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A Network Modeling Approach to Analysis of the Th2
Memory Responses Underlying Human Atopic Disease1
Anthony Bosco, Kathy L. McKenna, Martin J. Firth, Peter D. Sly, and Patrick G. Holt2
Complex cellular functions within immunoinflammatory cascades are conducted by networks of interacting genes. In this
study, we employed a network modeling approach to dissect and interpret global gene expression patterns in allergeninduced Th cell responses that underpin human atopic disease. We demonstrate that a subnet of interconnected genes
enriched for Th2 and regulatory T cell-associated signatures plus many novel genes is hardwired into the atopic response and
is a hallmark of atopy at the systems level. We show that activation of this subnet is stabilized via hyperconnected “hub”
genes, the selective disruption of which can collapse the entire network in a comprehensive fashion. Finally, we investigated
gene expression in different Th cell subsets and show that regulatory T cell- and Th2-associated signatures partition at
different stages of Th memory cell differentiation. Moreover, we demonstrate the parallel presence of a core element of the
Th2-associated gene signature in bystander naive cells, which can be reproduced by rIL-4. These findings indicate that
network analysis provides significant additional insight into atopic mechanisms beyond that achievable with conventional
microarray analyses, predicting functional interactions between novel genes and previously recognized members of the
allergic cascade. This approach provides novel opportunities for design of therapeutic strategies that target entire networks
of genes rather than individual effector molecules. The Journal of Immunology, 2009, 182: 6011– 6021.

T

he general concept that complex immunological diseases
such as atopy are driven via integrated pathways or molecular cascades has been accepted dogma for more than
two decades. The approaches to identification of relevant cascade
members and in particular those that are rate limiting in the disease
process driven by the cascade have not evolved greatly over this
period, and they generally focus on candidate effector or regulator
molecules selected stepwise on the basis of their known effector
functions and their potential interactions with other perceived
pathogenic factors. However, the level of clinical efficacy achieved
with therapies designed to target simple linear pathways or causal
chains has been disappointing (1, 2).
The development of global gene expression profiling technologies
has provided opportunities for new approaches to the same problem.
The conceptual leap of principal interest in this context comes from
the way in which these data are analyzed, in particular the emergence
of quantitative algorithms based on network theory (3). This new
approach enables a systems-level characterization of the networks of
interacting genes that underpin cellular function and behavior, unearthing pathways at the core of disease processes.
A fundamental organizing principle of gene networks is their
scale-free topology, meaning that network connectivity is dominated by a few centralized genes designated “hubs”, which are
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hyperconnected to a larger number of peripheral genes with few
connections (3). This structural feature of gene networks, coupled
with additional mechanisms including feedback control, redundant
wiring, and plasticity, is thought to bestow biological systems with
a high degree of tolerance to perturbations such as gene deletions
(4 – 8). However, a scale-free organization has an inherent tradeoff, because removal of hyperconnected hubs at any level of biological organization (DNA, mRNA, protein, metabolite) can result
in severe or multiple phenotypes (8 –14).
By inference, entire networks of immunological disease-associated genes relevant to activation of Th memory responses may also
be under the control of hubs; however, this remains to be formally
demonstrated, because the tools of network analysis have not yet
been systematically applied broadly in the immunology field (15).
In the study herein, we have utilized these methodologies to reanalyze the CD4⫹ Th memory responses that underpin human atopic
disease, in particular responses to house dust mite (HDM)3 allergen, which is a major trigger of atopic asthma. We focus on the
early activation phase in HDM-triggered Th memory cells isolated
from blood to minimize distortion of the gene expression program
that may result from in vitro manipulations (16). We demonstrate
that gene coexpression network analysis predicts functional associations between novel and known genes and provides an additional level of insight into the operation and stabilization of the
principal atopy-associated effector pathway.

Materials and Methods
Study population
The study population included healthy volunteers comprising HDMsensitized atopics and nonatopic controls in the age range 14 – 45 years.
Atopic status to HDM was defined by positive skin test reaction to
3

Abbreviations used in this paper: HDM, house dust mite; FDR, false discovery rate;
qRT-PCR, quantitative real-time RT-PCR; SAM, significance analysis of microarray;
TCM, central memory Th cell; TEM, effector memory Th cell; TN, naive Th cell; TTM,
transitory memory Th cell; Treg, regulatory T cell.
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FIGURE 1. CD4⫹ Th cell response patterns to allergens in atopic
and nonatopic subjects. PBMC from
HDM-sensitized atopics (n ⫽ 15) and
nonatopic controls (n ⫽ 15) were cultured in the presence or absence of
HDM for 24 h. At the termination of
the cultures, CD4⫹ Th cells were isolated and gene expression was profiled by qRT-PCR and microarray
analysis. A, qRT-PCR analysis of selected Th lineage signature genes
demonstrates the Th2-skewed response phenotype of the atopic subjects. Data are expressed as gene expression level above baseline relative
to the stably expressed gene EEF1A1
(68). AT, Atopic; NA, nonatopic. Statistical analysis by Mann-Whitney U
test. B, Microarray analysis of differential gene expression in atopic and
nonatopic responses. Backgroundcorrected gene expression levels
(level in HDM-stimulated cells relative to baseline control (HDM/control)) were compared in atopic and
nonatopic responses employing the S
test (20). The data are summarized as
a volcano plot (21), which displays
microarray data along axes of statistical significance (absolute S test statistic) and differential expression magnitude (atopic HDM/control:nonatopic
HDM/control on the log2 scale (log2
fold change)). Genes above the horizontal line are significantly differentially
expressed (FDR adjusted p value
⬍0.01); positive and negative values on
the horizontal axis indicate elevated expression in atopic and nonatopic responses, respectively. ABS, absolute.

HDM extract (wheal ⱖ3 mm) and the presence of HDM-specific serum
IgE (ⱖ0.7 kU/L). The study was approved by our institutional human
ethics committee.

Cell preparation and culture methodologies
PBMC were thawed from cyrobanked samples and cultured in AIM-V
medium (Invitrogen) in the presence or absence of 10 g/ml HDM
extract (Dermatophagoides pteronyssinus; CSL) for 24 h as detailed
previously (17). At the termination of the cultures, CD8⫹ followed by
CD4⫹ T cells were isolated by positive selection employing immunomagnetic separation (Dynal Biotech). The purity of the CD4⫹ T cells
was not tested in every sample but was routinely 98.1% (⫾0.1%).
Where specified, 1 U/ml human recombinant IL-2 (Cetus), 0.25 ng/ml
human recombinant IL-4 (ProSpec-Tany TechnoGene), 5 mg/ml antiIL-2 (clone MQ1-17H12; BD Pharmingen), or 5 mg/ml anti-IL-4 (clone
MP4-25D2; BD Pharmingen) was added to the cultures. Replicate cultures containing appropriate isotype control Abs (clones R35-95 and
R3-34; BD PharMingen) were set up in parallel.
For cell sorting experiments, PBMC were labeled with anti-CD27FITC, anti-CD45RA-PE-Cy5, anti-CD3-allophycocyanin-Cy7, antiCD4-allophycocyanin (BD Biosciences), and anti-CCR7-PE (R&D Systems) and sorted on a FACSAria (BD Biosciences). Postsort purities of
the CD4 subpopulations (TN, TCM, TEM) ranged from 95% to 99%,
except for the TTM subset, which ranged in purity from 80% to 97%
(mean, 89%).

Quantitative real-time RT-PCR (qRT-PCR) analysis
Total RNA samples were extracted employing TRIzol (Invitrogen) followed by RNeasy (Qiagen). The quality of the RNA was not tested in every
sample, but the RNA integrity number was routinely 8.8 (⫾0.03) as assessed on the Bioanalyzer (Agilent). Reverse transcription was performed
with the Omniscript kit (Qiagen), and qRT-PCR was performed with QuantiTect SYBR Green (Qiagen) employing predeveloped assays (Qiagen) as
described previously (16). Where specified, qRT-PCR data were log transformed, mean centered, and scaled (see Statistical analysis).

Microarray study design
A total of 90 microarrays were employed in the study to profile gene
expression in paired samples of HDM-stimulated and unstimulated CD4⫹
T cells from 45 subjects. The experimental design comprised two independent atopic data sets (n ⫽ 15 subjects in each set) for network construction and validation, and a nonatopic data set (n ⫽ 15) for statistical
comparisons.

Microarray methodologies and data preprocessing
Total RNA (⬃100 ng) from CD4⫹ T cells was labeled and hybridized to
Human Gene 1.0 ST microarrays (Affymetrix), employing standardized
protocols and reagents from Affymetrix. The microarray data were preprocessed in Expression Console software (Affymetrix) employing the probe
logarithmic intensity error algorithm (PLIER, parameters: PM-GCBG
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background subtraction, quantile normalization, iterPLIER summarization). The preprocessed microarray data were then imported into the R
language and environment for statistical computing (www.r-project.org/)
for further analysis. Variance stabilization was performed by adding the
small constant 16 to all the data points, followed by log2 transformation.
The microarray data are available in the Gene Expression Omnibus repository (www.ncbi.nlm.nih.gov/projects/geo/) under the accession number
GSE: 14908.

Identification of the atopy transcriptome in human CD4⫹ Th
cell responses
The moderated t test (18) was employed to identify genes that were significantly modulated in allergen-stimulated vs unstimulated cells from
atopic (atopic transcriptome) and nonatopic (nonatopic transcriptome) subjects. The moderated t test employs a Bayesian model to leverage information obtained from the variability across all the genes to make inferences
about individual genes. To account for multiple testing, the p values derived from the moderated t test statistics were adjusted employing the false
discovery rate (FDR) method (19). Only genes that were significantly
(FDR-adjusted p value ⬍0.01) modulated by ⱖ1.2-fold after HDM stimulation were considered in further analyses.

Differential expression analysis of CD4⫹ Th cell response
patterns to allergens
To identify differences in the response profiles of atopic and nonatopic
subjects, background corrected gene expression levels (i.e., level in HDMstimulated cells relative to baseline control (HDM/control) on the log2
scale) for the HDM-regulated genes identified above (i.e., the combined
atopic and nonatopic transcriptomes) were analyzed employing the significance analysis of microarrays test (SAM or S test) (20). The S test is a
variant of the t test, which adds a small constant to the variability component of the gene-specific t test. Differentially expressed genes are identified
by comparing the S test statistics with their null distribution, which is
generated via permutation of the sample class labels. The significance level
of a SAM analysis is dependent on the tuning parameter ␦, and for each
value of ␦, the FDR is calculated as the 90th percentile of the number of
false-positive genes divided by the number of genes called significant. A
value for ␦ was selected corresponding to a 90th percentile FDR of ⬍0.01.
The results of the S test analysis were summarized on a volcano plot (21),
a scatter plot of the S test statistics vs the log2 fold change (atopic HDM/
control:nonatopic HDM/control).

Gene coexpression network analysis
Network analysis was performed on the microarray data employing the
weighted gene coexpression algorithm developed by Horvath and coworkers (10). The mathematical process involves calculating absolute
Pearson correlations for all pairwise gene-gene combinations across the
test samples. The correlations were transformed into connection
strengths by raising them to a power ␤. The value for ␤ was selected by
fitting a statistical model to the data, which is based on the knowledge
that the distribution of connectivity in biological networks follows a
scale-free topology (10). Genes with a low connectivity to the network
were removed from the analysis (bottom 20% with low values for ktotal,
see below). To identify modules of interconnected genes, the topological overlap was calculated from the pairwise connection strengths and
analyzed by hierarchical clustering (10, 22). The topological overlap is
a measure of the degree in which each pair of genes is correlated with
the same set of genes. The modules were defined from the dendrogram
output of the hierarchical clustering analysis employing an automated
adaptive algorithm (23).
To test individual modules for association with atopic status, background-corrected gene expression levels (HDM/control on log2 scale) in
atopic vs nonatopic responses were compared on a module-by-module
basis employing gene set analysis (24). Gene set analysis tests for the
association of a set of genes rather than individual genes with a phenotype of interest, and it employs randomization/resampling of the
genes to avoid bias in the determination of the test statistic, as well as
permutations of the samples to estimate the FDR and account for correlations between genes (24). To illustrate module enrichment, background-corrected gene expression levels (HDM/control) in atopic vs
nonatopic responses were compared employing the S test (20), and the
absolute value of the S test statistics were plotted as box-and-whisker
plots on a module-by-module basis.
The interaction of each component gene to the other genes in the network is quantified by the connectivity (k). The connectivity of a gene is
defined as the cumulative connectivity (i.e., sum of the pairwise connection

FIGURE 2. Modular architecture of the gene coexpression network in
atopic CD4⫹ Th cell responses to allergens; variations associated with
allergic sensitization. A, Network analysis was performed on the atopic
CD4⫹ Th cell response microarray data set from Fig. 1B, and hierarchical
clustering was employed to resolve the network into subnets (modules) of
highly interconnected genes (10). The modules were defined by an automated algorithm (23) and can be visualized as the internal branch-like
structures of the dendrogram output from the cluster analysis. B, The
brown module is uniquely associated with atopic status. Background-corrected gene expression levels (HDM/control) were compared in atopic and
nonatopic responses employing the S test (20), and the absolute value of the
S test statistics were graphed as box-and-whisker plots on a module-bymodule basis to visualize module enrichment. Statistical analyses were
performed to compare the overall expression of each module in atopic and
nonatopic responses employing gene set analysis (ⴱⴱⴱ, FDR-adjusted p
value ⬍0.001) (24).
strengths) and can be calculated with respect to the entire network (Ktotal)
or within a specific module (Kin). The Kin values were scaled to lie between
0 and 1.

Statistical analyses
The statistical methods used in this study were performed in the R environment including the moderated t test (18), S test (20), gene set analysis
(24), gene coexpression network analysis (10), Wilcoxon signed-rank test,
Mann-Whitney U test, paired t test, Spearman’s rank correlation, Fisher’s
exact test, and hierarchical clustering (10). Where specified, FDR-adjusted
p values (19) were reported to control for type I error when performing
multiple hypothesis testing. Gene set analysis and the S test have built-in
functions based on data resampling techniques to calculate the FDR; for all
other statistical methods, the FDR was calculated employing the Benjamini
and Hochberg method (19) in the R package multtest (available at www.bioconductor.org/). It is noteworthy that the Benjamini and Hochberg FDR
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Table I. Functional annotation of the consensus atopy modulea
Function/Pathway

Apoptosis

Inflammation and immunoregulation

Leukotriene and prostaglandin signaling
Protease activity and regulation
Protein trafficking
Signal transduction

Solute carrier activity
TcR signaling

Th2 regulation and function

Treg expression and function

Transcriptional regulation

Gene Symbol

Chromosome

Gene Name

BCL2
BTG1b
CASP3
STK17B
CD200R1
CISH
CSF1
IL-1F6b,c
LIF
SOCS2
ALOX5
HPGD
PTGER2
PITRM1b
SPINT2
TPP2b,c
RAB19Bb
RAB27B
RAB30
ARRDC2b,c
CNKSR2b
KPNA6b
NCOA3
NDFIP2
NSMCE1
PGM1b
RAP2Bc
RASL11Ab
SOCS2
TBC1D1b
SLC26A11b
SLC37A3
SLC39A8
APBB1IPb,c
CEACAM1
CISH
DPP4
IL-2R
ITK
LCP2c
MAL
RAP1A
CCL1
GFI1
ID2
IL-13
IL-17RB
IL-4R
IL-5
ITK
RRS1c
CISH
FOXP3
GFI1
HIPK2
IKZF4b,c
IL-2R
ITK
PTGER2
SOCS2
TIAM1b
BATFb,c
ENO1b,c
HIPK1b
ID2
IKZF1c
IKZF4b,c
KLF3c
LASS6b
PCGF5c
TSC22D3c

18q21.33
12q22
4q34
2q32.3
3q13.2
3p21.3
1p21–p13
2q12– q14.1
22q12.2
12q
10q11.2
4q34 – q35
14q22
10p15.2
19q13.1
13q32– q33
7q34
18q21.2
11q12– q14
19p13.11
Xp22.12
1p35.1–p34.3
20q12
13q31.1
16p12.1
1p31
3q25.2
13q12.2
12q
4p14
17q25.3
7q34
4q22– q24
19p13.11
19q13.2
3p21.3
2q24.3
10p15–p14
5q31– q32
5q33.1-qter
2cen– q13
1p13.3
17q12
1p22
2p25
5q31
3p21.1
16p11.2–12.1
5q31.1
5q31– q32
8q13.1
3p21.3
Xp11.23
1p22
7q32– q34
12q13
10p15–p14
5q31– q32
14q22
12q
21q22.1
14q24.3
1p36.3–p36.2
1p13.2
2p25
7p13–p11.1
12q13
4p14
2q24.3
10q23.32
Xq22.3

B cell CLL/lymphoma 2
B cell translocation gene 1
Caspase 3
Serine/threonine kinase 17b; DRAK2
CD200 receptor 1
Cytokine inducible SH2-containing protein
CSF1
IL-1 family, member 6 (⑀)
Leukemia inhibitory factor
Suppressor of cytokine signaling 2
Arachidonate 5-lipoxygenase
Hydroxyprostaglandin dehydrogenase
Prostaglandin E receptor 2 (EP2 receptor)
Pitrilysin metallopeptidase 1
Serine peptidase inhibitor, Kunitz type, 2
Tripeptidyl peptidase II
GTP-binding protein RAB19B (RAB19)
RAB27B, member RAS oncogene family
RAB30, member RAS oncogene family
Arrestin domain containing 2
Connector enhancer of kinase suppressor of Ras 2
Karyopherin ␣6 (importin ␣7)
Nuclear receptor coactivator 3
Nedd4 family-interacting protein 2
Non-SMC element 1 homolog
Phosphoglucomutase 1
RAP2B, member of RAS oncogene family
RAS-like, family 11, member A
Suppressor of cytokine signaling 2
TBC1 domain family, member 1
Solute carrier family 26, member 11
Solute carrier family 37, member 3
Solute carrier family 39, member 8
Rap1-interacting adaptor molecule (RIAM)
Carcinoembryonic Ag-related cell adhesion 1
Cytokine inducible SH2-containing protein
Dipeptidyl-peptidase 4 (CD26)
IL-2 receptor, ␣
IL-2-inducible T cell kinase
Lymphocyte cytosolic protein 2 (SLP-76)
Mal, T cell differentiation protein
RAP1A, member of RAS oncogene family
C-C chemokine ligand 1, I-309
Growth factor independent 1
Inhibitor of DNA binding 2
IL-13
IL-17 receptor B (IL-25 receptor)
IL-4 receptor
IL-5
IL-2-inducible T cell kinase
RRS1 ribosome biogenesis regulator homolog
Cytokine inducible SH2-containing protein
Forkhead box P3
Growth factor independent 1
Homeodomain-interacting protein kinase 2
IKAROS family zinc finger 4 (Eos)
IL-2 receptor, ␣
IL2-inducible T cell kinase
Prostaglandin E receptor 2 (EP2 receptor)
Suppressor of cytokine signaling 2
T-cell lymphoma invasion and metastasis 1
Basic leucine zipper transcription factor, ATF-like
Enolase 1 (␣)
Homeodomain-interacting protein kinase 1
Inhibitor of DNA binding 2
IKAROS family zinc finger 1 (Ikaros)
IKAROS family zinc finger 4 (Eos)
Krüppel-like factor 3 (basic)
LAG1 homolog, ceramide synthase 6
Polycomb group ring finger 5
TSC22 domain family, member 3; GILZ
(Table continues)
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(Continued)
Function/Pathway

Wnt/␤-catenin signaling

Unclassified or unknown function

Gene Symbol
b,c

BCL9L
CAMK2D
DACT1
HIPK2
ID2
MEOX1b
TIAM1b
ETNK1b
FAM102Bb
GNPDA1b
IMMT
OBFC2Ab
PLXDC1
SNTB1

Chromosome

Gene Name

11q23.3
4q26
14q23.1
7q32– q34
2p25
17q21
21q22.1
12p12.1
1p13.3
5q21
2p11.2
2q32.3
17q21.1
8q23– q24

Bcell CLL/lymphoma 9-like
Calcium-dependent protein kinase II ␦
Dapper homolog 1
Homeodomain-interacting protein kinase 2
Inhibitor of DNA binding 2
Mesenchyme homeobox 1
T cell lymphoma invasion and metastasis 1
Ethanolamine kinase 1
Family with sequence similarity 102, member B
Glucosamine-6-phosphate deaminase 1
Inner membrane protein, mitochondrial (mitofilin)
Oligonucleotide-binding fold containing 2A
Plexin domain containing 1
Syntrophin, ␤1

a
Genes were assigned to functional classes (some genes in more than one class) based on classifications from the Gene Ontology consortium (www.geneontology.org/), as
well as manual curation based on information from the literature and other sources. See supplemental Table S2 for additional information and references.
b
Novel genes that have not been previously reported in the context of atopy or Th2 regulation.
c
Genes that were specifically detected as atopy-associated based on their patterns of interconnectivity with other members of the atopy module, but were not detected as
atopy-associated by differential expression analyses in Fig. 1B.

procedure is appropriate for test statistics that are independent or positively
correlated (25).
Before statistical analysis employing the t test, qRT-PCR data points
below the detection limit (DL) were substituted for DL/2 followed by log10
transformation to correct for data skewness and heteroscedasticity (26).
Before hierarchical clustering analysis, mean centering and unit variance scaling was performed on the qRT-PCR data to emphasize the more
relevant variations between samples as opposed to differences in high or
low abundance values (26).

Results

Identification of the atopy transcriptome in human CD4⫹ Th
cell responses
To characterize the patterns of gene expression in Th cell responses to allergens, PBMC from panels of HDM-sensitized atopics (n ⫽ 15) and nonsensitized nonatopic controls (n ⫽ 15) were
cultured in the presence or absence of HDM allergens for 24 h. At
the termination of the cultures, CD4⫹ Th cells were isolated by
immunomagnetic separation, and gene expression was analyzed by
qRT-PCR. As illustrated in Fig. 1A, the atopic Th cell response
phenotype was Th2-skewed, as predicted from previous studies
employing this culture system (16, 17). Regulatory T cell (Treg)
signature genes (IL-2R, FoxP3) were also elevated in the atopic
responses; however, it is noteworthy that these genes are also transiently up-regulated following the activation of conventional Th
cells (reviewed in Ref. 27).
Microarray profiling was then performed to investigate changes
in global patterns of gene expression. Paired comparisons of
HDM-stimulated Th cells with unstimulated Th cells demonstrated
that a substantial gene expression program was activated in the
respective responses, comprising 1442 genes in the atopic responses (i.e., the atopy transcriptome) and 1243 genes in the controls (average fold change ⬎1.2 and FDR (19) adjusted p value
⬍0.01; moderated t test (18)). Consistent with our previous findings, many of these genes were common to both groups (16); however, ⬃150 genes differed between the respective responses after
accounting for multiple testing (FDR-adjusted p value ⬍0.01; significance analysis of microarray t test (20); supplemental Table
S1).4 As illustrated in Fig. 1B, most of these genes were elevated
in the atopic responses, including several previously recognized
members of the Th2 cascade (IL-4R, IL-5, IL-13, GFI-1, ITK), as
well as a cohort of novel Th2-associated genes (IL-17RB,
4

The online version of this article contains supplemental material.

CAMK2D, CISH, DACT1, DPP4, MAL, NDFIP2, NSMCE1,
PLXDC1) reported recently by us (16) and confirmed in an independent study (28).
Characterization of the coexpression network architecture of the
atopy transcriptome in CD4⫹ Th cell responses
The statistical analyses performed above identify a list of genes
involved in Th memory responses to allergens, but they provide
limited insight into how these genes interact to control the underlying T cell activation process. To obtain more detailed information in this regard, a systems-level analysis was performed on the
atopic data set, employing a weighted gene coexpression network
reconstruction algorithm as detailed in Materials and Methods
(10). Briefly, network analysis employs a stepwise analytical process to leverage variations in gene-by-gene correlations across the
samples to describe in quantifiable terms the underlying gene networks. Pathways manifest as subnets of highly correlated genes
(“modules”), and hyperconnected genes (“hubs”) are identified
within pathways. The algorithm generates a branching tree-like
diagram output (dendrogram), in which modules of highly correlated genes are identified as the internal branch-like structures of
the dendrogram. As illustrated in Fig. 2A, network analysis resolved the atopy transcriptome into a gene coexpression network
composed of a series of seven discrete modules. Of note, the distribution of connectivity followed a scale-free topology (data not
shown), as predicted from studies in other systems (3, 29). To
determine whether any of the modules were associated with atopy,
we performed a statistical comparison of the overall expression of
each module in the atopic and nonatopic responses. As illustrated
in Fig. 2B, the results demonstrated that one of the modules was
uniquely associated with atopic status (module-level FDR adjusted
p value ⬍0.001 by gene set analysis (24)).
To determine whether the atopy-associated module is reproducible, an additional series of microarray profiles was generated from
HDM-stimulated CD4⫹ Th cells from an independent panel of
atopics (n ⫽ 15). Network analysis of this independent data set
revealed a similar coexpression network comprising discrete modules (not shown), and again a striking association was observed
between a single module and atopic status (module-level FDR adjusted p value ⬍0.001 by gene set analysis (24)). The overlap
between these two putative atopy-associated modules comprising
71 genes was highly significant (Fisher’s exact test p value ⬍1 ⫻
10⫺15) and included signatures associated with the activation of
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FIGURE 3. Visualization of the
atopy-associated module and identification of putative hubs. A, Network
analysis was performed separately on
the two independent atopic CD4⫹ Th
cell response microarray data sets,
and variations in the patterns of connectivity within the atopy module
were investigated by calculating the
kin (see Materials and Methods). Hyperconnected hub genes have a kin approaching 1.0 and are therefore located in the upper right region of the
scatter diagram (box). The kin values
were highly correlated across the two
independent data sets (Spearman
rho ⫽ 0.84, p value ⬍1 ⫻ 10⫺15). B,
A graphical representation of the
atopy-associated module. The microarray data from the two independent atopic data sets were pooled and
network analysis was performed. The
top gene-gene interaction data (i.e., all
pairwise connection strengths ⬎0.25;
corresponding to the top ⬃500 interactions) within the module were submitted to VisANT software (visant.
bu.edu/) for network visualization. To
illustrate the hubs, progressively
larger font and node sizes were selected based on the connectivity data,
which was partitioned into four categorical bins of ⬎31 links, 21–30
links, 11–20 links, and ⬍10 links. The
hubs appear as the large central nodes
in the network diagram.

Th2 cells (IL-4R, IL-5, IL-13, ITK, GFI-1, CAMK2D, CISH,
DACT1, DPP4, MAL, NDFIP2, PLXDC1, PTGER2, RAB27B)
and Tregs (CISH, FoxP3, GFI-1, HIPK2, ID2, IKZF4, ITK, IL-2R,
PTGER2, SOCS2, TIAM1 (30)), as well as a range of novel genes
(Table I; see supplemental Table S2 for references). This overlapping gene set was designated the “consensus atopy module”, and
accordingly became the principal focus of the remainder of this
study. Of note, 15 out of the 71 genes in the atopy module were not
detected by the conventional statistical analyses performed above
(Fig. 1B), even when the FDR threshold was reduced from 0.01 to
0.05, suggesting that network analysis can unmask cryptic varia-

tions in gene expression, thus revealing covert disease-associated
genes (Table I).
The consensus atopy-associated module is enriched with
functionally coherent genes
Modules execute high level biological functions by mobilizing sets
of coexpressed genes that function in the same pathway (29, 31).
As detailed in Table I, the atopy-associated module was enriched
for functionally coherent genes involved in TCR and Wnt/␤-catenin signaling, signal transduction, transcriptional regulation, Th2
regulation and function, inflammation, and Treg function.
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Although a generic function has been assigned to most of the genes
in the module by the gene ontology consortium, for the vast majority of genes there is no information available about their regulation and/or function specifically in T cells. Moreover, the module
contained 25 genes that have not previously been reported in the
context of atopy (Table I).
Validation of constituent genes in the consensus
atopy-associated module
Microarray detection of thousands of molecules in a single assay can result in false-positive signals due to nonspecific background and cross-hybridization (32). Therefore, we sought confirmation of expression of the module genes in atopic Th cell
responses to allergens via more quantitative RT-PCR methodology, employing the RNA samples from the independent
groups of study subjects used for the microarray experiments.
At least 90% of the genes tested were validated in these analyses (supplemental Table S3), which incorporated FDR controls
for multiple hypothesis testing (19).
Additional validation across microarray platforms was provided
via metaanalysis of in-house data sets on mixed CD4⫹ and CD8⫹
atopic T cell responses to HDM, which were generated as reported
earlier (16) on the previous series Affymetrix microarrays. These
analyses identified a module that significantly overlapped with the
consensus atopy module (Fisher’s exact test p value of 5.5 ⫻
10⫺7). In addition to the core Th2 cluster on chromosome 5q31.1,
these analyses also identified a broad range of the novel genes
illustrated in Table I, including BATF, CAMK2D, CEACAM1,
DACT1, NDFIP2 and RAB27B (data not shown).
Variations in connectivity within the atopy-associated module
reveals hyperconnected hubs, which are essential for overall
module functionality
Systematic studies in other systems have reported that the connectivity of individual genes within biological networks is correlated
with essential functions (8 –13). Thus, by inference, hyperconnected hubs within an individual module may be indispensable to
regulation and function of the module as a whole, and we wanted
to test this concept in relationship to the atopy-associated module.
To identify putative atopy-associated hyperconnected hubs, we
first calculated the cumulative connectivity of each gene within the
atopy-associated module (i.e., intramodular connectivity (kin); see
Materials and Methods). Genes that are highly correlated with
many genes in the module will have large values for kin, and vice
versa. The statistical reliability of the network measure kin is unknown in the current experimental setting, and hence we calculated
the kin separately for both independent atopic data sets. As illustrated in Fig. 3A, the analyses demonstrated that variations in connectivity within the atopic module are highly reproducible (Spearman rho ⫽ 0.84, p value ⬍1 ⫻ 10⫺15). Moreover, several
hyperconnected hubs were identified, and these appear in the upper
right region of Fig. 3A. To illustrate the wiring diagram of the
atopy module, the pairwise interaction data (i.e., pairwise correlation data) were submitted to a bioinformatics tool for network
visualization (33). As shown in Fig. 3B, the hubs manifest as the
large nodes at the center of the network depiction, which are hyperconnected to peripheral nodes of low connectivity.
As detailed above, the initial identification of these putative
atopy-associated hub genes was based solely on the strength of
underlying statistical associations, and additional levels of (more
direct) proof are required to determine the level of biological plausibility inherent in the information obtained via this approach. To
explore this question we focused on two hub genes (IL-2R, IL-4R)
in pathways whose functionality in relation to the Th2 cascade is

FIGURE 4. IL-2R and IL-4R are principal hubs driving the expression
of the atopy-associated module. PBMC from HDM-sensitized atopics (n ⫽
8) were cultured in the presence (⫹) or absence (⫺) of HDM, rIL-2, rIL-4,
or neutralizing Abs against IL-2 (␣IL-2), or IL-4 (␣IL-4), or both (␣IL2,-4). At the termination of the 24-h cultures, CD4⫹ Th cells were purified
and expression of a subset of genes from the atopy-associated module was
profiled by qRT-PCR. The qRT-PCR data were normalized to the stably
expressed gene EEF1A1 (68), averaged across the subjects, mean centered
(26), and scaled for unit variance (26). Hierarchical clustering (10) was
performed on the genes to partition them into clusters of coexpressed
genes. Two major expression patterns were identified that corresponded to
genes that were regulated by IL-4 (red cluster dendrogram) or IL-2 (blue
cluster dendrogram) genes. Detailed statistical analyses were also performed and are presented in supplemental Table S4. Additional cultures
were set up with appropriate isotype control Abs, and these did not substantively affect expression profiles (not shown).

well established (34, 35), and for which blocking reagents are
readily accessible. The novelty of the new information on the allergen-triggered Th2 cascade provided via this approach (Fig. 3B)
concerns the additional range of genes putatively “networked”
with IL-2R and IL-4R in this module. In particular, if the linkages
identified exist in vivo and are biologically meaningful, then
blocking these hubs alone or in combination may affect the overall
structural integrity of the module, including the expression of these
previously unrecognized members of the cascade. To test this
proposition, positive and negative perturbation experiments were
performed by supplementing the PBMC cultures with exogenous
recombinant IL-2 or IL-4, or relevant neutralizing Abs. At the
termination of the cultures, CD4⫹ Th cells were isolated and expression of the module was profiled by qRT-PCR. As illustrated in
Fig. 4, hierarchical clustering analysis of these data segregated the
genes into two distinct parallel pathways/clusters. The top cluster
contained IL-4R, and genes within this cluster were highly induced
by treatment with rIL-4 and strongly abrogated by anti-IL-4. In
contrast, the bottom cluster contained IL-2R, and genes within this
cluster were highly induced by treatment with rIL-2 and strongly
abrogated by anti-IL-2. Strikingly, the combination of anti-IL-2
plus anti-IL-4 silenced expression of almost every gene in the
module that was investigated (see supplemental Table S4 for detailed statistical analyses). Importantly, many genes within the
module are totally novel (Table I), and thus their regulation by
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FIGURE 5. Expression of the atopy-associated module varies across naive and memory CD4⫹ Th cell subsets. A, Stepwise model of CD4⫹ Th cell
memory differentiation (38). B, Multiparametric cell sorting strategy employed to isolate CD4⫹ Th cell subsets. C, PBMC from HDM-sensitized atopics
(n ⫽ 6) were stimulated with HDM for 20 h. At the termination of the cultures, multiparametric cell sorting was employed to isolate TN, TCM, TTM, and
TEM subpopulations. Expression of a subset of genes from the atopy-associated module was profiled by qRT-PCR. The qRT-PCR data were normalized
to the stably expressed gene EEF1A1 (68), log2 transformed, mean centered (26), and scaled for unit variance (26). Mean centering and unit variance were
performed separately for the naive and memory compartments to emphasize variations across the latter compartment. Hierarchical clustering (10) was
employed to identify clusters of coexpressed genes, as well as clusters of samples with similar expression profiles. Four major sample clusters and three
major gene clusters were identified, as shown by the respective vertical and horizontal white lines. Detailed statistical analyses were performed and are
presented in supplemental Table S5. D, Box-and-whisker plots of the qRT-PCR data (centering, scaling, and log transformation were not performed) for
selected genes from C. See supplemental Table S6 for complete data set.

IL-2 and IL-4 signaling was predicted solely on the basis of their
interconnectivity with IL-2R/IL-4R.
Expression of the atopy-associated module varies across the
CD4⫹ Th memory compartment
The network analyses presented above demonstrate that IL-2R and
IL-4R are hyperconnected within the atopy-associated module, and
that dual inhibition of these parallel pathways destabilizes gene
expression programs in the overall Th memory response in a comprehensive fashion. However, it is not clear why the atopy module
contains gene expression signatures associated with the early dif-

ferentiation of Th2 cells (28), Th2 memory responses (16), and
Treg function (30). One possibility is that because the Th memory
compartment is phenotypically and functionally heterogeneous
(36), the above analyses on total CD4 T cells are likely to have
provided an oversimplified picture. A series of experimental observations support a relationship between the phenotype, function,
and stage of CD4⫹ Th cell memory differentiation (reviewed in
Ref. 37). One simple model to account for the origin of these
diverse subsets proposes that there is a stepwise differentiation of
naive Th cells (TN) 3 central memory (TCM) 3 transitory
memory (TTM) 3 effector memory (TEM) (Fig. 5A) (36, 38). To
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investigate expression of the module across the differentiation
pathway during a Th memory response, PBMC from six HDMallergic subjects were stimulated with HDM for 20 h. At the termination of the cultures, CD4⫹ Th cell subsets were isolated by
multiparametric cell sorting employing the markers CD4,
CD45RA, CCR7, and CD27 (Fig. 5B) (38), and gene expression
was profiled by qRT-PCR.
As illustrated in Fig. 5C, analysis of the qRT-PCR data by hierarchical clustering demonstrated that expression of the module
partitioned unevenly across the differentiation pathway (see supplemental Table S5 for statistical analyses). For instance, IL-4Rassociated genes (e.g., DACT1, GFI1, MAL, RAB30, RASL11A,
SLC26A11) were highly expressed in naive and to a lesser extent
in central memory, whereas Treg-associated genes (IL-2R, FoxP3)
were highly expressed in central memory relative to naive memory, but peaked together with several other genes (CEACAM1,
CISH, DPP4, IKZF4) within transitory memory (Fig. 5, C and D).
The effector memory compartment was characterized by high level
expression of genes associated with effector functions (IL-2, IL-4,
IL-5, IL-13, IL-17RB, LIF), together with the NF-B regulator
NDFIP2 and the inhibitory receptor CD200R1 (Fig. 5, C and D).
These data demonstrate that naive Th cells participate in the Th
memory response, and further show that the Treg and Th2-associated signatures segregate in the TTM and TEM compartments,
respectively.

Discussion
Our findings demonstrate that the hallmark of the atopic phenotype
at the systems level is the activation of an interconnected module
enriched for Th2 and Treg-associated expression signatures, networked together with an additional series of 25 novel genes not
previously associated with atopy. Of note, application of network
analysis techniques to the microarray data not only confirmed the
importance of the bulk of Th2-associated genes identified by more
conventional analyses in previous studies (16, 28), but it also
added a second tier of previously unrecognized Th2-associated
genes identified purely on the basis of their patterns of interconnectivity with other members of the atopy module (Table I). These
novel genes encode proteins mainly involved in generic functions
such as transcriptional regulation and signal transduction; however, their precise function in allergen-driven Th cell responses
remains to be investigated. In the parlance of this emerging field,
genes in the network displaying highest overall connectivity
strengths are designated as hubs, which are ascribed key roles in
overall network functionality (8 –13). Confirmation that the gene
interconnectivity measures employed to reconstruct this atopy-associated module have a biological as opposed to purely statistical
basis was provided via blocking experiments targeting the hubs
IL-2R and IL-4R. Notably, disruption of IL-2 and IL-4 signaling
during stimulation of Th memory cells with specific allergen collapsed the overall atopy module including expression of these
novel genes. This finding justifies further pursuit of this overall
approach, in particular studies related to the network regulatory
functions of other “novel” hub genes. The most direct approach
would be to employ small interfering RNA-mediated knockdown
of hub(s), as has been performed in Th cell lines (28); however,
effective methodology is not available to achieve this in primary
human Th memory responses.
An alternative approach to probe further into the function of the
gene network that we are following involves more precise cellular
localization of relevant expression signals during the Th memory
response. Recent literature indicates that reactivation of Th memory cells sets in train a stepwise differentiation process giving rise
to functionally distinct memory subpopulations (36 –38), and the
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expression signals we are detecting likely represent a summation
of the activity of these subsets. We hypothesized that resolving the
allergen-activated CD4⫹ Th cell population into discrete memory
subsets before expression analysis may provide some clarity to this
complex picture. This approach has resulted in a series of novel
observations, and in particular it has facilitated partitioning of key
elements of the overall atopy module expression signal to different
stages of the Th memory response. Our findings demonstrated that
IL-4-associated genes were predominantly expressed at early
stages of differentiation (TN, TCM), whereas IL-2-regulated genes
were expressed at early (TCM) and later stages (TTM, TEM). Moreover, we found that Treg and Th2 effector signatures partitioned
into the TTM and TEM compartments, respectively. While we did
not perform functional assays to determine whether the TTM
(CD27⫹) subset had suppressive activity, CD27 has been previously reported to discriminate regulatory from effector T cells (39).
Moreover, we detected a bona fide Treg signature in the TTM compartment, which includes genes such as IKZF4 (Eos) that are
highly specific for Tregs (30).
The nature of the relationship between Tregs and conventional
T cells is a contentious issue. Several laboratories have demonstrated that expression of FoxP3 is up-regulated as a normal consequence of human CD4 T cell activation (40 – 42), and it has
been suggested that regulatory activity may be a reversible peripheral state of differentiation (reviewed in Ref. 27). However, the
interpretation of these data is confounded by the knowledge that
FoxP3 expression does not necessarily confer suppressive activity
(41– 43). Moreover, concerns have been raised about the specificity of FoxP3 staining in activated T cells (41, 44). One possible
interpretation of our data is that the TCM compartment gives rise to
both TEM and Tregs, either via parallel or sequential pathways that
are programmed by IL-2. Indeed, an IL-2-dependent mechanism
drives the development of Ag-specific effector and regulatory T
cells from the same naive precursors in animal models of autoimmune disease (45), and we observed that both Th2 effector and
Treg-associated signatures are dependent on IL-2 (Fig. 4). Data
from human studies suggest that Tregs may be derived from the
allergen-driven expansion of memory T cells (46, 47). In human T
cells, IL-2-driven FoxP3 expression does not bestow de novo immunoregulatory properties until at least 4 days of stimulation (42).
This delayed acquisition of regulatory function provides a plausible mechanism to generate adaptive Tregs that can switch off acute
inflammation, thus preventing chronic disease (45, 48, 49).
The synchronous activation of the Treg and Th2 machinery during recall responses to allergens may explain the inherent plasticity
of the CD4 compartment, which has recently been documented at
the epigenetic level (50). Studies in animal models have shown
that in some circumstances Tregs can be converted into Th2 effectors via internal regulation of their gene expression program
(43, 51). In this context it is also noteworthy that PTGER2 was
highly expressed in the TTM and TEM compartments (supplemental
Table S6), because signaling via this pathway can convert conventional T cells into Tregs via induction of FoxP3 (52, 53). Further studies are warranted to investigate this possibility in allergy.
The presence of a parallel IL-4-dependant activation signal in
the naive Th cell compartment was striking. Although it has been
reported that the role of IL-4 is redundant in some (54) but not all
models (55) of Th2 differentiation in vivo, IL-4 is essential for the
collateral priming of naive Th cells to other bystander allergens
(56). Bystander sensitization is a recognized feature of persistent
allergic disease in humans (reviewed in Ref. 49), and it is also
noteworthy that successful allergen-specific immunotherapy
against single allergens prevents sensitization to new allergens (reviewed in Ref. 57).
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The identification of IL-2R as a T cell activation-associated,
atopy-associated hub is intriguing. Systematic studies of diseasegene relationships across multiple disorders have suggested that
common pathways may underlie susceptibility to many diseases
(58), especially inflammatory diseases (59, 60). IL-2R may represent an archetypal example of a hub that is relevant to multiple
inflammatory diseases, because disruption of IL-2 signaling in
mice leads to autoimmunity (61). Moreover, genetic variants in
IL-2R differentially confer risk to type I diabetes and multiple
sclerosis in humans (62). The relevance of this pathway to the
pathogenesis of human asthma was recently demonstrated in a
clinical trial, where blocking IL-2R improved lung function and
asthma control in patients with moderate to severe disease (63).
Further studies are now warranted to determine whether genetic
variation in the IL-2R locus is important in disease risk and
severity.
This study has significant limitations that require addressing in
follow-up investigations. In particular, for logistical reasons we
focused on a single time point after Th cell activation; however,
biological systems are best modeled in dynamic terms (64). Moreover, we have shown in previous kinetic studies that the 24 h time
point favors identification of Th2 activation/differentiation-associated genes in contrast to late effector genes such as IFN-␥ (16) and
TNF-␣, which also contribute to asthma pathogenesis (17). This
approach also cannot reproduce microenvironmental conditions at
the asthma lesional site where T cell triggering is controlled by
highly differentiated mucosal dendritic cells (65). Additionally, as
noted in Results, the focus on IL-2R and IL-4R genes was dictated
by the availability of relevant inhibitors, and more systematic
study of the role of other potential hubs in the Th2 network will
require utilization of a wider range of blocking reagents. Such
functional studies are important because unlike the situation in
protein interaction networks, which are based on detection of protein-protein interactions in functional assays, coexpression networks represent more general relationships between genes that are
simply based on statistical correlations and not on functional data.
Thus, the biological significance of the other putative hubs is unknown in the absence of functional data. Notwithstanding these
limitations, this study has provided novel insight into the operation
of the Th2 cascade in human atopics, and in doing so illustrates
some important principles that are readily applicable to research
into a broad range of other immunoinflammatory diseases. Notably, our findings demonstrate how inferences derived from network analysis can be used to identify novel disease-associated
genes within causal pathways and place them within a testable
functional context. This approach thus has the potential to accelerate drug discovery programs aimed at destabilization of inflammatory gene networks rather than inhibiting individual effector
molecules. The latter approach is currently the dominant paradigm
in pharmacology and has shown only limited success in the treatment of allergic diseases (66, 67). Finally, network analysis may
also increase capacity to identify subtle gene/gene regulatory interactions that escape detection via conventional microarray methodology, and thus may also enhance the precision of basic mechanistic studies.
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