnostics [62], pathogen databases [16] and vaccine
development [63,64]. Computational models have been devel-
oped with the aim to facilitate understanding of complex
pathogen-related processes. Reported computational models of
infection and immune responses to infection include those
focusing on viral [65,66], bacterial [67], parasitic [68] and fungal
pathogens [69].

Traditionally, major applications involving informatics of
infectious disease involve epidemiology and vaccine research.
With the advancement of various ‘omics’ [61], molecular diag-
nosis and characterization of pathogens and immune reponses
is rapidly growing. For example, proteomics enables high-
throughput profiling of antibody responses to infection [70].
Deciphering immune responses to various pathogens is a com-
plex task because of the variability of pathogens and variability
of the human immune system [2]. The enormous combinatorial
space of molecular interactions involved in pathogen interac-
tions with human individuals and populations necessitates the
use of computational and mathematical approaches for prelimi-
nary screening, interpretation of results and simulations that
offer possible explanations of biologic processes.

The recent epidemics of the severe acute respiratory syndrome
(SARS) demonstrated the importance of informatics and
data management for dealing with emerging epidemics [3].
Genome sequencing, sequence comparison and phylogenetic
analysis were crucial for the identification of 11 open read-
ing frames of the SARS virus and its characterization as a
distinct member of the coronavirus family [71]. Sequence
analysis of the phylogenetic relationship of influenza viral
strains circulating in Taiwan revealed the accumulation of
changes by antigenic drift in isolates of hemagglutinin (HA)
and nonstructural genes. These studies also showed the
emergence of a new cluster that evolved from the old lineage
(YA88) [4]. The authors analysis of HLA-DR hotspots (pep-
tides that bind multiple HLA-DR molecules) in 1091 non-
redundant sequences of influenza HA showed that there are
four to six hot spots in each of the four studied subtypes of
HA [HEINY ET AL., UNPUBLISHED OBSERVATIONS]. The length of
each hotspot is between 15 and 36 amino acids and 20 dif-
ferent peptides and their 168 variants (mainly single amino
acid variation) were identified that represent the total anti-
genic diversity of the 1091 studied HA sequences. This analy-
sis included sequence comparison, elimination of dupli-
cates, analysis of antigenic diversity and computational
identification of the HLA-DR hotspot using the computa-
tional system, MULTIPRED [42]. An important contribution
to the development of vaccines against infectious diseases is
screening of complete genomes of pathogens [72]. To date,
genomes of more than 100 pathogens have been
sequenced [73] and screening these genomes for T-cell epitopes
is underway. Large-scale screening of pathogens for T- and B-cell

Table 3. Immunoinformatics resources and selected 
cancer immunoinformatics applications. 

Immunoinformatics Ref.

Data sources

Molecular databases [16]

Specialized lists, nomenclature [56,108]

Clinical records [18,19]

Clinical trials [103]

Patient registries [20,21]

Literature [101]

Web resources [29,51,85]

Tools

Database searching [109]

Sequence analysis Multiple sites

Statistical analysis [24]

Molecular modeling [87]

Data warehousing [49,50]

Data mining [85]

Text mining [25–27]

Predictive models [34–40,76–80]

Systemic models [43–47]

Examples of applications

Gene characterization [52,55]

Antigen characterization [53]

Antigen receptor repertoire analysis [31,32]

3D structure analysis of 
immune receptors

[33]

Assessment of allergenicity [28,76–80]

Identification of T-cell epitopes [34–42]

Deimmunization of proteins [82]

Design of immunotherapy [7,22,57]

Vaccine design [2,40,62–64,70,72,75]

Optimization of 
immunization protocols

[94]

Study of immune system behavior [43–48]
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epitopes from NIAID class A–C pathogens and other pathogens
of global importance is also currently underway [74]. These
pathogens include Bacillus antracis, Mycobacterium tuberculo-
sis, Clostridium tetani, Francisella tularensis, Yersinia pestis
and various viruses including smallpox, flaviviruses, arena-
viruses, rabies, influenza, SARS and hepatitis A, among oth-
ers. The importance of these large-scale efforts is that they
combine bioinformatics, genomics and proteomics with tra-
ditional experimental approaches. Such large-scale efforts
will for the first time enable a global view of human immu-
nity to pathogens. In this way, the diversity of pathogen
genomes will be mapped together with T- and B-cell
epitopes contained in pathogen genomes in the context of
population-wide HLA allelic variants. The database compo-
nent of this project will enable access to data and utilization
of specialized tools for further analysis [74]. Vaccine formula-
tions using various constructs identified by computational
screening have been studied extensively; vaccinology is set to
be a major beneficiary of bioinformatics techniques for
epitope research and screening [2,40,62,63,70,72,75].

Allergen informatics
Developments in allergen informatics
include formation of improved allergen
databases, identification of B- and T-cell
epitopes, structural characterization of
allergens, assessment of allergenicity and
allergic crossreactivity and analysis of
genetic factors that contribute to allergic
responses, as well as genomics and pro-
teomics studies of allergy [17,28]. Clinical
allergology will be a major beneficiary of
technologic advances in instrumentation
and informatics, which will enable
improved diagnosis, prevention and
treatment of allergic disease [76]. Two
major reviews of the application of bio-
informatics to allergy were published
recently [17,28]. The vigorous activity of
the last 2 years has seen no less than four
reports of algorithms for assessment of
allergenicity [77–80]. These tools need to
be further developed and, in particular,
these prediction tools need to be thor-
oughly tested with known allergens and
additional clinical data. In the mean-
time, users of these algorithms need to
exercise care in interpretation of predic-
tion results and test them with experi-
mental validation. Standards for identifi-
cation of allergenicity are not well
established and in the meantime the
Food and Agriculture Organization of
the United Nations/World Health
Organization recommendations are in

place. These recommendations are not perfect and exceptions
to the rules are known. By pooling allergy data and tools we
can expect the refinement of these recommendations, which
will involve more sophisticated informatics methods. Bio-
informatics already plays an important role in improved
detection and characterization of food allergens [81], as well as
improvement of clinical diagnosis and development of novel
therapies or prevention measures [82]. However, the full reali-
zation of this potential will depend on the development of
more advanced allergen-specific databases as well as improved
methods for data mining of these databases.

Autoimmunity informatics
Bioinformatics applications in autoimmunity are at an early
stage. Factors involved in autoimmune disease include complex
genetic, clinical and immunologic traits [83]. In addition, the
reporting rate of autoimmunity studies in journals is relatively
low [84], and autoimmunity databases are rare and small in
size [83]. Nevertheless, bioinformatics infrastructure for complex
disease databases is available [85], and patient registries already

Data sources
- High-throughput measurements
- Clinical data
- Databases
- Literature
- Bioinformatics

Data analysis

Clinical applications

New knowledge
Experimental 
design

Computational 
models (system)

Computational
models (molecular)

Experiments

Simulation
prediction

Refinement

Figure 3. The immunomics paradigm. The existing data sources are analyzed and used to build and 
subsequently refine computational models for simulation of observed systems or processes. 
Simulations produce new knowledge or are used for hypothesis generation and subsequent 
experimental design to test the hypothesis. The experiments can be either large scale measurements 
or targeted experiments to test a hypothesis. Data analysis, computational simulations and 
experiments collectively produce new knowledge that is returned to enrich data sources and develop 
clinical applications in the areas of diagnosis, therapy or prevention.
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contain large amounts of clinical data [86]. Combination of
this clinical data with modern high-throughput screening
technologies offer hope for development of autoimmunity
vaccines, an endeavor that will only be possible through appli-
cation of bioinformatics techniques [12,75]. Specific examples
of bioinformatics applications in autoimmunity research
include structural design of inhibitors of protein-tyrosine
phosphatase-β, a target for diabetes and obesity treatment [87],
and computational identification of human thyroglobulin
peptides that are pathogenic in an HLA-DR3 transgenic
mouse model of autoimmune thyroiditis [88].

Expert opinion & five-year view
Increased application of high-throughput experimental techniques
combined with advances in immunoinformatics will result in
explosive growth of immunology, similar to the events that previ-
ously transformed genetics into genomics. The quest for deci-
phering the functions of genes and their products with the aim of
reducing human disease has led to the creation of large quantities
of data. On the other hand, automation of patient records and
clinical management systems now provides access to a large
quantity of clinical information. The development of computa-
tional infrastructure has been revolutionized through computer
networking and connectivity of multiple data sources. Huge
computational resources are available for sharing data and com-
puting power through Grid computing infrastructure [52,89].
Computational analysis tools are also growing in number, sophis-
tication and quality [90]. In addition to computational infrastruc-
ture, instrumentation is rapidly improving through minituari-
zation and automation, enabling ever-increasing throughput for
sample analysis. Examples include immunoprofiling (hundreds
of variables) of cells and molecules from small blood samples [91],
highly sensitive immuno-PCR assays for detecting pathogens [92]

and phage-display libraries combined with immunoessays [93],
among others.

The authors’ prediction is that the next 5 years will bring
increased integration of basic and clinical immunology research,
informatics infrastructure and the latest high-throughput

instrumentation advances, thereby transforming immuno-
genetics into immunomics. This will for the first time allow
understanding of immune function at the system rather than
just the cellular level. Basic and preclinical research will obvi-
ously progress faster than clinical applications, which gener-
ally lag by at least 10–15 years due to the extraordinary com-
plexity and time-consuming nature of the clinical trial
process. Vast amounts of data will be available for support of
molecular immunology research and large numbers of targets
for vaccine and immunotherapies will be identified. Large
functional studies will start appearing and will be supported
by laboratories that already have well-established molecular
immunology departments and are ready for introducing large-
scale genomics and proteomics techniques. The resulting large
amounts of data will in turn require further development of
immunoinformatics resources. These developments will per-
mit for rapid growth of the knowledge base in basic immunol-
ogy and enable the identification of genes and proteins that
are involved in immune function, but are not yet character-
ized. Awareness of the novel technologic possibilities in the
clinical environment will emerge. In the next few years we
will see the widespread acceptance of the immunomics para-
digm (FIGURE 3). Consequently, immunologic research will
become increasingly based on integration of basic and clinical
immunology foundations with large-scale screening using
high-throughput instrumentation, targeted experiments and
computational tools.

Clinical immunology will be among the major growth fields
in medicine, and immunomics will ultimately deliver benefits
to patients from improved diagnosis, prophylaxis and treatment
of immune diseases.
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Key issues

• Immunoinformatics, also known as computational immunology, represents computational methods and resources used in the study 
of immune function.

• Immunologic data are available in largely disconnected sources including molecular and genomic databases, specialist databases, 
medical and scientific literature, patient records, disease registries, tissue repositories and hospital databases.

• Data analysis tools used in immunoinformatics include those for database searching, sequence comparison, literature mining, 
statistical and comparative tools, models of molecular interactions and system-level models of immune processes.

• Online tools enable the analysis of the antibody and T-cell receptor sequences, and prediction of antigen processing and presentation: 
proteasomal cleavage, peptide binding to major histocompatibility complex or transporter associated with antigen processing, major 
histocompatibility complex supermotifs, promiscuous human leukocyte antigen-restricted T-cell epitopes and T-cell epitope hotspots.

• The main applications of immunoinformatics in the study of disease focus on pathogenesis of disease, dynamics of immune 
responses, computational vaccinology and diagnostic tools.

• Immunoinformatics plays a significant role in research, diagnosis, prevention and treatment of tumors and infectious diseases, and in 
computational vaccinology, while applications in the fields of allergy and autoimmunity are emerging.
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