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The Immunological Genome Project:
networks of gene expression in immune
cells
Tracy S P Heng, Michio W Painter & The Immunological Genome Project Consortium
The Immunological Genome Project combines immunology and computational biology laboratories in an effort to
establish a complete ‘road map’ of gene-expression and regulatory networks in all immune cells

T

Thanks to the broad and robust approaches
allowed by gene-expression microarrays and
related techniques, the transcriptome is probably the only ‘-ome’ that can be reliably tackled
in its entirety. Generating a complete perspective of gene expression in the immune system

he immune system is a ‘cat’s cradle’ of
networks operating at various levels, comprising a network of genetic and signaling
pathways subtending a network of interacting cells. Hence, understanding the role of a
given molecule or pathway in immune system
function requires deciphering its effect in
the context of these many networks. As two
thirds of the genome is active in one or more
immune cell type(s), with less than 1% of genes
expressed exclusively in a given type of cell1, the
phenomena and molecules studied should be
considered in the framework of the system as
a whole. In addition, any given molecule can
have opposite or paradoxical effects on functional outcome depending on its location or
the other genes or gene products it interacts
with. Fixating studies on classical immunityrelated genes limits the understanding of a
cell’s function to what is already known at the
risk of missing other genes that may function
in immune responses. Narrowing the frame of
cellular reference to one or a few characteristics or applying facile but misleading labels can
lead to dangerously simplified paradigms. In
this context, the discovery-driven approach of
genomics is a key complement to hypothesisdriven experimentation. Conversely, immu-

nology is an ideal field for the application of
systems approaches, with its detailed descriptions of cell types (over 200 immune cell types
are defined in the scope of the Immunological
Genome Project (ImmGen)), wealth of
reagents and easy access to cells.

Tracy S.P. Heng and Michio W. Painter are in the
Section on Immunology and Immunogenetics,
Joslin Diabetes Center & Department of Medicine,
Brigham and Women’s Hospital, Harvard Medical
School, Boston, Massachusetts 02215, USA.
A complete list of authors and affiliations appears
at the end of this paper.
e-mail: immgen@joslin.harvard.edu

Figure 1 ImmGen consortium organization and project workflow. Cells purified by the immunology
labs are sent to a central sample processing site for RNA extraction and checking and then are sent
to a second site for amplification, labeling and hybridization. Quality-control tests are done on the
raw data at a central data processing site, and confirmed data are then accessed by the immunology
and computational biology labs for network analysis and development of ‘visualization metaphors’.
All data and metadata are accessible to the public through an Internet interface. DFCI, DanaFarber Cancer Institute; Fox Chase, Fox Chase Cancer Center; Joslin, Joslin Diabetes Center; UCSD,
University of California, San Diego; UCSF, University of California, San Francisco; UMass, University of
Massachusetts; BU, Boston University; Stanford, Stanford University; Brown, Brown University,
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offers the potential for deciphering patterns
that mirror responses at several levels. At the
level of the gene, such data can give insight into
how individual genes act along differentiation
profiles and cellular responses. It is then possible to define modules or groups of genes whose
expression is interdependent and is coordinated
by shared regulatory controls. Computational
methods for reverse engineering can then be
applied to infer a model of the cells’ underlying
control system. Finally, genome-wide expression data at the highest level of integration provides an objective definition of the relations
and distinctions between cells. For example,
analyses of relative ‘distances’ in genomic space
have shown that natural killer T cells are actually a subset of conventional CD4+ T cells and
not an ‘intermediate’ between CD4+ T cells and
natural killer cells, as is often believed1. Thus,
insights from genomic profiling may ‘fine tune’
or revise the classifications and mental representations of immune cells.
Such goals require a coordinated effort on
a large scale beyond the scope of any single
laboratory. Many focused microarray studies
have been done in the context of immunology,
addressing the development and differentiation
of various immunological lineages2–4, characteristics of functional states5,6 and perturbations
associated with autoimmunity, immunopathology or malignancies7–9. However, there is a
paucity of studies addressing gene-expression
data across a substantial range of lineages.
Microarray explorations can be robust but
are very sensitive to experimental ‘noise’10,
and the high degree of variation between platforms or laboratories undermines any direct
comparison between data sets deposited into
data warehouses such as the National Institutes
of Health’s GEO database or the European
Molecular Biology Laboratory’s ArrayExpress
database. Some bioinformatic techniques have
been proposed to overcome such variations in
pairwise comparisons, but the remaining ‘noise’
renders any large-scale integration dubious11.
Some compendia do exist, such as Symatlas12,
Immune Response In Silico13, Genopolis14 and
the Reference Database of Immune Cells15, but
these sources are either too broadly or too narrowly focused, are incomplete or may not have
sufficiently robust data to allow a comprehensive analysis of the immune system.
The broader goal of estimating a global
regulatory network in a mammalian genome
requires vast quantities of data with discrete
perturbations that help unmask fine regulatory
effects that would otherwise be hidden in data
sets focusing on certain immune cell types16,17.
Such analyses in the much smaller genome of
yeast have required over 500 microarrays, and
we estimate that over 2,000 data sets will be
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needed for analysis of the mouse genome. In
addition, the quality of the data sets must be
carefully controlled so that the biological signal
is not overshadowed by ‘noise’ from lab and/
or batch variability. Thus, a comprehensive
genomic perspective of the immune system
is not yet available. This is what the ImmGen
group aims to address, robustly and comprehensively.
Overall goals and organization of ImmGen
This project will generate, with rigorously standardized conditions, a complete compendium
of genome-wide data sets showing the expression of protein-coding genes for all defined cell
populations of the mouse immune system. The
project will focus on primary cells isolated ex
vivo in steady-state conditions or in response
to genetic or environmental perturbations.
Integrative computational tools will be applied
to the expression profiles to reverse-engineer or
predict the regulatory network in immune cells.
Variation will be introduced into the analysis,
through natural genetic polymorphism, knockout of genes, knockdown by RNA-mediated
interference, or drug treatment, to drive and
refine the computational network construction.
For practical considerations, only the mouse
genome will be studied at present, although
future research may include human samples.
All data and metadata (such as modules, ‘signatures’ and networks) will be made accessible
to the public and the project will explore new
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Figure 2 Heat-map
representation of
‘problem transcripts’
from replicate spleen
CD4+ T cell samples
(1 or 2) purified
by each laboratory
of the consortium
(A–F) during the
validation phase of
the ImmGen profiling
project. Results
represent expression
differences among
data sets, presented
on a spectrum ranging
from low variability
(black) to high
variability (red). Some
transcripts correspond
to contamination by B
cells (IgK, Igh-6 and
H2-Aa), erythrocytes
(Hba and Hbb) or cells
of unknown origin
(Amy2) or indicate
stress (Hsp).

visualization tools to support the display and
browsing of genes, modules and connectivity.
The core group of the project comprises
seven immunology and three computational
biology laboratories (Fig. 1). Over 200 cell
populations have been parsed by the immunology labs, each in charge of identifying and
purifying all populations and subpopulations
of its own cell grouping (under the umbrella
of building the general compendium, each lab
is also seeking to answer a series of focused
questions related to their cells of interest). To
minimize ‘noise’ from lab-specific variation,
contamination, circadian effects, cell stress
and so on, a common and strictly defined standard operating protocol is followed by all, with
mice that originate from the same source (the
Jackson Laboratory). For homogeneity, RNA
preparation, probe labeling and hybridization
are done in a centralized way. Quality checks
and robust normalization are done on the raw
data, which are then used by the computational
biologists to analyze genetic modules and ‘signatures’ and to reverse-engineer underlying
gene-regulatory networks, thus identifying
genetic mediators for various immunological processes. In addition, ImmGen has ties
with ‘systems immunology’ efforts in Europe
and Asia. A collaboration with the European
Union–supported Systems Biology on T-cell
Activation consortium is focused on the finegrained analysis of events occurring at various
stages of T cell activation, and discussions are
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underway with the Japanese RIKEN institutes
for complementary analyses of the immunological transcriptome.
ImmGen is intended to be an open project.
Beyond following guidelines of the National
Human Genome Research Institute to allow
rapid public access to the data and metadata,
the group welcomes suggestions from the community about additional populations to profile
(including direct participation in the form of
reagents or help with cell preparations), community participation or suggestions for data
analysis or the development of the web interface. The project is supported mainly by the
National Institute of Allergy and Infectious
Diseases of the National Institutes of Health,
but we have been fortunate in obtaining considerable support from suppliers of materials,
mainly eBiosciences and Affymetrix (as of this
writing).
Technical platforms
At present, only microarray or related hybridization-based technologies, on beads or a solid
support, offer the breadth, throughput and
reliability required for genome-wide profiling
of protein-coding genes. Other techniques can
be used for expression analysis, but these are of
limited breadth (RT-PCR), are not cost-effective on a high-throughput scale (serial analysis
of gene expression) or have yet to be proven
reliable for such a study (high-throughput
serial analysis of gene expression; color-coded
single-molecule imaging). To provide uniformity across data sets and allow investigators
to reference further data against ImmGen,
the primary microarray platform will be held
constant for the duration of the project and
beyond. This primary platform for the analysis
of protein-coding genes will be complemented
by several additional investigations, which will
be done on a more restricted set of 12 main
leukocyte populations. Any microarray platform may fail to detect a certain amount of
transcripts known to be present (false-negative
results); this can be eliminated by analysis on a
second array platform or new technologies that
might arise during the course of the project.
New-generation arrays that distinguish splicing variants will be used to explore alternative
splicing across immunocytes. Transcription
start sites will be analyzed (in collaboration
with RIKEN groups). Once the cost and ease
of the techniques have matured, massive parallel sequencing approaches for ‘transcript
counting’ will be applied to cross-confirm or
refine the microarray results for expression and
alternative splicing. Although the main focus
is on protein-coding genes, the importance
of noncoding RNAs (microRNAs and others)
for immune function is now well appreciated18.

The knowledge of the genomic diversity and
the reliability of analysis techniques are not as
mature and robust for noncoding RNAs as they
are for protein-coding genes, but ImmGen will
profile them once the dust has settled.
Visualization of genome-scale data
Perhaps one of the greatest challenges in
systems-level studies lies in organizing and
visualizing complex metadata. This difficulty
arises not simply from trying to represent large
amounts of data in a user-friendly way but also
in trying to determine and visually prioritize
what data are meaningful in the broader context of a system. ImmGen has created and is
developing new interactive tools to make data
visually ‘graspable’ for genes and for more complex structures such as coregulated modules
or ‘signatures’. The website will also support
outside queries, such as determining which
cell type a particular profile most resembles,
or which module or ‘signature’ distinguishes
certain data sets. Once a complete immune
gene-expression network has been established,
individual investigators may query the network
to specifically alter the activity of a given gene
and catalog the ripple effects. Hence, the database will be an evolving entity that enables and
calls for community participation.
ImmGen profiling: present status
The project is now operational. Its overall success is dictated by the quality and reproducibility of cell purifications, and initial studies
have served to confirm and refine procedures
in the participating labs. In early confirmation
studies, profiles from the same cell population collected by all participating labs showed
a large amount of interlab variability, with a
smaller ‘distance’ for intralab than for interlab
replicates (Table 1). This was unexpected, as
the leaders of the laboratories have collectively
95 years of experience with cell sorting, and
the target population being purified (spleen
CD4+ T cells) was not thought to present a

challenge. The profiles showed ‘signatures’ of
some expected sources of error (cell stress and
contamination by B cells or erythrocytes) but
also of unexplainable lab-specific transcripts
(Fig. 2). These differences were minimized by
further standardization of the sorting protocols, but they served to show that reliable and
reproducible microarray data are achievable
only with high sorting purity and strict adherence to a fixed protocol.
To select the microarray platform, we
compared the sensitivity, ‘noise’, differential
expression and reliability of detection of
four commercial arrays using common RNA
pools from CD4+ and CD19+ cells. The analyses focused on a subset of probes representing 12,297 genes common to all four arrays
(matching GeneSymbol or the National Center
for Biotechnology Information GeneID). We
found distinct differences between arrays
in terms of sensitivity (most platforms had
3–5% false-negative results; one had up to
15%), ‘noise’ (inter-replicate coefficients
of varation ranging from 0.09 to 0.22) and
the ability to detect differential expression
(unexpectedly, FoldChange metrics proved
globally different). Although no single array
was the winner in all categories, we chose the
Affymetrix Gene ST 1.0 array as the primary
platform for the project. With the validation
tests completed, the data generation for the
first compendium phase is now underway. As
of July 2008, the group had generated the first
150 data sets for 50 cell populations.
Conclusion
The genome-sequencing and variationmapping projects have established essential
genetic ‘road maps’. In the same vein, if
on a more focused scale, by generating
robust expression data and metadata into a
centralized and accessible location, ImmGen
should provide an essential ‘workbench’ for
delineating the intricate workings of the
immunological genome.

Table 1 Genes with expression change between and within labs
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Genes with a change in expression of over twofold for intralab replicates (1 or 2) or interlab samples (A–F).
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