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Introduction
Asthma is a major chronic inflammatory disease of  the airways with increasing prevalence and incidence 
worldwide (1). Recent clinical findings indicate a complex and heterogeneous pathophysiology among 
patients with asthma (2). Currently, subgroups of  patients are defined on the basis of  cellular and molecular 
signatures, which are termed endotypes (3, 4). Among these, the type-2 endotype is highly prevalent, compris-
ing about half  of  asthmatics, and is also well defined by the central role of  T helper 2 (Th2) immunity. Th2 
cells differentiate from naive CD4+ T cells, which serve as a common precursor for the functionally diverse 
Th cell subpopulations (5–9). In naive T cells, IL-4 induces the expression of  the transcription factor GATA3, 
which promotes the expression of  IL-4, IL-5, and IL-13. In accessory cells, these cytokines induce a variety of  
downstream responses resulting in tissue remodeling and severe impairment of  lung function (10, 11).

The Th2 immune response is amplified in self-propagating loops, stabilizes over time, and escapes 
immune regulation by, e.g., Treg cells (12). The host remains incapable of  restoring immune homeostasis. 
The molecular mechanisms underlying the maintenance of  the allergic response in the inflamed tissue are 
not well defined. Hence, deciphering these signals is pivotal for understanding the pathogenic mechanisms 
in diseases. Recently, posttranscriptional mechanisms, including microRNAs (miRs), have been shown to 
control gene expression and recognized to contribute significantly to human disease (13–15).

Allergic asthma is a chronic inflammatory disease dominated by a CD4+ T helper 2 (Th2) cell 
signature. The immune response amplifies in self-enforcing loops, promoting Th2-driven cellular 
immunity and leaving the host unable to terminate inflammation. Posttranscriptional mechanisms, 
including microRNAs (miRs), are pivotal in maintaining immune homeostasis. Since an altered 
expression of various miRs has been associated with T cell–driven diseases, including asthma, 
we hypothesized that miRs control mechanisms ensuring Th2 stability and maintenance in the 
lung. We isolated murine CD4+ Th2 cells from allergic inflamed lungs and profiled gene and miR 
expression. Instead of focusing on the magnitude of miR differential expression, here we addressed 
the secondary consequences for the set of molecular interactions in the cell, the interactome. 
We developed the Impact of Differential Expression Across Layers, a network-based algorithm 
to prioritize disease-relevant miRs based on the central role of their targets in the molecular 
interactome. This method identified 5 Th2-related miRs (mir27b, mir206, mir106b, mir203, and 
mir23b) whose antagonization led to a sharp reduction of the Th2 phenotype. Overall, a systems 
biology tool was developed and validated, highlighting the role of miRs in Th2-driven immune 
response. This result offers potentially novel approaches for therapeutic interventions.
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miRs fine-tune gene expression by facilitating mRNA degradation and repression of protein synthesis (16, 
17), and an altered expression of miRs has been documented for T cell–driven diseases including asthma (18–22). 
Since miRs are encoded in genes and gene expression is strongly influenced by cytokine input in Th cells, it is like-
ly that miR expression levels are influenced by various stimuli present in the inflamed tissue and changing micro-
milieus in different disease stages. Whether the miR expression pattern in Th2 cells is subject to further changes 
in chronic allergic inflammation and if these changes affect maintenance of the Th2 subset in the inflamed tissue 
have not been investigated thus far.

Figure 1. CD4+ST2+ Th2 cells accumulate in allergic inflamed lung tissue. (A) Flow cytometric analysis of CD4+ T cells isolated from spleen, lymph node (LN), 
and inflamed lung tissue for the presence of CXCR3+ Th1 and ST2+ Th2 cells in the acute and chronic phase. Data are shown as percentage CD4+ T cells and are 
representative of 3 independent experiments. For the analysis, n = 3–4 mice were pooled per experiment. (B) Flow cytometric analysis of intracellular cytokine pro-
duction in CD4+ T cells isolated from acute and chronic inflamed lungs. The frequencies of (C) total Th2 and (D) tissue-resident Th2 cells were determined in OVA-
induced acute and chronic allergic inflamed lung tissues using flow cytometry. (E) Tissue-resident CD4+ T cells isolated from spleen, LN, and lung were stained 
for naive (CD62L) and memory markers (CD44). Values are presented as percentage of the parental population (upper panel: CD4+CD69+; lower panel: CD4+CD69–). 
Data are representative of 2 independent experiments with n = 3–4 mice per experiment. Graphs (C and D) depict mean ± SEM of 3 independent experiments each 
with 3–4 animals per group. *P < 0.05, **P < 0.01, *** P < 0.001, by (C) 2-tailed Mann-Whitney U test and (D) ANOVA followed by Tukey’s post test.
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Figure 2. Isolation of live CD4+ Th cell subsets from allergic inflamed lungs using FACS. (A) Heatmap representation of expression of naive T cell 
and Th-subset-specific genes. (B) Cytokine expression of FACS-isolated 2 × 105 Th1 and Th2 cells. (C) Venn diagram comparing upregulated genes 
detected in memory Th2 cells with previously published lung Th2 memory data sets. IL-5+ memory (mem) (DO11.10 cells polarized to Th2 in vitro 
and expanded in vivo, GSE33516 data set), CD4+ T cells from house dust mite–induced (HDM-induced) allergic airway inflammation (GSE72005 data 
set). Changes in gene expression were determined by comparing to the respective control population of each experimental setting with a cutoff of 
2-fold. (D) Volcano plot representation of gene expression differences between naive CD4+ T cells and early Th2 cells. Lineage-specific genes are 
highlighted in color. Dashed lines indicate cutoff levels for gene expression (log2-fold > 1) and significance (P < 0.05). (E) Volcano plot representa-
tion of gene expression changes from early to stable Th2 (memory) cells. (F) Heatmap depicting differentially expressed transcription factors. n = 3 
independent experiments. Cells were pooled from 10–12 mice. (D and E) Fold change in expression was calculated with mean values for each group.
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The broad target spectrum of  a single miR makes it is difficult to predict the consequence of  miR 
regulation on cellular processes unless miR-regulated gene and protein expression are considered. Systems 
biology approaches successfully map such interactome and miRNome data for the identification of  regula-
tory pathways in disease (23–30).

Here we developed a network-based framework, the Impact of  Differential Expression Across Layers 
(IDEAL), that prioritizes miRs based on their interaction patterns in the local neighborhood of  differentially 
expressed (DE) genes (disease module). To measure the cumulative influence of  miRs in the miR-mRNA and 
mRNA-mRNA multilayer network, we introduced collective impact (CI) as a measure. This approach identi-
fied a subset of  5 asthma-related miRs that have maximal topological impact. Interestingly, these miRs display 
only moderate fold change (FC) and would not be captured by traditional network-agnostic methods. Finally, 
we validate these findings in vitro by antagonizing their activity in Th2 cells and detected lower production of  
the Th2-specific effector cytokines IL-5, IL-9, and IL-13.

Results
CD4+ Th2 cell population stabilizes in chronic inflamed airways. To delineate the contribution of  miRs in sta-
bilizing the asthmatic phenotype at the level of  Th2 cells, an established mouse model of  allergic asthma 
was employed. The allergen-induced (we used ovalbumin [OVA]) phenotype has an acute inflammatory 
component that progresses into the chronic phase marked by airway remodeling (Supplemental Figure 1; 
supplemental material available online with this article; https://doi.org/10.1172/jci.insight.97503DS1). 

Figure 3. miR silencing in differentiated Th subsets. 
Heatmap depicting differentially expressed miRs in (A) 
early Th2 and (B) stable Th2 cells compared with naive T 
cells. (C) Venn diagram summarizing upregulated miRs in 
early and stable Th2 cells.
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We observed that transition into the chronic stage was accompanied by changes in Th-subset recruitment to 
the inflamed lung (Figure 1A). Supporting the hypothesis that the pathophysiology of  this model is driven 
by Th2 cells, CD4+IL-13+ and ST2+ Th2 cell numbers (hereafter named Th2) increased from the acute 
to the chronic stage (Figure 1, A–D) and accounted for about one third of  the activated/resident CD4+ 

Figure 4. Th2 differentially expressed genes form disease modules in the miR-interactome network. (A) Workflow of the methodology used to pri-
oritize miRs relevant to the Th2 phenotype. Expression data were collected and differentially expressed genes and miRs were mapped to the human 
miR-interactome, resulting in a stable and an early disease module. We developed the Impact of Differential Expression Across Layers (IDEAL) 
methodology to prioritize miRs that target topologically central genes in the respective disease modules. A collective of 5 miRs was found to have 
maximum impact in the stable Th2 condition. These miRs were ultimately validated in mice. (B) Genes differentially expressed in stable Th2 cells 
above a certain fold-change (FC) cutoff are mapped onto the interactome. The size of the obtained largest connected component (LCC) is compared 
to that of a random set of genes of the same size, resulting in a Z score. This procedure is repeated for multiple cutoffs. A maximum connectivity is 
observed for FC = 1.3. (C) Same as B, for the early condition. An optimal cutoff of 1.9 is found. (D) The impact of differentially expressed miRs of the 
Th2 disease modules is assessed by removing their targets having opposite FC. The Z score of the resulting modules are shown by red beans and are 
nonsignificant (below the red dashed line corresponding to 95% CI). However, the modules show high robustness to the removal of the same number 
of randomly picked nodes, simulating random attacks, with Z scores consistently significant (gray beans).

https://doi.org/10.1172/jci.insight.97503
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T cell population in the lung tissue (Figure 1, A and D), as compared with other immunological organs 
such as the spleen or lymph node (Figure 1A). In lungs, small but rising IL-17A+ and IL-10+CD4+ T cell 
populations were detected as well (Figure 1B), indicating a coevolution of  Th17 and regulatory T cells 
next to Th2 cells. In contrast, lung-tissue-resident CD4+CD69+CXCR3+ Th1 cells (hereafter referred to as 
Th1) decreased over time (Figure 1, A and D). In chronic inflamed airways, tissue-resident cells showed a 
memory phenotype as analyzed by CD4+CD44+CD62L– (Figure 1E). Thus, the established Th2 population 
stabilizes over time and is actively retained in inflamed airways.

Isolation and profiling of  tissue-resident Th2 cells. Tissue-resident Th1 and Th2 cell subsets were purified 
from inflamed lungs by cell sorting (Supplemental Figure 2) and validated based on their cytokine produc-
tion and gene expression profile. For gene expression studies, naive CD4+CD62L+CD44+ T cells isolated 
from spleen were used as control population (Figure 2B). Comparing the expression levels of  lineage- and 
subset-specific transcription factors, surface markers, and cytokine genes confirmed the purity and pheno-
type of  the sorted subsets (Figure 2A). Th2 cells produced high amounts of  the signature cytokines IL-4, 
IL-5, IL-9, IL-10, and IL-13, while Th1 cells secreted high amounts of  IFN-γ (Figure 2B). Relating the 
Th2 gene expression profile to previously published data from Th2-driven models (31, 32) confirmed an 
excellent coverage of  a core set of  Th2-specific genes (Figure 2C). In early Th2 cells (isolated from acute 
inflamed lungs), 669 genes were DE compared with naive T cells, and 695 in stable Th2 cells (chronic 
inflamed lungs and memory phenotype). Among the most strongly upregulated genes are the Th2-specfic 
cytokines IL-5, IL-9, IL-13, as well as GATA-3 (Figure 2D). Genes upregulated in early and stable Th2 
cells versus naive T cells are compiled in Supplemental Tables 1 and 3. Genes downregulated in early and 
stable Th2 cells versus naive T cells are compiled in Supplemental Tables 2 and 4. Pathway enrichment 
of  upregulated genes retrieved asthma- and inflammatory bowel disease–related pathways (Supplemental 
Tables 5 and 6). Comparison of  early and stable Th2 cells identified 38 DE genes. The set of  downregu-
lated genes in stable Th2 cells mostly comprised genes coding for histone family members. In stable Th2 
cells, the transcription factors Arnt2, Foxb1, Ccr1, and Calca (Figure 2, E and F) were upregulated. Calca 
has previously been described to play a role in dendritic cell priming in asthma (33, 34).

Our analysis uncovered a markedly altered miR expression pattern. Compared with naive T cells, 
both early (Figure 3A) and stable (Figure 3B) Th2 cell subsets showed a massive reduction of  miR expres-
sion, suggesting a loss of  regulation of  miRs during differentiation (35). Although approximately 90% of  

Figure 5. Prioritizing miRs with maximum collective impact. To prioritize important differentially expressed (DE) miRs, we developed a method for mea-
suring their collective topological impact on a disease module, the Impact of Differential Expression Across Layers (IDEAL). (A) IDEAL starts with a disease 
module formed by the disease genes (circles) in the interactome, with a set of DE miRs (diamonds) targeting it. The largest connected component (LCC) is 
shown in orange. (B) Interactions between miRs and mRNAs of opposite fold change (FC) are retained. (C) The central miR has maximal impact, measured 
by the decrease in LCC size when removing its target, and is therefore the first IDEAL miR. The procedure then iterates to find the new miR with most 
impact, removes its targets, and proceeds until all miRs have been ranked.

https://doi.org/10.1172/jci.insight.97503
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naive T cell miRs disappear, a small specific set of  15 miRs remained upregulated in early Th2 cells and 20 
in stable Th2 cells. Eight out of  these 35 miRs were expressed in both subsets (Figure 3C).

Impact of  miRs on the Th2 disease modules. Given that each miR usually regulates multiple mRNA targets, 
it is crucial to integrate the connectivity structure of  miR and mRNA networks to understand the dynam-
ics of  the Th2 signature at the molecular level. Recent advances in miRNome and interactome mapping 
demonstrate the maturity and value of  such systems biology approaches in discovering regulatory pathways 
in diseases (23–30). Moving a step forward, integrating the miRNome and interactome along with the tran-
scriptome expression allowed us to prioritize miRs with significant collective impact (Figure 4A). We used 

Figure 6. IDEAL predicts the collective impact of miRs in stable Th2 cells. (A) The cumulative impact after removing n miRs is measured by the 
collective impact (CI), a measure that systematically compares the largest connected component (LCC) relative size after attack by n miRs to that 
expected at random. A peak of CI at approximately 5 miRs was observed, indicating maximal impact for stable Th2 and approximately 10 miRs for 
early Th2 (B). (C) Venn diagram comparing the top-ranking miRs with fold-change (FC) and Impact of Differential Expression Across Layers (IDEAL) 
methods. (D) The stable Th2 disease module is shown (genes, circles; miRs, V’s). The top 5 miRs are highlighted in red, and their targets in dark red. 
Node size is proportional to degree. The subnetwork highlights the top pathways enriched among the target genes and first neighbors of particular 
miR in the interactome. The blue circles mark the mTOR, yellow the EGFR1, purple the TGF/SMAD, red the IL-5, and green the TRIF pathway. The 
common nodes among the pathways are circled in black.

https://doi.org/10.1172/jci.insight.97503
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the human protein-protein-interaction (PPI) and miR-mRNA networks, with the established observation 
that human PPI networks are well conserved in mouse (36, 37) (see Methods).

Disease genes tend to aggregate in localized neighborhoods of  the interactome defined as disease mod-
ules (29). Here we investigated if  the DE genes with respect to naive Th cells followed the same clustering pat-
tern. DE genes above various FC cutoffs were mapped to the human interactome, and the aggregation of  the 
corresponding proteins was measured by the size of  the largest connected component (LCC) — the number 
of  nodes in the largest connected subgraph. Comparison to random sets of  genes of  the same size allowed us 
to derive a significance Z score (see Methods). We observed that DE genes form highly interconnected clusters 
for intermediate FCs (FC = 1.3, Z = 5.3 for stable Th2, Figure 4B; and FC = 1.8, Z = 4.3 for early Th2, Figure 
4C). These FCs were chosen to define the early and stable Th2 disease modules. This methodology relies 
only on connectivity patterns between DE genes, thereby avoiding the traditional pitfall of  having to choose 
a predetermined FC cutoff.

Next we asked whether the DE miRs were impacting topologically central targets in the obtained dis-
ease modules. In each condition, the impact of  DE miRs was evaluated by removing their predicted targets 
in the corresponding disease module, an approach reminiscent of  the attack on scale-free networks (38). 
In both early and stable cases, we found that the cohesiveness of  the modules was lost after target removal, 
with LCC sizes falling to nonsignificant levels (Figure 4D, red beans). On the other hand, the modules were 
still cohesive under a random attack of  the same number of  targets (Figure 4D, gray beans).

Prioritization of  miRs by their impact on the disease modules. Next it was examined whether a subset of DE 
miRs was driving the observed impact. The network model, IDEAL, captures the topological impact of several 
miRs in a defined neighborhood within the interactome (see Figure 5, A–C and Methods). IDEAL ranks miRs 
by the strength of their impact on the disease module, as measured by the decrease in LCC size when the miR 
targets are removed. The target genes from the top miR were excluded and removed, and the selection process 
was repeated iteratively. To measure the impact of this successive removal of miR targets, a topological mea-
sure, the CI was developed (see Methods). The CI measures the strength of the impact on LCC relative to the 
impact observed for random attacks. The results are shown in Figure 6A in the case of the stable Th2 condi-
tion. Among the 142 DE miRs, the CI is maximized with the 5 top miRs, and then quickly decreases to a lower 
but still significant level of CI = 2, corresponding to the gap observed between the red and gray beans in Figure 
4D. The disease module and miRs are shown in Figure 6B. Interestingly, ranking the miRs by decreasing FC 
had an opposite effect, where the most DE miRs showed less impact than expected at random (Figure 6A). 
This suggests that the most DE miRs impact peripheral nodes of the disease module, yielding an orthogonal 
prioritization list compared to IDEAL. A similar behavior in the case of early Th2 was observed, with 10 miRs 
maximizing the collective impact for IDEAL (Figure 6B).

The miRs from IDEAL and from FC are compared in Figure 6C. FC ranking yields a substantial list of  
similar candidates between early and stable conditions. On the other hand, IDEAL ranking yields orthogonal 
sets that are highly specific to each condition, with only miR-203 being shared between early and stable condi-
tions. Finally, miR-27b, the top ranked candidate from the IDEAL ranking in stable Th2, was also predicted 
to have high FC in both early and stable conditions, making it a strong candidate.

Table 1. Top 10 pathways formed by IDEAL miRs in the molecular interactome

miR Term OverlapA Adjusted P valueB Genes
miR-27b Regulation of nuclear SMAD2/3 

signaling
13/81 2.78 × 10–8 IL-10;SMAD2;HSPA8;SMAD3;VDR;MAX;GATA3;NR3C1; 

RUNX2;SP1;CDK4;SIN3A;CDK2
miR-206 mTOR signaling pathway 8/69 5.57 × 10–5 IKBKB;CDK2;TSC2;TSC1;SFN;RAF1;YWHAZ; MTOR
miR-106b TRIF-mediated TLR3/TLR4 signaling 9/97 7.39 × 10–4 MEF2A;IKBKB;MAPK8;IRF3;FBXW11;RIPK1;MAP2K7; IKBKE;SKP1
miR-203 IL-5 Signaling Pathway 7/68 1.31 × 10–4 LYN;STAT5A;PRKCD;STAT3;PTK2B; YWHAZ;VAV1
miR-23b EGFR1 Signaling Pathway 16/171 4.0399 × 10–8 SMAD2;STAT5A;SMAD3;STAT3;ASAP1;PTPN12;VAV1;ELK4;SP1;SI

N3A;PTK2B;PTPN6; RAF1;RALGDS;GIT1
Immediate targets of the Impact of Differential Expression Across Layers (IDEAL) miRs and their first neighbors in the disease module were subjected 
to pathway enrichment analysis using the Enrich method (see Methods section). The selection was done according to a high combined score. AOverlap: 
number of genes in Th2 disease module overlapping with genes annotated to respective pathway. BP values were calculated using Fisher’s exact test and 
adjustment was done using Bonferroni’s correction. 
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Overall, we found that a small set of  miRs (5 of  142; ~4% of  all DE miRs) had a maximal CI on 
the stable Th2 disease module. This set comprised a combination of  upregulated (miR-27b and -23b) 
and silenced (miR-206, miR-106b, and miR-203) miRs. To investigate the possible biological role of  
these miRs, the immediate miR targets and their first neighbors in the interactome were subjected 
to pathway analyses (see Methods section, Table 1, and Figure 6D). The top pathway targeted by  
miR-27b was nuclear SMAD2/3, and the EGFR1 signaling pathway is regulated by miR-23. Both 
pathways are associated with immunosuppression by, and activity of, regulatory T cells (39, 40). 
Active silencing of  these pathways in stable Th2 cells may help to escape intrinsic immune regulation. 
In contrast, miRs silenced in Th2 cells actively target components of  signaling pathways, which are 
associated with polarization (41), activation and proliferation (42), as well as act downstream of  cyto-
kines (43, 44), which are exemplified for IL-5. Taken together, these results show that suppressing the 
activity of  these specific miRs in combination with active silencing of  immunosuppressive pathways 
might confer Th2 cell maintenance.

Figure 7. Targeting a miR network interferes with 
cytokine production in Th2 cells in vitro. (A) The WT 
and mutant 3′-UTR sequences of the human genes 
CTCF (target to miR-27b), NCOA3 (miR-206), ELK3 
(miR-106b), AHR (miR-203), and ELF2 (miR-23b) 
were cotransfected with miR mimics or a scrambled 
sequence (con-miR). Relative light units (RLUs) were 
normalized to the respective control group and are 
presented as relative luciferase activity. Results of 
3 independent experiments with n = 3 per group are 
shown. (B) Relative expression of target miRs in in 
vitro–polarized murine Th2 cells was determined by 
real-time RT-PCR and normalized to naive CD4+ T 
cells. Graph summarizing results of 3 independent 
experiments with n = 2–3 per group. (C) Relative 
mRNA expression, depicted as fold change, of the 
selected miR targets Ctcf, Ncoa3, Elk3, Ahr, and Elf2 
in murine Th2 cells normalized to naive CD4+ T cells in 
n = 4–5 samples. (D) Graph summarizing the results 
for IL-13+ cells after nucleofecting miR inhibitors and 
miR mimics as indicated in the table below the bar 
graph and antagonizing the IDEAL (Impact of Differ-
ential Expression Across Layers) predictions. In each 
condition, the con-miR transfection contained the 
equal amount and composition of control sequences 
(see Methods section). Values were normalized to 
the respective con-miR samples and summarize 4 
independent experiments with n = 2–3 replicates per 
experiment. (E) Representative histogram show-
ing the effect of antagonizing the miR expression 
pattern in Th2 cells on IL-13 expression. A miR 
cocktail containing anti–miR-27b, miR-206 mimic, 
miR-106b mimic, miR-203 mimic, and anti–miR-23b 
was nucleofected. IL-13+ cells were determined by 
flow cytometry (blue dashed line). The effect was 
controlled by nucleofecting the respective amount of 
scrambled miR mimics/inhibitors (con-miR, red line; 
see Methods). Shaded histogram indicates samples 
stained with isotype control antibody. Values sum-
marize 4–5 independent experiments with n = 2–3 
replicates per experiment. (F) Twenty-four hours after 
nucleofection, cells were stimulated with anti-CD3/
anti-CD28 for 24 hours and cytokines were measured 
in culture supernatant. Concentrations were normal-
ized to con-miR sample. Graph summarizes results 
of 4 independent experiments with n = 2–3 replicates 
per group and experiment. All graphs with quantita-
tive data show mean ± SEM. *P < 0.05, **P < 0.01, 
***P < 0.001 by 2-tailed Mann-Whitney U test (D–G).

https://doi.org/10.1172/jci.insight.97503
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Targeting IDEAL miRs alleviates cytokine production in Th2 cells. This predicted set of  miRs was further vali-
dated in several functional assays. For each miR, a target gene with both strong connectivity within the dis-
ease module and human-to-mouse seed sequence conservation was selected for further analysis (Supplemen-
tal Figure 3, Methods). This resulted in the selection of  CTCF for miR-27b, NCOA3 for miR-206, ELK3 for 
miR-106b, AHR for miR-203, and ELF2 for miR-23b. A dual reporter luciferase assay revealed regulation of  
the selected target genes by the respective miRs, as shown by the marked and significant reduction of  the lucif-
erase signal detected for all wild-type (WT) 3′-UTR sequences. Sequence specificity was validated by deleting 
the miR seed sequences (mutant), resulting in an unaltered luciferase signal (Figure 7A). These results con-
firm regulation of  genes, central to multiple pathways merging into inflammation, by IDEAL miRs.

Next, it was examined if  the miRs are essential for the stability of  the Th2 phenotype. For this purpose, 
miR expression was analyzed in primary in vitro–generated Th2 cells and compared to naive CD4+ T 
cells. Upregulation of  miR-27b and -23b was confirmed together with a relative suppression of  miR-106b 
and -203. The only exception was miR-206, which is considered to be muscle specific (45) and remained 
undetectable by standard TaqMan RT-PCR in both naive CD4+ T cells and Th2 cells (Figure 7B). The 
same samples and comparison was used to confirm the expression levels of  the selected miR target genes 
(Figure 7C). To assess if  this unique rearrangement of  the miRNome upon differentiation is required for 
Th2-specific function, respective miR functions were antagonized. Upregulated miRs were blocked by 
miR inhibitors (anti–miR-27b and anti–miR-23b) and miRs, silenced during the polarization process, were 
overexpressed by miR mimics (miR mimics for miR-206, miR-106b, and miR-203). To reproduce the CI 
(Figure 3D) experimentally, the IDEAL miRs were antagonized in the predicted ranking and order by 
nucleofection. Approaching the prediction of  a collective impact of  miRs, a progressive reduction of  the 
Th2 phenotype was detected resulting in a significant reduction of  IL-13 in Th2 cells, with the simultane-
ous antagonization of  all 5 predicted miRs (Figure 7, D and E). In each condition, an equal dose of  control 
mimics and antagonists (miR Mimic Negative Control #1 and Anti-miR miR inhibitor Negative Control 
#1, both from Ambion) was added, and viability of  the cells after nucleofection was confirmed as well. The 
collective impact of  this approach resulted in marked reduction of  IL-5 (40% compared with con-miR), 
IL-9 (54.5%), and IL-13 (58%) production in Th2 cells. Conversely, IL-17A production, which is not associ-
ated with Th2 cell function, was induced (Figure 7F). These data indicate that at least a substantial portion 
of  the Th2 phenotype depends on the combined impact of  a predefined set of  miR activation.

Discussion
Allergic airway inflammation is repetitively initiated upon allergen contact and is accompanied by asthma 
symptoms causing distress in patients. Thus far, it is unclear how the Th2 immune response surpasses phe-
nomena like exhaustion of  the immune response or tolerance induction by Treg cells. This study describes 
the development of  a network-based framework to systematically explore the impact of  miRs in maintain-
ing CD4+ Th2 cells in inflammation. miRs control a variety of  signaling pathways and cellular processes 
in health and disease. However, in the majority of  cases, miR-mediated mRNA depletion is mild (46). The 
ability of  a single miR to target several hundred genes enables these molecules to effectively fine-tune many 
cellular events simultaneously. If  these targets are enriched for genes participating in common signaling 
pathways, the sum of  single modest interactions is expected to yield a stronger response. Additionally, sin-
gle mRNAs can harbor more than one complementary binding site for miRs and predicting the net result 
of  miR activity in such a setting remains challenging. There is growing consensus that instead of  analyzing 
single miR–single gene interactions, miR function is best understood when mapped in a network context 
(47). We used an approach that integrates miRNome and proteome interactions along with the transcrip-
tome expression results. Our goal was to identify miRs that target genes with atypically high connections 
within the interactome (hubs) and therefore might evoke a strong effect (48).

This systems immunology approach — IDEAL — identifies key gene-regulatory alterations evoked by 
miRs in the whole set of  molecular interactions in a cell (interactome). IDEAL further weighs the net conse-
quences of  miR activity on the interactome by applying a network-based prioritization algorithm. Assessing 
the cumulative perturbation outcome to determine the number and identity of  miRs, which together cross 
the threshold of  quiescence and lead to inflammation, IDEAL predicted a maximal collective impact of  5 
miRs in stable Th2 cells, comprising up- and downregulated miRs. Antagonizing the expression level of  these 
miRs in vitro significantly reduced cytokine production in Th2 cells. Overall, we believe this is the first study 
describing changes in miR expression as a mechanism in driving persistence of  the allergic immune response.
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To assess the impact of  miRs on stable Th2 cells, lung-tissue-resident Th2 cells with a memory pheno-
type (CD4+CD69+CD44+CD62L–) were analyzed. Since Th2 polarization is initiated in naive CD4+ T cells, 
these cells were chosen as the reference population to address the question of  Th2 cell maintenance in chron-
ic inflamed airways. We did not investigate differences in miR expression between polarized Th subsets, 
e.g., comparing Th2 cells with Th1 cells, since transcriptional programs activated in early Th2 cells further 
stabilize throughout disease progression. Changes occurring within the Th2 subset are more likely to explain 
intrinsic mechanisms ensuring maintenance of  these cells in chronic inflammation. Furthermore, activat-
ed transcriptional programs differ significantly between distinct Th subsets and it is likely that the events 
observed in Th2 cells evolve independently from events observed in other Th subsets. However, we cannot 
exclude similar mechanisms in other Th subsets as well. We observed the upregulation of  only a few and 
downregulation of  many miRs in polarized Th2 cells compared with naive T cells. Silencing of  miR expres-
sion in T cells has been documented previously and shown to occur downstream of  T cell receptor engage-
ment (35). Considering the important role of  miRs in maintaining immune homeostasis (14), it appears 
reasonable that for the induction of  specialized transcriptional programs during effector subset polarization, 
inhibitory miRs need to be silenced. Therefore, loss of  miR regulation should be taken into account for dis-
ease development as well. IDEAL considered the absolute FC levels of  miRs to identify relevant miR-gene 
interactions. To estimate the impact of  these alterations on the molecular interactome, IDEAL considered 
the consequences resulting from perturbing the downstream interconnections of  targeted genes, rather than 
the FC expression of  miRs. IDEAL proposes miRs with a modest change in expression, which target genes 
with atypically high numbers of  connections. Since a singular miR effect is considered to be rather mild, we 
introduced the measure CI and assessed the cumulative perturbation outcome to identify the number and 
identity of  miRs, which together cross the threshold of  quiescence and lead to inflammation.

To control IDEAL predictions, we simulated the CI for miRs with the highest FC as well. Our mod-
el proposes a stabilizing effect of  the first 10 miRs, as shown by the negative CI value. These miRs are 
downregulated compared with naive T cells and this list comprises, e.g., miR-181a (FC: –220), miR-181b 
(FC: –53), miR-422 (FC: –27), miR-30e (FC: –25), and miR-378 (FC: –21). The miR-181 family has been 
reported to target genes important for T cell function and the capability to be retained at the inflamed site, 
including TCR, CD69, as well as the anti-apoptotic Bcl-2 (49). Suppressing this miR family in memory Th 
subsets might therefore ensure survival. The role of  miR-422 has been been investigated in tumor biology, 
where its antiproliferative activity was described (50). miR-30e and miR-378 have not been addressed in 
Th2 cells thus far. In NK cells, both are actively silenced after activation in humans and mice, and have been 
shown to target granzyme and perforin genes. Both gene products determine the cytotoxicity of  NK cells 
(51). Since the same miR downregulation is observed in Th1 cells as well (A. Kılıç, unpublished observa-
tions), we conclude that silencing of  these miRs is a general mechanism that stabilizes and ensures proper 
immune response by CD4+ T cells rather than controlling Th2-specific functions.

An important role for deregulated expression of  miR in disease has been established for a variety of  
conditions, including asthma. Studies performed in humans and mice have investigated different serological 
and structural compartments and identified DE miRs. In airway smooth muscle cells of  severe asthmatics, 
the expression of  miR-221 is elevated compared with nonsevere asthma and controls and shown to regulate 
hyperproliferation of  airway smooth muscle (52). For airway epithelia from asthmatics, higher expression 
of  miR-21 and miR-126 as direct IL-13 targets was reported. miR-21 was shown to drive steroid-insensitive 
asthma (22), while miR-126 is associated with Th2 inflammation (53). The latter has been proposed by the 
authors as an important miR in the initiation phase of  allergic inflammation. In mice, blockade of  either 
miR was shown to alleviate the allergic phenotype in house dust mite (HDM) and OVA models of  allergic 
airway inflammation. Studies in miR-155–KO mice provided evidence for reduced asthma symptoms in 
the absence of  miR-155 (54). Yet, targeting strategies with miR inhibitors in the WT situation failed to alle-
viate the asthmatic phenotype (55). Among these presented miRs, our data support Th2 specificity of  miR-
126, which has previously been detected in allergic inflamed airway tissue and which we find elevated in 
tissue-resident early Th2 cells, but normalized in the chronic situation in stable Th2 cells. In a recent study, 
elevated miR-19a was described in airway-infiltrating CD4+ T cells of  asthmatic patients compared with 
CD4+ T cells isolated from healthy controls (20). miR-19a belongs to the miR-17–92 cluster family, which 
we find downregulated in early and stable Th2 cells compared with naive CD4+ T cells. However, since the 
CD4+ T cell infiltrate in asthmatic airways in humans and mice is far more complex than only Th2 cells, it 
is possible that other Th subsets contribute to the elevated miR-19a expression.
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Instead of  predicting a single miR with a detrimental effect, IDEAL identified 5 miRs, which act 
collectively to evoke the maximal impact. Against our expectation, the identified miRs comprised both 
induced and silenced miRs, implicating that next to active RNA interference, initially silenced pathways 
and processes must be admitted in polarized Th cells. The miR-23-24-27-family members miR-27b and 
miR-23b are induced in stable Th2 cells. Initial reports in miR-transgenic and -KO mice identified this 
cluster as Th2-suppressing miRs (21, 56). More recent studies provide evidence that especially elevated 
levels of  miR-27b perturbs Treg cell function and therefore blocks tolerance induction (57). We performed 
pathway analyses for the miR-27b and miR-23b targets and their first neighbors in the interactome and 
found immune-regulatory pathways, like TGF/SMAD and EGFR1, among the top hits. Targeting these 
pathways might provide mechanisms for escaping endogenous immune regulation. Next to immune 
escape, immune-stimulating pathways promoting survival and proliferation need to be established as well. 
As such, pathway analyses revealed an enrichment of  miR-206 targets to the mTOR pathway, miR-106b 
targets to the TRIF pathway, and miR-203 targets mapped to cytokine pathways like IL-5. Activation of  
the mTOR pathway was recently reported in patients experiencing an asthma attack, when compared 
with patients in asthma remission. This finding could be reproduced in a mouse model of  asthma and 
blockade of  the mTOR pathway was shown to ameliorate asthma symptoms (58). miR-106b is a member 
of  the miR-17–92 cluster family, which are all downregulated in Th2 cells. Although all members share 
almost the same mRNA-targeting seed sequence, only miR-106b was appointed to the top 5 ranking miRs. 
In vitro profiling experiments of  Th1 and Th2 cells had shown an increased expression of  the miR-17–92 
cluster in Th1 cells, while a suppression was observed in polarized Th2 cells. Active interference with 
the IL-4 signaling pathway in Th2 cells was reported to induce the expression of  this miR family and the 
authors concluded an inhibitory role of  this miR cluster in Th2 polarization (59). We did not test if  single 
members of  this cluster would be interchangeable, or if  the existing small differences within the family 
might be decisive. Finally, the miR-203 targets mapped to cytokine pathways important in promoting the 
Th2 phenotype. This list included IL-5 and IL-3. Silencing this miR might help to form a positive circuit 
of  signals to promote a self-enforcing loop. Taken together, our findings suggest that miRs fine-tune mul-
tiple pathways in stable Th2 cells that finally merge into inflammation.

In conclusion, we have systematically profiled Th2 cells and developed a systems biology tool (IDEAL) 
to evaluate the role of  miRs in controlling persistence of  the asthmatic Th2 response. We went beyond 
the usual expression FC–based analyses and investigated the influence spread of  miRs in the molecular 
interaction network (interactome). We provide evidence and proof  for the usefulness of  a holistic systems 
immunology approach to decipher delicate interactions converging to pathological traits and provide proof  
of  a complex and combinatorial activity of  a unique set of  miRs in Th2 cells. Identification of  this collec-
tive miR impact may open new possibilities for therapeutic interventions targeting a combination of  miRs 
for treatment of  Th2-driven disease.

Methods
Mice. Female BALB/c mice (Charles River) at 6–8 weeks of  age were used for the experiments. Mice were 
housed under standard conditions with free access to rodent chow and water.

OVA sensitization and challenge. Mice were sensitized by 3 intraperitoneal injections of  10 μg OVA 
(grade VI; Sigma-Aldrich) adsorbed to 1.5 mg aluminum hydroxide (Pierce) dissolved in 200 μl phos-
phate-buffered saline (PBS) at days 1, 14, and 21. OVA aerosol challenges (1% [wt/v] OVA, grade V, 
Sigma-Aldrich) were performed for 3 consecutive days (acute) or for 12 weeks with 2 consecutive chal-
lenges per week, starting at day 26 and 27.

Measurements of  serum immunoglobulins. Blood samples were taken 24 hours after the last aerosol chal-
lenge from the tail vein. Total IgE, OVA-specific IgG1, IgE, and IgG2a levels were measured by ELISA 
(BD Bioscience) in the serum as described previously (60).

Assessment of  leukocyte distribution in bronchoalveolar lavage. Bronchoalveolar lavage (BAL) was performed 
as previously described (60). The total number of  leukocytes was determined using a CASY TT cell counter 
(Schaerfe Systems). To differentiate cell types, cytospins were prepared and stained with Diff-Quik (Merz 
and Dade AG).

Isolation of  CD4+ T cells from tissues, FACS, and in vitro polarization. The antibodies and isotype controls 
used in this study were purchased from BD Biosciences, Biolegend, eBioscience, and MD Biosciences and 
used at appropriate concentrations.
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Mouse tissues for profiling assays. Spleens were excised and mononuclear cells were isolated using a 
syringe plunger and 100-μm cell strainers. Red blood cells were removed by hypotonic lysis using double-
distilled water. Tonicity was restored by the addition of  RPMI 1640 (PAA). The resulting cell suspension 
was washed twice with PBS and used for the isolation of  CD4+ T cells according to the manufacturer’s 
instructions (L3T4; Miltenyi Biotec). Naive CD4+ T cells were stained for CD4 (clone: RM4-5), CD44 
(IM7), and CD62L (mel-14) in FACS buffer (0.5% mouse serum in PBS).

Lungs were perfused via the right heart ventricle with PBS, excised, and digested with collagenase D (2 
mg/ml; Roche) and DNase I (40 μg/ml; Serva) for 30 minutes at 37°C. The cell suspension was washed twice 
with PBS. Erythrocytes were removed by hypotonic lysis (see above). Cells were washed twice with PBS and 
sieved with 30-μm cell strainers (Miltenyi Biotec). CD4+ T cells were enriched using the CD4+ T cell isolation 
kit according to the manufacturer’s instructions (L3T4; Miltenyi Biotec). Cells were stained for CD4 (RM4-5), 
CD69 (H1.2F3), CXCR3 (CXCR3-173), and ST2 (DJ8).

Sorting of  live cells for downstream microarray experiments was performed on a FACSAria III (BD 
Biosciences) maintained by the Flow Cytometry Core facility at the Medical Faculty of  Philipps University 
Marburg. Live/dead discrimination was performed by including 4′,6-diamidino-2-phenylindole (DAPI; 2 
μM, Biolegend). Cells were sorted into RPMI medium containing 10% mouse serum (PAA). Cells were 
washed twice with medium containing 10% mouse serum, 1% L-glutamine (PAA), 1% penicillin/strepto-
mycin (PAA), and stimulated with anti-CD3 (17A2; BD Biosciences) and anti-CD28 (37.51; BD Biosci-
ences) for 8 hours (microarrays and mass spectrometry) or 72 hours (cytokine measurements) at 37°C and 
5% CO2. Cell culture supernatants were stored at –20°C until analysis.

Mouse tissues for in vitro analyses. For intracellular cytokine staining, cells were stimulated with phorbol 
12-myristate 13-acetate (PMA; 50 ng/ml, eBioscience)/ionomycin (1 μg/ml, eBioscience) and treated with 
brefeldin A (eBioscience) for 5 hours. Cells were fixed for 10 minutes with 1% paraformaldehyde (PFA) in 
PBS (Roth). Cells were permeabilized using 0.3% saponin in FACS buffer (0.5% FBS in PBS). Antibody 
staining was performed for 30 minutes in the dark using CD4, IFN-γ (XMG1.2), IL-9 (RM9A4), IL-10 
(JES5-16E3), IL-13 (eBio13A), and IL-17A (eBio17B7). Cells were washed twice with permeabilization 
buffer and suspended in FACS buffer. For analysis, 20,000 counts (in the CD4+ gate) were recorded on a 
FACSCanto II (BD Biosciences) and analyzed with FlowJo software (Tree Star).

In vitro polarization of  mouse Th2 cells. Murine CD4+CD62L+ cells were isolated using the Naive T Cell 
Isolation Kit II (Miltenyi Biotec) according to the manufacturer’s instructions. Cells were activated with 
plate-bound anti-CD3ε (BD Biosciences) and soluble anti-CD28 (BD Biosciences). Th2 cells were polar-
ized in the presence of  recombinant murine IL-4  (rmIL-4) (20 ng/ml; Peprotech), anti–IFN-γ (5 μg/ml; 
BD Biosciences), and anti–IL-12 (5 μg/ml; BD Biosciences) for 3 days. Proliferation of  cells was induced 
using rmIL-2 (20 ng/ml; Peprotech) in the presence of  Th2-polarizing reagents for an additional 3 days. 
Polarization efficiency was verified by staining for intracellular cytokines (please see above).

Total RNA isolation, quality control, and microarray analysis. Total RNA was isolated using peqGOLD Tri-
Fast-Reagent (PEQLAB) according to the manufacturer’s instructions. Quality of  RNA was analyzed using 
an RNA 6000 Nano Kit on an Agilent Bioanalyzer. Samples were processed according to the Affymetrix 
manual and hybridized to Affymetrix Mouse Gene 1.0 ST Arrays and Affymetrix GeneChip miRNA 2.0. 
mRNA and miR microarrays were normalized with robust multiarray average (RMA) through affy followed 
by t-statistics. Microarray data are archived at the NCBI Gene Expression Omnibus (GEO GSE109737).

Expression data for IL-5+ memory T cells (GSE33516) (31) and CD4+ T cells isolated from the model 
of  HDM-induced allergic airway inflammation (GSE72005) (32) were retrieved from the GSE database.

mRNA isolation, reverse transcription and real-time RT-PCR. Total RNA from naive CD4+ T cells and 
Th2 cells was isolated with the RNeasy Mini Kit (Qiagen). First-strand cDNA synthesis was performed 
with the Omniscript kit (Qiagen). Quantitative real-time PCR was performed with the RotorGene SYBR 
Green PCR Kit (Qiagen) and a RotorGene6000 System (Qiagen). After an initial denaturation step for 
15 minutes at 95°C, 40 PCR cycles of  94°C for 15 seconds, 58°C for 30 seconds, and 72°C for 15 sec-
onds were performed. The primers are mouseCtcf  (sense: 5′-GGAAGGACTGCTGTCTGAGG-3′, anti-
sense: 5′-CAGATGGCATTTGTGTGGTC-3′), mNcoa3 (sense: 5′-TCAGCGACATCGACAACTTC-3′, 
5′-AACAGGAAACCATCCAGTGC-3′), mElk3 (sense: 5′-CTCATCTGCTGGACATCGAA-3′, 
5′-ACAAACTTCTGCCCGATCAC-3′), mAhr (sense: 5′-TTACCTGGGCTTTCAGCAGT-3′, antisense: 
5′-AGGAAGCTGGTCTGGGGTAT-3′), mElf2 (sense: 5′-TCCTAGCGATGGAGGAGAAA-3′, 5′-GCT-
GTGAACTGATGCTTCCA-3′), and ribosomal L32 (sense: 5′-AAGCGAAACTGGCGGAAACC-3′, 
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antisense: 5′-CTGGCGTTGGGATTGGTGAC-3′) as housekeeping gene. Relative gene expression levels 
were calculated with the 2−ΔΔCt method, with normalization to murine ribosomal L32 as the housekeeping 
gene. All standard procedures were performed according to the manufacturer’s instructions.

Integrated multinetwork — Interactome. While some effort has been devoted to mapping the interactome 
in mice, at present there is a limited number of  high-quality interaction data available (61, 62). We therefore 
used the human interactome combining interactions from the following databases.

(a) miR-mRNA network: The miR-mRNA network was built using mirDIP, an integration of  12 miR 
prediction data sets from 6 miR prediction algorithms (63). In order to filter for high-confidence interac-
tions, only interactions that were present in at least 6 prediction datasets were kept, resulting in a bipartite 
network with 8,374 nodes (542 miRs, 7,832 mRNAs) and 67,517 edges.

(b) Regulatory network: We used the TRANSFAC database (64) that lists experimentally derived regula-
tory interactions. The resulting network, in which nodes represent transcription factors and connections 
that are physical binding to regulatory elements, consists of  271 transcription factors and 564 regulated 
genes. Moreover, tissue-specific regulatory interactions were added from a human regulatory lexicon (65). 
From the 41 cell-type-specific regulatory networks, the following cell types were considered: human lung 
microvascular endothelial cells (HMVEC_LLy), human pulmonary fibroblasts (HPFs), human fetal lung 
(IMR90), normal human lung fibroblasts (NHLFs), human small airway epithelial cells, Th1 T helper cell, 
lung, CD2, and B lymphocyte (GM06990) in our analysis (65).

(c) Protein-protein interaction network: (i) Binary interactions. We combined several yeast 2-hybrid high-
throughput data sets (66–70) with binary interactions from the IntAct (71) and MINT databases (72). The 
sum of  these data sources yielded 28,653 interactions among 8,120 proteins. Of  note, IntAct and MINT 
provide interactions derived from both literature curation and direct submissions. (ii) Literature-curated 
interactions. These interactions, typically obtained by low-throughput experiments, are manually curat-
ed from the literature. We used IntAct (71), MINT (72), BioGRID (73), and HPRD (74), resulting in 
74,195 interactions among 10,890 proteins. (iii) Metabolic enzyme–coupled interactions. We assumed that 
2 enzymes are coupled if  they share adjacent reactions in the KEGG and BIGG databases. In total, we 
obtained 10,642 metabolic links among 921 enzymes from Lee et al. (75). (iv) Protein complexes. A protein 
complex is a single molecular unit that integrates multiple gene products. The CORUM database (76) is a 
collection of  mammalian complexes derived from a variety of  experimental tools (e.g., coimmunoprecipi-
tation to cosedimentation and ion-exchange chromatography). In total, 2,837 complexes with 2,069 pro-
teins connected by 31,276 links were extracted. (v) Kinase network (kinase-substrate pairs). Protein kinases 
are important regulators in different biological processes, such as signal transduction. PhosphositePlus (77) 
provides a network of  327 kinases connected to 1,771 substrates. (vi) Signaling interactions data set pro-
vides 32,706 interactions among 6,339 proteins that integrate several sources, both high throughput and 
literature curation, into a directed network in which cellular signals are transmitted by protein-protein 
interactions. Note that we do not take the direction of  these interactions into account (78).

The union of  all interactions obtained yields a multinetwork of  14,237 proteins and 542 miRs that are 
interconnected by 67,517 miR-mRNA and 206,279 protein-protein interactions.

Differential expression analysis. Both in miR and mRNA cases, log2-transformed values of  the expres-
sion were averaged over replicates. Let μ1 and μ2 be these log2 averages in 2 conditions (e.g., naive and 
stable Th2). The FC is defined as FC = 2μ2–μ1. When FC < 1, we show the value –1/FC for symmetry 
purposes and an easier reading of  the proportion of  increase or decrease. The P values were computed 
using Student’s t test on the log2 values of  expression across replicates, and P < 0.05 was required for 
defining an mRNA or miR as significantly differentially expressed.

Mouse to human homologs. Mouse gene IDs were converted to human using the Mouse Genome Infor-
matics (MGI) database (http://www.informatics.jax.org/).

IDEAL algorithm. In this work, we developed IDEAL (Impact of  Differential Expression Across Layers 
in multiple omics network) to infer the key miRs whose perturbation is most likely to induce the observed 
global gene expression changes. IDEAL proceeds in 2 steps: first, the definition of  a disease module in the 
interactome, and second, the prioritization of  miRs based on their topological impact on this disease module.

Step 1: Previously, we showed that proteins that agglomerate in specific interactome neighborhoods 
could potentially be part of  a disease module (29). Thus, in step 1, we identify the differential expression 
threshold above which DE mRNAs significantly cluster in the interactome. To reject the null hypothesis 
that proteins do not aggregate in the same neighborhood of  the interactome, we distributed the same 
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number of  randomly selected proteins and determined the size of  the LCC — the number of  nodes in 
the largest connected subgraph. To determine the significance of  the LCC size, we computed the Z score 
as Z = [LCC – μ(LCCr)]/σ(LCCr), where μ(LCCr) and σ(LCCr) denote the mean and standard deviation, 
respectively, of  the LCC size random expectation.

Step 2: In this step, we introduce the information of  the miR-mRNA network. We connect DE 
miRs with DE genes. Then, based on the expectation that miRs have an inhibitory effect on mRNAs, 
we only keep edges for which the source miR and target mRNAs show opposite FCs. We then pri-
oritize miRs by their impact on the disease module formed by the DE genes. To that aim, we look 
for the miR that shows the largest decrease in the LCC relative size (i.e., proportion of  genes in 
the LCC) when removing its targets. We then repeat this process iteratively in an adaptive manner. 
This defines a ranking for the miRs. We then obtain a curve of  LCC relative size as a function of  
miR rank. In order to assess the significance of  the LCC decrease after miR removal, we built a null 
model to compare to. Beginning from the previously observed subnetwork of  DE miRs and mRNAs, 
we generated 10 randomly shuffled miR-mRNA networks. To do so, we selected a random pool of  
miR targets with the same size as in the original network, thereby controlling for miR target overlap. 
Then, for each miR, we randomly selected the same number of  targets as in the original network, 
thereby controlling for miR degree. Using these 10 randomly generated networks, we conducted 
the same adaptive ranking procedure by impact on the LCC and measured the LCC relative size as 
a function of  miR rank. Lastly, we used these random curves to generate a measure of  CI of  the 
miRs, defined by their impact strength relative to random. The collective impact CI is defined as the 
negative of  the Z score measuring how the observed fraction of  nodes in the LCC departs from the 
random case: CIi = –[fi – μ(fi,r)]/σ(fi,r), where fi is the fraction of  nodes in the LCC for miR of  rank i, 
and μ(fi,r) and σ(fi,r) denote the mean and standard deviation, respectively, computed from the ran-
dom networks. This measure is finally used to assess the number of  miRs needed to reach maximal 
impact on the LCC. In this study, we also compare this ranking to the natural ranking by FC (high-
est to lowest). In that case, the FCs are kept from the original network in the randomized networks.

Pathway enrichment analysis. Genes upregulated in early and stable Th2 cells versus naive T cells (FC 
> 2; P < 0.05) were subjected to pathway analysis using the Database for Annotation, Visualization and 
Integrated Discovery (DAVID) (79, 80). Identified pathways with P < 0.05 were considered enriched and 
are listed in Supplemental tables 1 and 2.

To identify key pathways regulated by the IDEAL miRs, the immediate miR targets in the disease 
module and their first neighbors were considered to perform pathway enrichment analysis. The Enrich 
method (81) was applied and only WikiPathways and NCI-Nature pathways in Enrich data source were 
considered. The identified pathways are listed in Table 1.

Cytokine bead array/Bio-Rad Luminex assay. BAL fluid and cell culture supernatants of  FACS-isolated 
cells were analyzed for the production of  IFN-γ (limit of  detection: 0.5 pg/ml), IL-4 (0.3 pg/ml), IL-5 (0.9 
pg/ml), IL-6 (1.4 pg/ml), IL-9 (10.7 pg/ml), IL-10 (9.6 pg/ml), IL-13 (2.4 pg/ml), and IL-17A (0.95 pg/
ml) using Mouse Flex Sets purchased from BD Biosciences on a BD Accuri C6 flow cytometer following 
the manufacturer’s instructions.

Th2 cell supernatants were analyzed 48 hours after nucleofection for the production of  IL-5 (0.4 
pg/ml), IL-9 (0.6 pg/ml), IL-13 (0.9 pg/ml), and IL-17A (0.6 pg/ml) using Bio-Plex Pro Mouse Cyto-
kine assays on a Bio-Rad (Luminex) Bio-Plex 200 Suspension Array Analyzer following the manufac-
turer’s instructions.

Histological staining. After BAL fluid collection, the right lung was fixed in paraformaldehyde (6% 
wt/vol). Systematic uniform random sampling (SURS) was performed to obtain a representative collec-
tion of  lung tissue samples (82). After paraffin embedment, 3-μm sections were stained with hematoxy-
lin and eosin. Collagen fibrils were detected by means of  staining with Sirius Red (Sigma-Aldrich)/Fast 
Green (Rowley Biochemicals).

Construction and mutagenesis of  luciferase expression vectors. WT 3′-UTR sequences of  the human 
CCCTC-binding factor (CTCF), nuclear receptor coactivator 3 (hNCAO3), ELK3 ETS transcription 
factor (hELK3), aryl hydrocarbon receptor (hAHR), and E74-like ETS transcription factor 2 (hElf2) 
gene containing the miR binding sites were PCR amplified using HotStarTaq DNA-Polymerase (Qia-
gen) using human genomic DNA isolated from peripheral blood mononuclear cells and the following 
primers: humCTCF-UTR WT sense 5′-GCAGAGGGAGAGGAAGAGGA-3′; humCTCF-UTR WT 
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antisense; humNCOA3-UTR WT sense 5′-TTGTCCAGTGGAATTGGTGA-3′; humNCOA3-UTR WT 
antisense 5′-CACACACACAGCCCATGAAT-3′; humELK3-UTR WT sense 5′-CCACGGGCTAGTT-
TACCTGT-3′; humELK3-UTR WT antisense 5′-CAGGGGAACCCCAACTTACT-3′; humAHR-
UTR WT sense 5′-TTTTGACCCTGGTTTTTGGA-3′; humAHR-UTR WT antisense 5′-ACTTT-
GCACCAAACCTTGCT-3′; humELF2-UTR WT sense 5′-AAGGATCGAAAGGGACCAAG-3′; 
humELF2-UTR WT antisense 5′-ACCTGCCAAAAATTCATGCT-3′ using XhoI and XbaI restriction 
sites. Amplification products were purified using the PCR purification kit (Qiagen), digested with Fast-
Digest enzymes (Thermo Fisher Scientific), and inserted into the XhoI and XbaI sites in the multiple 
cloning region of  the pmirGLO Dual-Luciferase miR Target Expression vector (Promega). Mutations/
deletions of  the putative miR-seed sequence were induced using the QuikChange MultiSite-Directed 
Mutagenesis Kit (Stratagene Technologies) using following primers: humCTCF-UTR ΔmiR-27b sense 
5′-AATCATGGAATGTTCTGAGAGTGCTGAGGACAGTGTTG-3′; humCTCF-UTR ΔmiR-27b 
antisense 5′-CAACACTGTCCTCAGCACTCTCAGAACATTCCATGATT-3′; humNCOA3-UTR 
ΔmiR-206 sense 5′-GTCTTGAGGGAATAGTGAAACGGTTTTTGCCTACACTTAC-3′; humNCOA3-
UTR ΔmiR-206 antisense 5′-GTAAGTGTAGGCAAAAACCGTTTCACTATTCCCTCAAGAC-3′; 
humELK3-UTR ΔmiR-106b sense 5′-GGACATTGTGAAACTCTTGTTAATTTGTCATAACATG-
GATAGTCTAGATTTAT-3′; humELK3-UTR ΔmiR-106b antisense 5′-ATAAATCTAGACTATC-
CATGTTATGACAAATTAACAAGAGTTTCACAATGTCC-3′; humAHR-UTR ΔmiR-203 1 sense 
5′-GGTGAGGTACCGTCTACATTATTCTGGGCACC-3′, humAHR-UTR ΔmiR-203 1 antisense; 
5′-GGTGCCCAGAATAATGTAGACGGTACCTCACC-3′; humAHR-UTR ΔmiR-203 2 sense 
5′-TCTAGCTTTTTAATTAAGCAAAGCACCAATTGTCTTTAAAAACTGTTTTAGACC-3′; 
humAHR-UTR ΔmiR-203 2 antisense 5′-GGTCTAAAACAGTTTTTAAAGACAATTGGTGCTTT-
GCTTAATTAAAAAGCTAGA-3′; humELF2-UTR ΔmiR-23b sense 5′-AGACTCTGCTAATATAG-
GTATTTTAGATTGAAGAATGGATCCCAAAAA-3′; humELF2-UTR ΔmiR-23b antisense 
5′-TTTTTGGGATCCATTCTTCAATCTAAAATACCTATATTAGCAGAGTCT-3′. WT and mutated 
UTR sequences were verified by DNA sequencing (Seqlab) using the following primers: forward (at 
7108–7125 bp of  pmiRGlo) 5′-ACACGGTAAAACCATGAC-3′ and reverse (at 120–138 bp of  pmiRGlo) 
5′-GTCCAAACTCATCAATGTA-3′. Lipopolysaccharide-free plasmid was prepared using NucleoBond 
Xtra plasmid purification kits (Macherey-Nagel).

Transient transfection and reporter gene analysis. 293T cells (ATCC CRL-3216) were seeded at a density of  
5 × 104 cells per well (48-well plate) and were grown overnight. Cotransfection of  0.3 μg reporter plasmid 
and 50 nM control miR (miR Mimic Negative Control #1, Ambion) or 50 nM miR-mimic (hsa-miR-27b-
3p, MIMAT0000419; hsa-miR-206, MIMAT0000462; hsa-miR-106b-5p, MIMAT0000680; hsa-miR-203a-
3p, MIMAT0000264; hsa-miR-23b-3p, MIMAT0000418; Ambion and Dharmacon); was performed using 
Lipofectamine 2000 (Thermo Fisher Scientific). Cell lysates were prepared 24 hours after transfection and 
luciferase activity was assayed with the Dual Luciferase Reporter Assay kit (Promega) according to the man-
ufacturer’s instructions and using the Infinite F200 PRO microplate reader (Tecan). Firefly luciferase activity 
was normalized to Renilla luciferase activity. Each assay was performed in triplicate and repeated 3 times.

Nucleofection of  T cells. Naive CD4+CD62L+ T cells were polarized into Th2 cells for 5 days (see above) and 
nucleofection was performed with miR mimic and anti-miR inhibitors (mmu-miR-27b-3p, MIMAT0000126; 
mmu-miR-206-3p, MIMAT0000239; mmu-miR-106b-5p, MIMAT0000386; mmu-miR-203-3p, 
MIMAT0000236; mmu-miR-23b-3p, MIMAT0000125; all Ambion and 500 nM each) in OptiMEM (Gibco) 
using the P3 Primary Cell 4D Nucleofector X Kit according to the manufacturer’s instructions (Lonza). Trans-
fections were performed in additive fashion antagonizing the predicted cumulative miR effect as predicted by 
IDEAL. For each condition, an equal amount and respective composition of miR mimics and miR inhibitors 
was transfected as control sequences to control for sequence specificity (miR Mimic Negative Control #1 and 
Anti-miR miR Inhibitor Negative Control #1; both Ambion). Cells were cultured after nucleofection with 
plate-bound anti-CD3 and rmIL-2 (20 ng/ml). The phenotype was evaluated 24 and 48 hours after nucleofec-
tion using intracellular cytokine measurements and Luminex Assay (see above).

Statistics. Data analyses were performed using the Prism 6 Software package (GraphPad Software). 
Data were expressed as mean ± SEM unless otherwise stated. Where appropriate, a Mann-Whitney U test 
was done. P values of  less than 0.05 were considered statistically significant.

Study approval. All animal experimental procedures were approved by the local animal ethics commit-
tee at the Regierungspräsidium Giessen, Germany.
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