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Transcriptional regulatory networks of circulating
immune cells in type 1 diabetes: A community
knowledgebase

Scott A. Ochsner,1,2 Rudolf T. Pillich,3 Deepali Rawool,4 Jeffrey S. Grethe,4 and Neil J. McKenna1,2,5,*

SUMMARY

Investigator-generated transcriptomic datasets interrogating circulating immune
cell (CIC) gene expression in clinical type 1 diabetes (T1D) have underappreciated
re-use value. Here, we repurposed these datasets to create an open science envi-
ronment for the generation of hypotheses around CIC signaling pathways whose
gain or loss of function contributes to T1D pathogenesis. We firstly computed
sets of genes that were preferentially induced or repressed in T1D CICs and vali-
dated these against community benchmarks. We then inferred and validated
signaling node networks regulating expression of these gene sets, as well as
differentially expressed genes in the original underlying T1D case:control data-
sets. In a set of three use cases, we demonstrated how informed integration of
these networks with complementary digital resources supports substantive,
actionable hypotheses around signaling pathway dysfunction in T1DCICs. Finally,
we developed a federated, cloud-based web resource that exposes the entire
data matrix for unrestricted access and re-use by the research community.

INTRODUCTION

Autoimmune destruction of pancreatic b cells in type 1 diabetes (T1D) is a major global public health

concern whose cost in terms of human health and financial expense is immense. A substantial body of ev-

idence indicates that deficient function of circulating immune cells (CICs) makes a significant contribution

to the pathogenesis of T1D (Lehuen et al., 2010). Pathways controlling gene expression in normal CIC phys-

iology and T1D comprise a complex network of signaling nodes, encompassing membrane and nuclear re-

ceptors, enzymes, transcription factors, and other ancillary factors. Decades of diligent investigation by the

immune and inflammatory research communities have assembled a canon of regulatory paradigms for T1D,

such as tumor necrosis factor, interleukin, and interferon receptor signaling (Wachlin et al., 2003). These

advances notwithstanding, the diverse disciplines represented in the T1D research community are con-

fronted by three interconnected informatic challenges. Firstly, a broader understanding of mechanisms un-

derlying T1Dwould illuminate opportunities for label expansion of approved drugs. Secondly, existing T1D

therapeutics have undesirable contra-indications and side effects, emphasizing the need for a systemic un-

derstanding of the diversity of physiological signaling pathways in which specific inflammatory nodes

participate to drive T1D. Finally, to expand the range of known immunomodulatory paradigms in T1D,

reduced-bias approaches are required to illuminate non-canonical aspects of autoinflammatory signaling

that are less extensively characterized in the T1D research literature. In response to these needs, several

web-based resources have been developed that aggregate and compute across public T1D genome-

wide association studies (GWAS) (Bhattacharya et al., 2018; Mailman et al., 2007; T1DKP, 2021). Despite

its use to generate clinically relevant insights in other autoimmune diseases (Haynes et al., 2020), however,

the potential for computation across archived public clinical transcriptomic datasets to illuminate mecha-

nisms underlying the pathogenesis of T1D has to date been largely untapped.

The National Institute of Diabetes and Digestive and Kidney Diseases (NIDDK) Information Network,

DKNET (Whetzel et al., 2015), recently organized a community challenge, the D-Challenge, in which partic-

ipants were challenged to leverage digital research resources to generate novel hypotheses around the

pathogenesis of T1D. As a contribution to the D-Challenge, we repurposed public clinical T1D transcrip-

tomic datasets to generate sets of genes that are preferentially induced or repressed in T1D CICs. We

then computed transcriptional regulatory networks to identify evidence for nodes regulating expression
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of these genes, as well as those in the original underlying datasets. At each step, we carried out rigorous,

systematic validation of the networks against a variety of clinical and mechanistic benchmark datasets. We

then developed a set of three use cases that illustrate how researchers for whom no informatics expertise is

assumed can generate or refine compelling hypotheses that can be tested at the bench. Finally, we incor-

porated the networks into a rich web-based visualization environment to ensure unrestricted access for the

broader research community for the generation of novel hypotheses around T1D-relevant CIC signaling

pathways.

RESULTS

Dataset selection and annotation

Please refer to the Methods section for details on dataset collection and processing. We used Gene

Expression Omnibus and ArrayExpress to identify a total of 17 transcriptomic datasets interrogating

gene expression between T1D and normoglycemic CICs. The RNA source breakdown for these datasets

was as follows: peripheral blood mononuclear cells (PBMCs), 6; CD14+ monocytes, 5; whole blood, 2;

and CD3+ T cells, dendritic cells, hematopoietic stem cells, and neutrophils, 1 each. From these datasets,

we generated a total of 26 T1D v control contrasts. Table S1 shows an overview dataset- and contrast-level

metadata for the 26 experiments. We annotated the T1D CIC datasets with respect to a variety of clinical

variables using information provided in the methodological sections of the original published articles.

Table S2 shows the full dataset- and contrast-level clinical metadata.

Computation of differential gene expression networks for circulating immune cells in T1D

We previously described transcriptomic consensome meta-analysis, which ranks genes according to their

rates of significant differential expression across related but independent expression profiling experiments

(Bissig-Choisat et al., 2021; Ochsner et al., 2019, 2020). Here, we adapted the consensome algorithm to

identify evidence for genes that were preferentially induced or repressed in T1D CICs relative to healthy

controls across the 26 contrasts. We first subjected the 26 T1D case:control contrasts to a uniform differ-

ential gene expression pipeline as previously described (Bissig-Choisat et al., 2021; Ochsner et al., 2019,

2020) and committed the gene lists to the consensome algorithm to generate a T1D CIC consensome

(Table S3). The consensome assigns a geometric mean fold change (GMFC), p value, and adjusted p value

to each gene according to the frequency with which they are significantly differentially expressed across the

26 contrasts.

Because gene-level case v control GMFCs were modest (Table S3), we wished to identify subsets of the

consensome transcripts that were preferentially induced or repressed across the independent T1D expres-

sion profiling experiments, To do this, we generated a�four million data point differential expression data

matrix for a total of 72,017 unique features across the 26 independent contrasts (Table S4). In this context,

we define feature as either (i) in the case of an expression array experiment, any probeset annotated to a

specific gene or (ii) in the case of an RNA-Seq experiment, a unique gene-level annotation. We then iso-

lated a group of features (i) whose mapped gene had a T1D CIC consensome GMFC>1.2, (ii) were not

significantly induced in any contrast, and (iii) were significantly (p < 0.05) repressed in one or more con-

trasts, and designated these exclusively T1D-repressed (ET1DR) features (Table S4, column BM). Similarly,

we identified a group of features (i) whose mapped gene had a consensomeGMFC>1.2, (ii) were not signif-

icantly repressed in any contrast, and (iii) were significantly (p < 0.05) induced in one or more contrasts, and

designated these exclusively T1D-induced (ET1DI) features (Table S4, column BN). We then used the hy-

pergeometric test to compare the number of features annotated to a specific gene in these subsets with

the total number for that gene in the universe of features (n = 72,017). Using this approach, we identified

2063 genes whose mapped features were significantly enriched (p < 0.05; 625 with p adj <0.05) among the

ET1DR features, and designated these ET1DR-enriched genes (ET1DREs; Table S5, columns H–J). We also

identified 1229 genes whose mapped features were significantly enriched (p < 0.05; 374 with p adj <0.05)

among the ET1DI features, and designated these ET1DI-enriched genes (ET1DIEs; Table S5, columns K–

M). We refer to this adaptation of the original consensome pipeline as consensome feature-level enrich-

ment analysis (C-FLEE).

Validation of differential gene expression networks for circulating immune cells in T1D

In order for the C-FLEE-generated ET1DRE and ET1DIE transcriptional signatures to be a reliable resource

for generating novel hypotheses around signaling events in T1DCICs, they would be required to assign
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elevated rankings to genes with established connections to T1D. Accordingly, we designed an approach to

benchmarking these signatures in a computationally rigorous manner against three relevant, independent

resources. We first pressure-tested the C-FLEE gene sets against a clinical T1D transcriptomic dataset that

was not included in our analysis. We identified a study by Xhonneux and colleagues involving longitudinal

expression profiling analysis of blood samples from 400 children at high risk for islet autoimmunity and T1D

(Xhonneux et al., 2021). This study resolved a gene expression signature, termed IAAsig (n = 64; Table S3,

column R), whose expression profile was specific to T1D subjects who initially developed insulin autoanti-

bodies (IAAs). Development of IAAs has been previously shown to be a phenomenon typically associated

with earlier and more rapid progression of T1D (Battaglia et al., 2020; Ziegler et al., 2013). Reflecting the

accuracy with which C-FLEE analysis assigned elevated rankings to genes implicated in the development

of T1D, the IAAsig gene set was strongly enriched among the top-ranked genes in the T1D consensome

(ENR = 10, p= 4E-10; Figure 1A), an enrichment that was strikingly increased among the top ET1DRE subset

of the top T1D consensome gene set (ENR = 85, 1E-07; Figure 1B).

Because T cells play a key role in the pathophysiology of T1D, induction of T cell unresponsiveness, or toler-

ance, has been a focus of therapeutic efforts in T1D. CD3 is a T cell co-receptor complex that is involved in

activation of both cytotoxic T cells (CD8+ naı̈ve T cells) and T helper cells (CD4+ naı̈ve T cells), and whose

blockade has been extensively explored as a therapeutic approach tomaintaining b-cell function in T1D. As

a second approach to validation of the ET1DRE and ET1DIE gene sets, we located a transcriptomic dataset

generated by the AbATE (Autoimmunity-blocking Antibody for Tolerance in Recently Diagnosed Type 1

Diabetes) clinical trial (Long et al., 2016). This dataset profiled whole blood gene expression between

T1D subjects who responded to treatment with the anti-CD3 antibody teplizumab and control individuals.

We reasoned that the reliability of the ET1DREs would be reflected in their enrichment among genes

induced in teplizumab-responsive subjects and, conversely, the reliability of the ET1DIEs would be indi-

cated by their enrichment among genes repressed in teplizumab-responsive subjects. Supporting the

trustworthiness of our transcriptional networks, we observed very robust enrichment of ET1DRE transcripts

within genes induced in teplizumab-responsive subjects (ENR = 202, p = 4E-11; Figure 1C and Table S6,

columns G&H) and, more marginally, of ET1DIE transcripts within genes repressed in teplizumab-respon-

sive subjects (ENR = 28, p = 3E-2; Figure S1A and Table S6, columns I&J).

Although single nucleotide polymorphisms (SNPs) cannot necessarily be assumed to impact expression of

the gene in which they are located, it was reasonable to expect some degree of overlaps between our

computed gene lists and genes linked to T1D through SNPs generated by GWAS studies. The third

approach to validation of the ET1DIEs and ET1DREs therefore involved the Type 1 Diabetes Knowledge

Portal (T1DKP, 2021), which computes across independent T1D GWAS cohorts to assign measures of sig-

nificance of associations between specific SNPs and the incidence of T1D.We retrieved from T1DKP a set of

genes mapped to SNPs that had exhibited significant GWAS associations with T1D (Table S5, column N).

Reflecting the reliability of the ET1DRE gene set, we observed a robust intersection between genes with the

strongest associations with the incidence of T1D and the highest-ranked ET1DRE genes (ENR= 342, p= 1E-

05; Figure 1D). A much more marginal intersection was found between top-ranked T1DKP T1D GWAS

genes and ET1DIE genes (ENR = 13, p = 1E-02; Figure S1B), which may indicate that the T1DKP-curated

T1D SNPs primarily represent loss of function of proteins encoded by genes in which they are located.

As an additional level of validation, we used T1DKP to generate a list of 105 genes that had at least one

significant GWAS association with T1D and three other autoimmune conditions—Crohn’s disease, ulcera-

tive colitis, and irritable bowel syndrome—and designated these pan-autoimmune GWAS genes (PAGGs;

Table S7 & Table S5, column O). Encouragingly, and suggesting the broader significance of the ET1DRE

Figure 1. Consensome feature level expression enrichment (C-FLEE) analysis identifies genes preferentially repressed or induced in T1D v control

circulating immune cells

Selected transcripts at the intersection of the indicated gene sets are labeled. Refer to supplementary text for cut-offs used for hypergeometric tests.

(A) Scatterplot showing enrichment of Xhonneux IAAsig genes among the top-ranked genes in the T1D consensome.

(B) Scatterplot showing super-enrichment of Xhonneux IAAsig genes among the top-ranked ET1DREs in the T1D consensome.

(C) Volcano plot showing enrichment of top ET1DIE genes among top teplizumab responder (R) v control (C)-repressed genes in ABATE T1D cohort.

(E) Scatterplot showing enrichment of strong T1D GWAS candidates among top-ranked ET1DRE genes in the T1D consensome. (E) Selected top 20 ET1DRE

(left panel) and ETD1IE (right panel) genes annotated using the three-tier (category, class, and family) SPP-controlled vocabulary {Ochsner, 2019 #83}. Circle

size maps to enrichment p value: for reference, TPTEP is 1E-13 and DEFA1 is 4E-07. Light blue – dark blue (ET1DREs) and yellow-orange-red (ET1DIEs) color

intensity maps to enrichment odds ratio: for reference in the ET1DREs, ABHD17A is 5.8 and PPP1R11 is 7.7; for reference in the ET1DIEs, IGLC is 7.3 and

NAMPT is 11.8. Transcript class borders are color-coded according to their SPP classification category {Ochsner, 2019 #83} as follows: receptors (orange),

enzymes (blue), transcription factors (green), and co-nodes (gray).

ll
OPEN ACCESS

4 iScience 25, 104581, July 15, 2022

iScience
Article



genes across diverse autoimmune conditions, PAGGs were extremely robustly enriched among the high-

est-ranked consensome ET1DREs (ENR = 1253, p = 8E-07; Figure S1C).

ET1DRE and ET1DIE T1D consensome subsets are a functionally diverse set of immune ef-

fectors

Signal transduction pathways involve functional interactions between cellular signaling nodes (Taniguchi

et al., 2006). We previously proposed a classification of these nodes into four high level categories, three

of which (receptors, enzymes, and transcription factors) are historically well defined, while a fourth (co-no-

des) encompasses a functionally diverse set of nodes that do not fall into the one of the other three cate-

gories (Ochsner et al., 2019). Annotation of the ET1DRE and ET1DIE genes using this classification afforded

us insight into the diversity of functions impacted in T1D circulating immune cells. Figure 1E shows a Cyto-

scape-style representation of the top 20 ET1DRE (left panel) and ET1DIE (right panel) genes; the full list is in

Table S5. ET1DREs contained numerous genes with known roles in immunosuppression and/or that are

functionally depleted in autoimmune disorders. In the context of the receptor category, ET1DREs included

a receptor for TGFB, deficiency of which has been implicated in autoimmune disorders (Aoki et al., 2005).

Other ET1DREs in the receptor category included CMKLR1 (aka ChemR23), encoding the G-protein

coupled receptor chemerin 23, which has been previously shown to mediate the anti-inflammatory effects

of chemerin in a rodent model of lung disease (Luangsay et al., 2009), and NOTCH4, a negative regulator of

the immune response whose depletion has been shown to correlate with antitumor immunity and immune

cell infiltration (Long et al., 2021; Zheng et al., 2018). With respect to encoded ET1DRE enzymes, depletion

of the GTPase RAB4B promotes a reduction in Treg count (Gilleron et al., 2018). Moreover, abundant ev-

idence implicates mitogen-activated protein kinases in pathways regulating innate immunity; MAPK1/ERK,

for example, has been shown to suppress NFKB signaling in endothelial cells (Maeng et al., 2006). In addi-

tion, T cells depleted of PPP1R11 are resistant to Treg-mediated suppression of cytokine expression (Joshi

et al., 2019), and the APOBECG3 deaminase inhibits retrotransposition of retroviruses, which have been

implicated in autoimmune disorders (Esnault et al., 2005). Among co-nodes, NPC1 has recently been

shown to be essential for degradation of STING, a well-known mediator of autoimmune responses (Chu

et al., 2021). Of note, in the context of increased interest in non-coding RNAs in regulation of immune re-

sponses is the lncRNA XIST, dysfunction of which has been linked to systemic lupus erythematosus (SLE)

(Wang et al., 2016). Although none were in the top-ranked ET1DREs, we noted the presence of several tran-

scription factors among the ET1DREs. For example, CEBPB has been shown to stabilize FOXP3 levels in

regulatory T cells, whose depletion has been previously linked to T1D pathogenesis (Visperas and Vignali,

2016). In addition, ZNF691 was identified as a hub gene in an epigenome-wide association study for loci

whose DNA methylation status was associated with the incidence of T1D (Paul et al., 2016).

Diversity of molecular function was similarly evident in the ET1DIE gene set (Figure 1E). Although the sub-

ject of controversy, evidence exists that visfatin, encoded byNAMPT, promotes insulin secretion and insu-

lin receptor signaling in pancreatic beta cells (Brown et al., 2010). Moreover, the progestin and AdipoQ

receptor family member MMD has been implicated in inflammatory macrophage differentiation, a phe-

nomenon shown to contribute to the development of T1D (Calderon et al., 2006). ETNK1 was recently

shown to promote T cell surface expression of CXCR5, whose ligand CXCL13 has been broadly implicated

in autoimmune pathogenesis (Fu et al., 2021). In addition, a considerable volume of research implicates

gain of function of the transcription factor HIF1A in autoimmune disorders (Islam et al., 2021). Members

of the defensin family of antimicrobial peptides, represented in ET1DIE co-nodes by DEFA1, are an integral

component of the innate immune system, and have been suggested to contribute to the pathology of

chronic rheumatic diseases (Frasca and Lande, 2012). Finally, although the significance of the presence

of three pseudogenes (TPTEP1, OR7E5P, and SMG1P1) among the top ET1DIEs is unclear, existing evi-

dence connects genes in this class, including another olfactory receptor pseudogene, to the regulation

of inflammatory responses (Shang et al., 2019).

Computation of transcriptional regulatory networks for circulating immune cells in T1D

We previously developed ChIP-Seq consensome analysis (Ochsner et al., 2019), which ranks genes based

on measures of their significant promoter occupancy across publicly archived ChIP-Seq experiments map-

ped to a specific signaling node IP antigen. We subsequently developed ChIP-Seq high confidence tran-

scriptional target (HCT) intersection analysis to identify nodes that have HCT intersections (i.e. transcrip-

tional footprints) within gene lists of interest (Bissig-Choisat et al., 2021; Ochsner et al., 2020). To gain

insight into T1D-specific transcriptional regulatory networks in CICs, we next applied ChIP-Seq HCT
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intersection analysis to compute intersections between a HCT library comprising a total of 961 unique

ChIP-Seq human node antigen HCTs (Table S8) and the ET1DIE or ET1DRE gene sets. We designated no-

des that had significant intersections with ET1DRE genes as ET1DRE p < 0.05 nodes (n = 310; Table S9, col-

umn K), and those that had significant intersections with ET1DIE genes as ET1DIE p < 0.05 nodes (n = 228;

Table S9, column L). To afford users insight into evidence for the role of a specific node in T1D-induced or

-repressed genes in a given experiment of interest, we also performed ChIP-Seq HCT intersection analysis

on T1D-induced (FC > 1.25 & p < 0.05) and -repressed (FC < 0.8 & p < 0.05) genes at the individual exper-

iment level; these 52 networks are shown in Table S10.

Validation of transcriptional regulatory networks for circulating immune cells in T1D

We designed a three-tier approach to validation of the ET1DRE and ET1DIE HCT intersection analyses. We

first mapped our ET1DRE and ET1DIE HCT intersection analyses to genes to which T1DKP had assigned

high confidence GWAS associations with the incidence of T1D (Table S9, column M) and to the previously

described PAGG gene set (Table S9, column N). Consistent with the reliability of the HCT intersection anal-

ysis, we observed significant enrichment among the top-ranked ET1DRE p < 0.05 nodes of nodes encoded

by genes with the strongest GWAS associations with T1D (ENR = 12, p = 1E-02; Figure 2A) and the highest-

ranked PAGGs (ENR = 6.5, p = 3.5E-02; Figure 2B). No significant intersections were observed for either

gene set with the ET1DIE p < 0.05 nodes. We were interested to note that some nodes such as STAT4,

NELFE, and FLI had p < 0.05 intersections with both the ET1DRE and ET1DIE gene sets (Table S9, columns

K and L). Examples of the presence of both activation and repression functions within the same transcrip-

tion factor are numerous (Latchman, 2001). As such, our analysis suggests that for certain nodes at least,

disruption of both transcriptional activation and repression functions in the same protein might contribute

to T1D pathogenesis.

Given that T1D is broadly considered a disease of T cell dysfunction, our second HCT intersection analysis

validation strategy was predicated on the anticipation that nodes with significant footprints in the ET1DRE

and ET1DIE gene sets would be enriched for nodes with critical roles in T cell function. To address this

question in a systematic manner, we sourced a study by Shifrut and colleagues that employed a

genome-wide single guide RNA strategy to rank genes according to the essentiality of their roles in sup-

porting primary T cell viability (Shifrut et al., 2018). We then annotated this screen with ET1DRE (Table S11,

columns I&J) and ET1DRE (Table S11, columns K&L) p < 0.05 nodes. Supporting our hypothesis, we

observed enrichment among the highest negatively ranked genes in the Shifrut screen (i.e. those whose

depletion had the greatest negative impact on T cell response to stimulation) with the highest-ranked

ET1DRE (ENR = 37, p = 1E-03; Figure 2C and Table S9, column O) and ET1DIE (ENR = 37, p = 3E-02; Fig-

ure 2D and Table S9, column O) nodes. These results indicate that our C-FLEE HCT intersection analysis

identifies potential roles in T1D pathogenesis for nodes that have critical, non-redundant roles in support-

ing T cell function.

The Monarch Initiative (Mungall et al., 2017) represents a systematic approach to assigning physiological

and clinical annotations to genes using Human Phenotype Ontology (HPO) terms. For our third C-FLEE

HCT intersection validation, we retrieved fromMonarch a set of genes that mapped to the HPO term ‘‘auto-

immunity’’ (HP:0002960). We anticipated that if nodes that had significant HCT footprints within the

ET1DRE and ET1DIE gene sets were relevant to autoimmune disease, they would be enriched for nodes

encoded by genes mapping to the autoimmunity nodes. Consistent with this notion, nodes encoded by

human orthologs of this gene set were strongly enriched among the highest-ranked ET1DRE nodes

Figure 2. High confidence transcriptional target (HCT) intersection analysis identifies nodes with transcriptional footprints among ET1DRE and

ET1DIE gene sets

Selected transcripts at the intersection of the indicated gene sets are labeled. Refer to supplementary text for cut-offs used for hypergeometric tests.

(A) Nodes encoded by genes that have high confidence GWAS associations with T1D are significantly enriched among the top-ranked ET1DRE nodes.

(B) Nodes encoded by genes that have high confidence GWAS associations across multiple autoimmune diseases are significantly enriched among the top-

ranked ET1DRE nodes.

(C) Genes encoding ET1DRE p < 0.05 nodes are enriched among genes whose deletion most negatively impacts T cell function.

(D) Genes encoding ET1DIE p < 0.05 nodes are enriched among genes whose deletion most negatively impacts T cell function.

(E) Human genes mapped to the HPO term ‘‘autoimmunity’’ (HP:0002960) are enriched among the highest-ranked ET1DRE p < 0.05 nodes.

(F) Human genes mapped to the HPO term ‘‘autoimmunity’’ (HP:0002960) are enriched among the highest-ranked ET1DIE p < 0.05 nodes.

(G) Top 20 ET1DRE- and ET1DIE p < 0.05 nodes ranked by intersection p values. Node classes are color-coded according to their SPP classification category

{Ochsner, 2019 #83} as follows: receptors (orange), enzymes (blue), transcription factors (green), and co-nodes (gray).
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(ENR = 22, p = 2E-04; Figure 2E and Table S9, column P) and, to a lesser extent, among the highest-ranked

ET1DIE nodes (ENR = 11, p = 1E-02; Figure 2F and Table S9, column P). We noted again that several auto-

immunity nodes (JMJD1C, STAT3, and RFX5) had strong intersections with both the ET1DRE and ET1DIE

gene sets (Table S9, column P). This reiterates the evidence alluded to above that the role of a specific node

in T1D potentially encompasses both activation and repression of gene expression in specific CICs.

ET1DRE and ET1DIE genes are regulated by functionally diverse signaling nodes

As with the ET1DRE and ET1DIE transcripts (Figure 1E), annotation of the ET1DRE p < 0.05 and ET1DIE

p < 0.05 nodes using SPP’s three-tier controlled vocabulary illuminated the diversity of nodes predicted

to regulate these gene sets in T1D CICs. Figure 2G shows the top 20 ET1DRE (upper panel) and ET1DIE

(lower panel) p < 0.05 nodes ranked by intersection p value. Transcription factors with the most significant

ET1DRE transcriptional footprints include YY1, shown to inhibit differentiation and function of regulatory

T cells in a Foxp3-dependent manner (Hwang et al., 2016), and TBX21, shown to be dysregulated in mul-

tiple sclerosis (Parnell et al., 2014). Moreover, SMAD2 has been mapped to a murine autoimmune diabetes

locus (Hook et al., 2011), and numerous DNA variants associated with increase autoimmune disease sus-

ceptibility have been shown to impact binding of the key myeloid transcription factor SPI1, aka PU.1

(Watt et al., 2021). Among top ET1DIE receptor nodes, HMGB1 encodes a member of the high mobility

group family that has been characterized as a ligand for both toll-like receptors and the RAGE receptor,

and has been previously implicated in the pathogenesis of T1D (Zhang et al., 2009). Moreover, NR4A1

has been identified as a potential therapeutic target in central nervous system autoimmune-based inflam-

mation (Rothe et al., 2017). ET1DIE transcription factor nodes included STAT3, a well-characterized driver

of numerous autoimmune conditions (Aqel et al., 2021) and as previously noted, was also identified as a

ET1DRE node. They also included RELA, a subunit of the well-known pro-inflammatory mediator NFkB,

which has known roles as a driver of autoimmune disorders (Sun et al., 2013). ET1DIE transcription factor

nodes also encompass members of the RUNX family, which have been implicated in a number of autoim-

mune conditions (Alarcón-Riquelme, 2003) and which, like STAT3, also had footprints within ET1DREs.

Similarly, the gene encoding AFF1 (ET1DIE p = 2E-11) has been mapped to a susceptibility locus for SLE

(Okada et al., 2012). With respect to ET1DIE co-nodes, CREBBP is a coactivator for the transcription factor

CREB, which negatively regulates survival of regulatory T cells (Wang et al., 2017).

A federated web-based resource for mining CIC T1D transcriptional regulatory networks

The maximum impact of the CIC T1D transcriptional networks requires that they be made broadly and

freely available to the research community. Accordingly, we developed a federated, web-based hypothesis

generation environment encompassing two open science informatics resources, namely, NDEx, a Cyto-

scape-based network visualization resource (Pratt et al., 2015) and the Signaling Pathways Project (SPP),

an integrated omics knowledgebase for mammalial cellular signaling pathways (Ochsner et al., 2019).

Cloud implementation of both resources maximizes uptime and stability of performance. Table 1 contains

links to NDEx versions of the networks associated with our study.

Figure 3A shows a detail of an NDEx C-FLEE network, in this case, the ET1DRE network. Circles represent

transcripts, in which size is proportional to the transcript C-FLEE –log10 p value (ML10P), such that the high-

est confidence preferentially T1D-repressed transcripts are the largest in size. Similarly, circle color inten-

sity is proportional to C-FLEE enrichment value. The three-tier, color-coded node SPP classification alluded

to previously facilitates visual organization and contextualization of T1D-regulated transcripts, guides data

mining and fitering decisions, and provides for consistency of the user experience across the networks.

Upon landing on the ET1DRE network page, the network info pane orients the user as to the essential

biology of the network (Figure 3A, upper inset panel). Clicking on a transcript pulls up a contextual

menu listing a set of open access resources that run the gamut from curated information illuminating

gene regulation and functional biology, to research resources compiling information on experimental re-

agents (Figure 3A, lower inset). The SPP transcriptomic Regulation Reports (Figure 3B, upper panel)

retrieve significant differential expression data points for a gene of interest across thousands of SPP-

curated transcriptomic datasets to give insight into upstream receptor and enzyme nodes regulating

expression of that gene (Ochsner et al., 2019). Similarly, the SPP ChIP-Seq Regulation Reports (Figure 3B,

lower panel) aggregate ChIP-Seq data originally curated by ChIP-Atlas (Oki et al., 2018) and additionally

annotated by SPP curators, that identifies evidence for nodes that bind to the upstream promoter region

of a gene of interest (Ochsner et al., 2019). The compact, intuitive format of these interfaces is designed to
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Table 1. Links to NDEx versions of transcriptional networks developed for this study

Type Name Description

C-FLEE p < 0.05 ET1DREs Transcripts that are preferentially

repressed in T1D CICs

p < 0.05 ET1DIEs Transcripts that are preferentially

induced in T1D CICs

Top-ranked ET1DREs Top 20 ET1DREs ranked by enrichment

p value (Figure 1E left panel)

Top-ranked ET1DIEs Top 20 ET1DIEs ranked by enrichment

p value (Figure 1E right panel)

HCT intersection p < 0.05 ET1DRE nodes Signaling pathway nodes predicted to

regulate expression of ET1DREs at p < 0.05

p < 0.05 ET1DIE nodes Signaling pathway nodes predicted to

regulate expression of ET1DIEs at p < 0.05

Top ET1DRE nodes Top 20 ET1DRE nodes ranked by intersection

p value (Figure 2G, upper panel)

Top ET1DIE nodes Top 20 ET1DIE nodes ranked by intersection

p value (Figure 2G, lower panel)

Expt 6607 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6608 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6609 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D monocytes

Expt 6610 induced | repressed Nodes predicted to regulate genes differentially

expressed in mild T1D CD14+ monocytes

Expt 6611 induced | repressed Nodes predicted to regulate genes differentially

expressed in severe T1D CD14+ monocytes

Expt 6612 induced | repressed Nodes predicted to regulate genes differentially

expressed in mild T1D CD14+ monocytes

Expt 6613 induced | repressed Nodes predicted to regulate genes differentially

expressed in severe T1D CD14+ monocytes

Expt 6614 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D whole blood

Expt 6615 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D whole blood

Expt 6623 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6627 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6628 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6629 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6630 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6631 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6632 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

(Continued on next page)
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https://www.ndexbio.org/viewer/networks/10beca8d-52ff-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/cb335b30-5195-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/c9d88407-5303-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/c2dee750-5306-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/2d3b490a-53a2-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/024be8c1-539e-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/6aeefe93-545a-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/66cd2da0-56d8-11ec-b3be-0ac135e8bacf
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https://www.ndexbio.org/viewer/networks/d557d4a3-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d525c820-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d4dcd93d-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d49c4dca-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d44ea2f7-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d4067664-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d3c13001-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d380cb9e-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d334f58b-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d2ea30e8-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d2a538a5-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d26dfc02-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d22c380f-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d1e989bc-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d1b3fac9-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d1865b16-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/54e8b0c9-5f79-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d14f93a3-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d11faa00-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d0e7f82d-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d0b1ccfa-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d07f9967-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d04aa6b4-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/d0131bf1-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/cfe1f9ce-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/cfa95d9b-5ed9-11ec-b3be-0ac135e8bacf
https://www.ndexbio.org/viewer/networks/cf70c168-5ed9-11ec-b3be-0ac135e8bacf


suggest regulatory relationships of a given target with distinct nodes to provide for pathway hypothesis

generation.

Other resources linked to from ET1DREs include the DKNET Discovery Portal, which consolidates curated

gene- and protein-level information from over 300 resources to provide for rapid contextualization of gene

function, as well as plasmids and antibodies relevant to the gene of interest or its encoded protein (Whetzel

et al., 2015). As previously discussed, T1DKP aggregates information across numerous independent

studies to summarize the strength of the GWAS connection of a gene to T1D and T1D-related phenotypes.

An Entrez GeneID-based link to PubMed limits the displayed research article records to those that have

been curated by NCBI staff, rather than the noisier results that would be returned from a free text search

using the approved gene symbol. C-FLEE networks also link to Open Targets Genetics, which assembles

variant-centric statistical evidence for prioritization of potential drug targets (Mountjoy et al., 2021). As

described in our use cases, genome-wide functional screens were of considerable value in fleshing out

our T1D network-based research hypotheses. The BioGRID Open Repository of CRISPR Screens curates

the rapidly expanding literature on such screens to enable researchers to gather evidence for roles for spe-

cific nodes or genes in functional cellular pathways (Oughtred et al., 2021). Finally, links to Monarch (Mun-

gall et al., 2017), which we used to validate the HCT intersection analysis (Figures 2E and 2F), provide for

convenient access to information on mammalian phenotypes associated with a particular gene or node

of interest. Adding to the value of NDEx integration is the fact that researchers querying their own gene

set of interest using the iQuery feature can identify significant intersections between their own gene list

and any of the T1D networks without prior knowledge of their existence, resulting in potential novel and

unanticipated avenues of T1D research.

The second set of networks implemented in NDEx is the HCT intersection analysis networks, which

represent the functional regulatory footprints for DNA-binding signaling nodes among clinical T1D

gene sets generated by our study. Figure 3C shows a detail of the NDEx C-FLEE HCT intersection

network, in this case, the ET1DRE HCT intersection network. Circles represent nodes, in which size

is proportional to the HCT intersection ML10P, such that the nodes with the highest confidence inter-

sections with the ET1DREs are the largest in size. Similarly, circle color intensity is proportional to

HCT odds ratio. As with the C-FLEE networks, SPP classification color coding provides for intuitive,

Table 1. Continued

Type Name Description

Expt 6633 repressed Nodes predicted to regulate genes repressed in

T1D CD14+ monocytes

Expt 6634 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D whole blood

Expt 6642 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D CD34+ HSCs

Expt 6650 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D CD3+ T cells

Expt 6651 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D neutrophils

Expt 6686 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D neutrophils

Expt 6687 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D neutrophils

Expt 6655 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D monocyte-derived DCs

Expt 6656 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

Expt 6657 induced | repressed Nodes predicted to regulate genes differentially

expressed in T1D PBMCs

No nodes were identified that had significant HCT intersections with experiment 6633 induced genes.
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biology-driven browsing and searching of the networks. The network info pane conveys essential sum-

mary information (Figure 3C, upper inset panel), while clicking on a node opens a window containing

node-specific links to the same set of resources that contextualize the transcripts in the C-FLEE net-

works (Figure 3C, lower inset panel).

Hypothesis generation use cases

We next wished to demonstrate the value of our networks to generate robust in silico research hypoth-

eses around previously unexplored signaling pathways in T1D CICs. A common theme throughout

these use cases is the re-use of existing resources and datasets to assemble ‘‘bench-ready’’ hypotheses

that themselves withstand validation against independent benchmarks. Collectively, they are intended

as a how-to that demonstrates how informed integration of our networks with other freely available

resources empowers the user to develop sophisticated, actionable hypotheses around CIC deficits

in T1D.

Figure 3. NDEx and SPP integration democratizes access to the T1D CIC transcriptional regulatory networks

(A) Detail of NDEx ET1DRE network.

(B) Detail of SPP transcriptomic (upper panel) and ChIP-Seq Regulation Reports of ET1DREs to show evidence for signaling nodes that regulate their

expression.

(C) Detail of NDEx ET1DRE node network. In NDEx networks, transcript (A) and node class edges (B) are color coded as follows: receptors (orange red),

enzymes (blue), transcription factors (green), ion channels (mustard), and co-nodes (gray). In both NDEx network types, the network info tab (upper inset)

contains a description of the resoure, while clicking on a transcript (A) or node (B) shows the node/ege window (lower inset) containing links to selected

contextual web research resources.
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Hypothesis generation use case 1: depletion of a CD56dim CD57+ natural killer cell-specific

gene signature links T1D to multiple inflammatory syndrome in children

The first use case began as a demonstration of using ET1DREs to discern specific cell types whose func-

tional depletion contributes to T1D, and concluded with an unexpected connection to another disease

state of high current interest, multiple inflammatory syndrome in children (MIS-C). To discern CIC sub-

type-specific signatures within the ET1DREs, we computed this gene set against a scRNA-Seq study by

Travaglini and colleagues that profiled gene expression across 25 immune cell types (Travaglini et al.,

2020). In doing so, we observed striking enrichment of high confidence Travaglini natural killer (NK) cell-

specific genes among ET1DREs (Travaglini-NK; ENR = 254, p = 1E-07; Figure 4A and Table S5, column

P). Although the connection between NK cell dysfunction and T1D pathogenesis is well established (Gard-

ner and Fraker, 2021), the underlying mechanisms are not fully understood. To verify this result, we sourced

a recent study by Ota et al. profiling gene expression across 28 immune cell types in a variety of autoinflam-

matory conditions (Ota et al., 2021). Confirming the NK expression program-enriched character of the

ET1DREs, we observed robust over-representation among ET1DRE transcripts of genes preferentially ex-

pressed in NK cells from this study (Ota-NK; ENR = 15, p = 1E-11; Figure S2A and Table S5, column Q).

Notable intersections of ET1DREs with the twoNK gene sets included threemembers of the granzyme fam-

ily, whose depletion has been reported in T1D (Mollah et al., 2017), PRF1, encoding a key effector molecule

for NK-cell-mediated cytolysis, perforin; an inhibitory killer Ig-like receptor gene, KLRD1; and S1PR5, shown

to be essential for NK cell migration toward sphingosine-1 phosphate (Drouillard et al., 2018).

The robust NK signature in the ET1DREs observation was consistent with the super-enrichment among

ET1DREs of the IAAsig gene set (Figure 1B), which itself had been shown to possess a strong NK character

(Xhonneux et al., 2021). As an additional confirmation using an alternative technical platform, we identified

a recent study that generated a single-nucleus assay for transposase-accessible chromatin with sequencing

(snATAC-seq)-based accessible chromatin reference map of 28 peripheral blood and pancreas cell types

from donors without diabetes (Chiou et al., 2021). We then defined a set of 77 transcripts representing the

intersection (X) of the ET1DREs and the two previously referenced scRNA-Seq-defined NK-specific gene

sets (Travaglini-NK andOta-NK). We designated these ET1DREXNK genes, and ranked them in ascending

order of their ET1DRE enrichment and Travaglini NK-specificity p values (Table S5, column R). Reiterating

the NK specificity of the ET1DREXNK gene set, the top 20 ranked ET1DREXNK genes were most strongly

enriched (per hypergeometric test) among the top 100 snATAC-seq ranked genes in cytotoxic NK cells (CY-

NK: ENR = 46, p = 6E-08; Figure 4B), less appreciably in adaptive NK cells (ADNK: ENR = 28, p = 2E-04;

Figure 4B), and were not significantly enriched in the top 100 ranked genes from any other cell type (Fig-

ure 4B and Table S12, column AE). These data indicated to us that genes that were preferentially repressed

across the independent T1D cohorts were enriched for genes that are preferentially expressed in NK cells.

Based on this analysis, we anticipated that ET1DREXNKs would contain transcriptional footprints for no-

des with known roles in NK cell differentiation and function. To evaluate this, we performed HCT intersec-

tion analysis on the gene set (see Table S9, column Q for nodes that have p < 0.05 intersections with this

gene set). In order to validate this analysis, we retrieved two sets of nodes identified in independent,

comprehensive reviews of transcriptional regulators of NK cell development and differentiation, and desig-

nated these Hesslein (Hesslein and Lanier, 2011) and Brillantes (Brillantes and Beaulieu, 2019) nodes

(Table S9, columns R & S respectively). Consistent with the accuracy of our analysis, both the Hesslein

(ENR = 120, p = 6E-05; Figure 4C) and Brillante (ENR = 107, p = 8E-05; Figure S2B) node sets were robustly

Figure 4. Depletion of a CD56dim CD57+ natural killer cell-specific gene signature links T1D to multiple inflammatory syndrome in children

Selected transcripts at the intersection of the indicated gene sets are labeled. Refer to supplementary text for cut-offs used for hypergeometric tests.

(A) The highest-ranked ET1DRE genes are enriched for NK cell-specific genes as documented in Table S4 from the Travaglini study.

(B) Top-ranked ET1DREXNK genes are strongly enriched among the top 100 ranked genes in cytotoxic (CY-NK) and adaptive (ADNK) NK cells, per snATAC-

seq by Chiou and colleagues.

(C) Nodes that have significant transcriptional footprints within the ET1DREXNK gene set are enriched for canonical NK transcription factors per Hesslein

and colleagues. Nodes with the strongest and most significant intersections with the gene set are distributed in the top right quadrant of the plot.

(D) ET1DREXNK genes are further enriched among CD57+-specific CD56dim -induced genes. CD57+-specific genes were obtained from Table S1 of the

Collins et al. study.

(E) CD57+-specific, CD56dim ET1DREXNK genes are super-enriched among teplizumab-induced genes.

(F) All nine genes in the MIS-C signature are highly ranked ET1DREXNK genes.

(G) Five MIS-C signature genes are highly ranked CD57+-specific ET1DREXNK genes.

(H) Four MIS-C signature genes are top teplizumab-induced ET1DRE-NK genes.

ll
OPEN ACCESS

iScience 25, 104581, July 15, 2022 13

iScience
Article



enriched among the most highly ranked ET1DREXNK nodes. The top ranking was assigned to the canon-

ical NK cell transcription factor TBX21/T-BET, whose encoding gene we had earlier identified as an ET1DRE

(Table S5). Nodes with prominent ET1DREXNK footprints included several others with known roles in NK

cell differentiation, including CBFB and RUNX factors, SREBPs, GATA2, and STAT5B.

HumanNK cells are classified into twomajor subsets based on the expression of the adhesion molecule CD56,

namely, CD56bright and CD56dim (Poli et al., 2009). The former generate abundant quantities of cytokines,

whereas the latter are cytotoxic effectors expressing inhibitory killer immunoglobulin-like receptor (KIR) genes,

as well as PRF1. The presence in the ET1DREXNK signature of PRF1 andKLRD1 suggested to us that depletion

of a CD56dim NK cell-specific gene set might contribute to the pathogenesis of T1D. To explore this question

further, we identified a study by Hanna and colleagues (Hanna et al., 2004) that compared gene expression pro-

files between CD56bright and CD56dim NK cells and evaluated the distribution within this dataset of the

ET1DREXNK gene set (Table S13, columns E–G). Consistent with our hypothesis, the highest-ranked

ET1DREXNK transcripts were strongly enriched among the top induced genes in CD56dim relative to

CD56bright cells (ENR = 94, p = 8E-08; Figure S2C), but not among CD56bright-induced genes. The CD56dim

NK population is further partitioned into two subsets, CD57� and CD57+, the latter having more potent lytic

activity. To further define the CD56dim subset of origin of the ET1DREXNK genes, we used a transcriptional

census of NK subtypes byCollins and colleagues (Collins et al., 2019) to defineCD57+- andCD57�-specific sub-
sets of the Hanna CD56dim-induced gene set (Table S13, columns H&I). We observed enrichment of the top-

ranked ET1DREXNK genes within the CD57+ subset of the CD56dim-induced genes that was over 10-fold

higher than their enrichment in the broader CD56dim gene set (ENR = 990, p = 2E-09; Figure 4D), but not within

the CD57� subset. This result resonates with reports of reduced levels of circulating CD57+ NK cells in other

autoimmune diseases (Nielsen et al., 2013) and is consistent with specific depletion of a CD56dim CD57+ NK

signature in CIC transcriptomes of T1D subjects.

CD56dim cells have been shown to promote CD8+ T cell exhaustion, and this phenomenon has been linked to

improved prognosis in autoimmune diseases (McKinney et al., 2015). To validate our original C-FLEE analysis,

we had previously shown (Figure 1C) that ET1DREs were strongly enriched among genes induced by adminis-

tration of teplizumab in clinical T1D, resolution of which was accompanied by CD8+ T cell exhaustion (Long

et al., 2016). We speculated therefore that if the ET1DREXNK CD56dim-induced CD57+-specific gene subset

(Table S5, columnT)was relevant to the resolution of clinical T1D, wewould expect to seeenhancedenrichment

of these genes within the teplizumab-induced gene set. Remarkably, enrichment of the ET1DRE CD56dim-

induced CD57+-specific genes among teplizumab-induced genes was over 3-fold higher than that of the

ET1DRE gene set as a whole (ENR = 687, p = 3E-06; Figure 4E and Table S6).

MIS-C is a recently identified Kawasaki disease-related complication of COVID-19 characterized by progressive

inflammatory responses across multiple organs (Galeotti and Bayry, 2020). While our own study was nearing

completion, a report was published (Beckmann et al., 2021) that identified a nine-gene signature that was

repressed in MIS-C and other inflammatory diseases and was highly expressed in CD8+ T cells and NK cells.

Given the recently reported evidence for an autoimmune component of MIS-C (Porritt et al., 2021), we specu-

lated whether there was any overlap between the MIS-C signature and the gene sets we had defined in this

use case thatmight point to commonNK-centricmechanismsbetweenMIS-C andT1D. Strikingly, all ninegenes

in theMIS-C signaturewere highly rankedET1DREXNKs (ENR=704,p=7E-27; Figure 4F andTable S5, column

U) and five (PRF1, TGFBR3, C1orf21, S1PR5, and MYBL1) were among the highest-ranked CD57+-specific

ET1DREXNKs (ENR= 895,p= 5E-15; Figure 4G andTable S5, columnU). Finally, suggesting the potential ther-

apeutic application of teplizumab in MIS-C and Kawasaki disease, four genes in the MIS-C signature (PRF1,

GZMA, S1PR5, and KLRD1) were among the highest-ranked ET1DREXNKs that were induced in T1D subjects

in response to teplizumab treatment in the study by Long and colleagues (ENR = 3175, p = 9E-15; Figure 4H

and Table S6, column O). Underscoring the relevance of this study to our own analysis, one of the nine MIS-C

genes was TBX21, encoding the node we previously identified with the strongest transcriptional footprint in

the ET1DREXNK cells (Figures 4C and 4D). In summary, this use case represents strong evidence for common

NK-specific mechanisms underlying T1D and MIS-C.

Hypothesis generation use case 2: Transcriptional induction in neutrophils of TRPC6 supports

calcineurin/STAT2-dependent type 1 interferon signaling in early onset T1D

Inspecting the ET1DIEs, we noted that one of the highest ranked (ENR = 12, p = 5E-05) was TRPC6, which

encodes a member of the transient receptor potential cation channel gene family. Studying the underlying
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experimental gene expression data, we were interested to note that TRPC6 was strongly induced (T1D v C

LFC = 1.74; Table S4, column AB) in a dataset generated by a study of neutrophils in a cohort of subjects

with early onset T1D (Table S2, dataset 1274, experiment 6651). Supportive of its identification as an ET1DIE

gene, gain of function single nucleotide polymorphisms (SNPs) in TRPC6 have been previously linked to the

autoimmune disorder familial focal segmental glomerusclerosis (Winn et al., 2005) and Trpc6 deletion has

been previously shown to be protective at early age in the Akita mouse model of T1D (Wang et al., 2019a).

Although the canonical pathway of TRPC6 involves activation of Ca2+ signaling, themechanisms underlying

its potential role in autoimmune disorders are not clearly understood. Accordingly, we selected TRPC6 for

further characterization of its potential role in neutrophils in driving pathogenesis in early onset T1D.

Because TRPC6 was transcriptionally induced in neutrophils in early onset T1D, we hypothesized that the

encoded TRPC6 protein might in turn participate in the T1D-induced transcriptional program in these cells.

To address this question, we retrieved a set of genes that were transcriptionally repressed in response to a

TRPC6 loss of function mutation (TRPC6MY)(Griesi-Oliveira et al., 2015) and evaluated their distribution

within the neutrophil early onset T1D-induced (NEOT1DI) gene set (Table S14, columns F&G). Consistent

with a role for TRPC6 in neutrophil signaling events in early onset T1D, we observed robust enrichment of

TRPC6MY genes among the most prominent NEOT1DI transcripts (ENR = 54, p = 8E-07; Figure 5A). Scru-

tinizing the intersecting genes, we noted many of the effectors of the classical type 1 interferon pathway

that the authors of the original study had shown to be induced in the T1D neutrophils, includingMXI, mem-

bers of the 2’-5’-oligoadenylate synthetase (OAS1, OAS2, and OAS3) and interferon-induced transcript

(IFIT1 and IFIT3) families, the RIG-I cosensor DDX60, and ESTI1 (Figure 5A). Based on this observation,

we hypothesized that TRPC6 might be specifically involved in regulation of the type 1 interferon response

in early onset T1D neutrophils. To pressure test this idea, we retrieved a set of genes shown to be transcrip-

tionally induced in response to infection of neutrophils by influenza A virus (IAVN[)(Malachowa et al., 2018),

a well-characterized cue for the type 1 interferon response. Confirming the strong type 1 interferon char-

acter of the NEOT1DI genes, the neutrophil IAV-induced signature was strongly enriched among the

NEOT1DI genes (ENR = 254, p = 6E-08; Figure 5B and Table S14, columns H&I). Remarkably, and strongly

suggestive of a role for TRPC6 in induction of the type 1 interferon response in early onset T1D neutrophils,

this enrichment was increased 10-fold in the TRPC6MY subset of the NEOT1DI genes (TRPC6MYXT1DI:

ENR = 2936, p = 1E-07; Figure 5C).

We next wished to define candidate transcription factor nodes downstream of TRPC6 in the early onset T1D

neutrophils. We noted that consistent with the strong type 1 interferon character of the NEOT1DI tran-

scripts (Figure 5B), HCT intersection analysis of these genes assigned elevated rankings to numerous nodes

with well characterized roles as transcriptional drivers of the type 1 interferon response, most notably

STAT2 (p = 8E-22; Table S10, column AB). Confirming this, a set of canonical a/b (i.e. type 1) interferon

response nodes retrieved from the Reactome knowledgebase (Joshi-Tope et al., 2005) was robustly en-

riched within the most highly ranked NEOT1DI nodes (ENR = 72, p = 3E-06; Figure S3). We hypothesized

that given its similarly sizeable footprint within the NEOT1DI genes (Figure 5A), TRPC6 might signal

through STAT2 to support the NEOT1DI transcriptional program. To investigate this further, we defined

a set of genes representing the intersection of the TRPC6MY and NEOT1DI genes (TRPC6MYXNEOT1DI:

n = 30; Table S14, column J). We then subjected this gene set to HCT intersection analysis and compared

the results with those for HCT intersection analysis of the broader NEOT1DI gene set (Table S15). Consis-

tent with consolidation of type 1 interferon signaling targets within the TRPC6MYXNEOT1DI gene set, the

Figure 5. Transcriptional induction of TRPC6 in neutrophils supports calcineurin/STAT2-dependent type 1 interferon signaling in new onset T1D

Selected transcripts at the intersection of the indicated gene sets are labeled. Refer to supplementary text for cut-offs used for hypergeometric tests.

(A) Genes that are transcriptionally repressed in response to TRPC6 depletion are induced in new onset T1D neutrophils.

(B) A type 1 interferon signature is strongly enriched in neutrophil T1D-induced genes. The IAV signature was retrieved from Malachowa et al. Table S1,

Mex09 IAV vs. Mock RPMI-18h p < 0.05.

(C) The type 1 interferon signature is super-enriched in neutrophil T1D-induced genes that are regulated by TRPC6.

(D) Canonical transcriptional drivers of the type 1 interferon response are consolidated among nodes with robust transcriptional footprints among

TRPC6MYXNEOT1DI genes. TRPC6MYXNEOT1DI cut-offs: NEOT1DI LFC>0.5 & p < 0.05, TRPC6M LFC < �1 & p < 0.01. Nodes with the strongest and

most significant intersections with the gene set are distributed in the top right quadrant of the plot.

(E) Genes downregulated in response to Ppp3r1/CNB1 depletion in dendritic cells are enriched among NEOT1DI genes.

(F) Genes downregulated in response to Ppp3r1/CNB1 depletion in dendritic cells are further enriched among TRPC6MYXNEOT1DI genes.

(G) STAT2 HCTs downregulated in response to Ppp3r1/CNB1 depletion in dendritic cells are most strongly enriched among TRPC6MYXNEOT1DI genes.

(H) Reactome interferon alpha/beta signaling pathway targets are very strongly enriched among TCS-NEOT1DI genes relative to NEOT1DI genes. Refer to

Table S14 for the underlying data.
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three nodes with the largest TRPC6MYXNEOT1DI enrichments and the largest fold-increases in enrich-

ment between the two gene sets—STAT2, IRF1, and STAT1—were members of the Reactome canonical

type 1 interferon pathway (ENR = 192, p = 7E-08; Figure 5D, Table S15, column L and Table S9, column T).

The canonical TRPC6 pathway is known to signal through calcineurin (Kuwahara et al., 2006); indeed, of

relevance to T1D, calcineurin inhibitors are standard immunosuppressive therapeutics (Park et al., 2020).

We hypothesized therefore that the candidate TRPC6-STAT2 pathway driving induction of NEOT1DI genes

might also encompass calcineurin. To test this hypothesis, we sourced a transcriptomic dataset that exam-

ined the effect of calcineurin loss of function in dendritic cells—represented by deletion of the calcineurin

CNB1 subunit (encoded by Ppp3r1)—on their inflammatory response to A. fumigatus challenge (Zelante

et al., 2017). We retrieved a set of genes from this dataset that were repressed in Ppp3r1 KO cells

(CNB1KOY) and evaluated their distribution among the NEOT1DI genes. Supportive of a role for calci-

neurin in the NEOT1DI transcriptional program, CNB1KOY genes were enriched among NEOT1DI genes

(ENR = 6.5, p = 3E-03; Figure 5E & Table S14, columns K&L). Moreover, specifically implicating a TRPC6-

calcineurin pathway in the regulation of NEOT1DI genes, CNB1KOY genes were further enriched among

the TRPC6MYXNEOT1DI subset (ENR = 28, p = 2E-03; Figure 5F). We next hypothesized that, given its top

ranking in the TRPC6MYXNEOT1DI HCT intersection analysis (Figure 5D), STAT2 was a primary down-

stream target of the candidate TRPC6-calcineurin signaling axis. To test this hypothesis, we defined a sub-

set of calcineurin targets that were candidate STAT2 HCTs (STAT2-HCTsXCNB1KOY; Table S14, column

M). Consistent with our hypothesis, the STAT2-HCTsXCNB1KOY genes were over 10-fold further enriched

among the TRPC6MYXNEOT1DI gene set (ENR = 315, p = 2E-05; Figure 5G).

As a final step in this use case, we wished to place our results in the context of canonical downstream ef-

fectors of interferon signaling, widely considered a critical trigger of T1D pathogenesis. Specifically, if our

candidate TRPC6-calcineurin-STAT2 pathway were valid, we expected to see consolidation within its puta-

tive target gene set of transcriptional effectors of type 1 interferon signaling. To do this, we defined a set of

seven genes at the intersection of the TRPC6MY, CNB1KOY, STAT2-HCT, and NEOT1DI gene sets (TCS-

NEOT1DI; RSAD2,OAS2,DDX60, EPSTI1, IFIT1, IFIT3, andMX1). We then used Reactome pathway analysis

(RPA) (Joshi-Tope et al., 2005) to compute enrichment statistics of functional pathways within this gene set

and compared them to their enrichment within the entire NEOT1DI gene set (Table S16). Consonant with

our hypothesis, the pathway with the most significant enrichment among TCS-NEOT1DI genes (p = 1E-16)

and the largest increase in enrichment between the two gene sets (11 orders of magnitude) was for inter-

feron alpha/beta (i.e. type 1 interferon) signaling (Figure 5H and Table S16). In contrast, enrichment of the

gamma-interferon pathway, classically associated with IRF1 and STAT1 as target transcription factors, was

considerably reduced in the TCS-NEOT1DI genes relative to the NEOT1DI genes as a whole (Figure 5H and

Table S16). Collectively, our results represent evidence for the existence of a neutrophil TRPC6-calcineurin-

STAT2 pathway driving induction of a type 1 interferon expression signature in new onset T1D.

Hypothesis generation use case 3: A PCF11-PP1R10-GTF2I regulatory module connects

alternative splicing in monocyte activation to severity of T1D

Themonocyte-macrophage lineage is a key axis in the innate immune system and has well established links

to autoimmune diseases (Ma et al., 2019). Broadly speaking, monocyte differentiation into macrophages

results in the adoption of the pro-inflammatory M1 phenotype, or the anti-inflammatory M2 phenotype

(Martinez and Gordon, 2014). Although monocyte and macrophage activation have well-established con-

nections to T1D pathogenesis (Josefsen et al., 1994), the underlying mechanisms are not fully understood.

One of the datasets included in our resource compared peripheral blood monocyte gene expression be-

tween recent-onset T1D and healthy controls in two separate cohorts (Table S2, datasets 1256 & 1257, ex-

periments 6610-6613). The investigators found that monocyte expression profiles clustered into two

distinct subgroups, mild (MT1D) and severe (ST1D) deviation of T1D subjects from healthy controls, on

the basis of HbA1c levels 3 and 6months after diagnosis (Table S2). We set out to use this dataset to identify

candidate inflammatory transcriptional complexes that distinguished ST1D and MT1D monocytes.

We first retrieved HCT intersection analysis data for the eight gene sets within the GSE33440 dataset

(ST1D- and MT1D-induced or repressed in both array cohorts; Table S10). We then computed the ratio

of aggregate significant MT1D-induced and ST1D-induced ORs and -log10p (ML10P) values for each

node across the two cohorts (Table S17). For the purposes of subsequent analyses, we designated a set

of 20 nodes as candidate ST1D drivers (ST1DDs; Figure S4 & Table S17, column W; see Figure S4 legend
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for ST1DD cut-off criteria). We reasoned that if our analysis to this point were valid, ST1DDs would be en-

riched for known regulators of macrophage activation. To investigate this in a more statistically systematic

manner, we sourced a recent genome-wide CRISPR screen by Covarrubias and colleagues that identified

genes with essential roles in macrophage viability (Table S18) (Covarrubias et al., 2020). This study assigned

Mann-Whitney (MW) scores to 21,379 mouse genes, such that the gene with the lowest MW score was

designated the most essential for macrophage viability. Validating our list of ST1DDs, genes encoding

top-ranked ST1DD nodes were strongly enriched among the top-ranked hits in the CRISPR macrophage

viability screen (ENR = 61, p = 4E-04; Figure 6A and Table S18, column F).

Cell signaling involves the organization of individual regulatory nodes into higher order complexes

(McKenna et al., 1998; McKenna and O’Malley, 2002). Having identified and validated the ST1DDs, we

next wished to gather evidence for the extent to which they clustered into regulatory modules representing

such complexes. To do this, we carried out hierarchical clustering of nodes that had at least two significant

(p < 0.05) intersections across the eight independent gene sets. This generated a total of 600 nodes orga-

nized into 100 clades (k = 100 cutoff), many of which were further subdivided into discrete subclades at

lower k cutoffs (Figure S5). We designed a two-tier approach to prioritizing clusters whose members

were most strongly implicated as drivers of monocyte activation in ST1D. We first shortlisted a set of seven

clades (40, 40b, 56, 150, 150c, 177, and 177a; Figure 6B) whose constituent nodes were significantly en-

riched among the ST1DDs (Figure 6C, ST1DDs & Table S17, column X). We then further refined this set

of clades to identify those whose members were significantly enriched among the most highly ranked

genes in the macrophage viability screen (Figure 6C, MF viability). After the second prioritization step,

only clades 40b, 150, 150c, and 177a remained. At each prioritization step, the clade with the strongest

enrichment statistics was clade 150c (Figure 6C). Figure 5 panels D&E represent scatterplots depicting

enrichment of clade 150c members among, respectively, ST1DDs (ENR = 30, p = 3E-05; Figure 6D) and

among the top-ranked genes in the Covarrubias macrophage viability screen (ENR = 41, p = 8E-03; Fig-

ure 6E and Table S18, column G). To validate clade 150c, we retrieved three sets of proteins from

BioGRID (Oughtred et al., 2021) representing curated protein-protein interaction partners of PCF11,

GTF2I, and PPP1R10. We then used the hypergeometric test to compare the frequency of these proteins

within nodes that had strong (r > 0.95) HCT intersection correlations with each node, relative to the entire

set of nodes included the analysis. In all three cases (Figure S6A, GTF2I; Figure S6B, PCF11; and Figure S6C,

PPP1R10), we observed appreciable enrichment of BioGRID-curated interacting partners of each clade

150c node among nodes whose intersections correlated most strongly with that node.

Clade 150c comprised three nodes with known roles as components of the cellular splicing apparatus,

namely, the pre-mRNA cleavage complex member PCF11; the human ortholog of Drosophila PNUTS,

PPP1R10; and the general transcription factor GTF2I (Cvitkovic and Jurica, 2013). This was intriguing given

the expanding canon of evidence linking aberrant splicing to disruption of immune homeostasis (Newman

et al., 2017) and, in the case of GTF2I, numerous GWAS-based connections to the autoimmune condition,

Sjögren’s syndrome (Li et al., 2013). Of specific relevance to the macrophage-monocyte lineage, splicing

has been shown to play a central in activation of these cells in the innate immune response (Liu et al.,

2018; Wagner et al., 2021). In this context, we noted with interest a study by Green and colleagues (Green

et al., 2020) showing that decreased intron retention (IR) in monocytes and macrophages is coupled to

increased expression of targets encoding key regulators of phagocytosis and inflammatory signaling.

Placing these observations in the context of our own findings, we hypothesized that (i) IR genes would

be enriched among genes expressed at higher levels in ST1D monocytes relative to MT1D monocytes;

and (ii) this enrichment would be enhanced in the case of genes regulated by members of clade 150c.

Figure 6. Combined HCT intersection analysis and hierarchical clustering defines a novel splicing regulatory module in T1D

Selected transcripts at the intersection of the indicated gene sets are labeled. Refer to supplementary text for cut-offs used for hypergeometric tests.

(A) Mouse orthologs of genes encoding ST1DDs are enriched among the top-ranked hits in a CRISPR screen for macrophage viability.

(B) Hierarchical clustering of nodes with significant HCT intersections defines candidate regulatory clades among ST1DDs.

(C) Table showing results of hypergeometric test of clade members with respect to ST1DDs and MF viability screen.

(E) Enrichment for hypergeometric test; p: p value for hypergeometric test (D) Clade 150c nodes are enriched among ST1DDs. Nodes with the strongest and

most significant intersections with the gene set are distributed in the top right quadrant of the plot.

(E) Genes encoding clade 150c nodes are enriched among the top-ranked hits in the CRISPR macrophage viability screen.

(F) Green-IR genes are enriched among cross-cohort monocyte ST1D v MT1D-induced genes.

(G) Green-IR genes are super-enriched among cross-cohort monocyte ST1D v MT1D-induced clade 150c SCTs.

(H) ST1D-induced predicted clade 150c targets are strongly enriched among the top-ranked hits in the CRISPR macrophage viability screen.
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To test this hypothesis, we generated a probeset-level ST1D v MT1D cross-cohort analysis (Table S19). We

then retrieved a set of IR transcripts that were upregulated in inflammatory monocyte differentiation at the

protein level per Green and colleagues (Green et al., 2020) (designated Green-IR; Table S19, column H).

Reflecting a strong relationship between monocyte inflammatory IR and ST1D monocyte-induced tran-

scriptional programs, Green-IR transcripts were appreciably enriched among cross-cohort ST1D-induced

genes (ST1D[; ENR = 7.5, p = 2E-03; Figure 6F), but not among cross-cohort ST1D-repressed genes.

ST1D[XGREEN-IR genes common to both cohorts included several with known roles in macrophage acti-

vation and inflammatory responses. Among the overlapping genes, FMNL1 is an essential component of

podosomes, which are adhesive structures required for tissue invasion by inflammatory macrophages (Mer-

sich et al., 2010). Moreover, ATG16L1 encodes an effector of autophagy, which has been shown to be an

essential process in monocyte-macrophage activation and phagocytosis (Zhang et al., 2012), and has

been previously implicated in Crohn disease (Rioux et al., 2007). In addition, MOV10 (Chertova et al.,

2006) and ZNFX1 (Wang et al., 2019b) have been shown to be involved in viral infection of macrophages,

an event identified as a potential trigger for autoimmune responses.

Next, to explore evidence for a specific role for clade 150c in ST1D-specific IR splicing events, we annotated

the probeset-level ST1D v MT1D cross-cohort analysis with SPP ChIP-Seq consensome percentiles for

PCF11, PPP1R10, and GTF2I (Table S19, columns I–K). These values indicate the percentilized relative

strength of the node-target gene regulatory relationship computed across all publicly archived ChIP-

Seq experiments in which that node is the IP antigen (Ochsner et al., 2019). As a sanity check, we firstly vali-

dated the PCF11 ChIP-Seq consensome against a set of genes differentially expressed in response to

depletion of PCF11 in cultured cells (Kamieniarz-Gdula et al., 2019) (Figure S6D). Consistent with a role

for members of clade 150c in modulating IR in ST1D monocytes, the already strong enrichment of

Green-IR transcripts among ST1D[ genes (Figure 6A) was strikingly enhanced when we limited the ST1D

[ genes to those that were strong confidence transcriptional targets (SCTs; defined as the 75th %ile of a

consensome) for at least two of the three members of clade 150c (ENR = 96, p = 4E-06; Figure 6G). As a

final step in our use case, we surmised that clade 150c SCTs would themselves be enriched among genes

with essential roles in macrophage viability. Consistent with this notion, the highest-ranked ST1D[ clade

150c SCTs —which included several genes with known roles in macrophage activation—were considerably

enriched among genes with elevated rankings in themacrophage viability screen (ENR = 49; p = 6E-04; Fig-

ure 6H and Table S18, column H & Table S19, column L). Collectively, our results are a strong basis for the

hypothesis that members of clade 150c represent a multi-node module that whose regulation of monocyte

alternative splicing events distinguishes severe and mild type 1 diabetes.

Comparison of informatic methods with other approaches

To complete our study, we compared the performance of the informatic strategies underlying this study

against existing approaches. We first compared ET1DREs with T1D gene expression signatures selected

on the basis of three distinct criteria. Firstly, to demonstrate the value that C-FLEE meta-analysis adds to

the underlying stand-alone studies, we selected a list of genes that were downregulated in one of the un-

derlying T1D case:control studies (Kaizer GSE9006 gene set; T1D v C LFC < -0.3 & p < 0.05). Secondly, to

compare our approach to a case:control cohort study not included in our analysis, we retrieved a list of

genes shown by Mehdi and colleagues (Mehdi et al., 2018) to be downregulated in T1D subjects relative

to control individuals. Thirdly, to demonstrate the value of C-FLEE over other network informatic ap-

proaches, we identified a set of 1003 candidate T1D genes from a recent gene expression profiling

meta-analysis (De Silva et al., 2022). As an independent, objective benchmark, we compared enrichment

of ET1DREs and these three gene sets against the Type 1 Diabetes Knowledge Portal list of 1000 genes

that exhibit significant (p < 5E-03) associations with the incidence of type 1 diabetes (Table S20, columns

A&B). Reflecting the accuracy with which our analysis identifies genes with strong causative associations

with T1D, we observed significant enrichment among the top-ranked T1DKP genes of ET1DREs (ENR =

4, & p = 1E-02 hypergeometric test; Table S19, column C), but not of the Kaizer (Table S20, column D),

Mehdi (Table S20, column E), or De Silva (Table S20, column F) gene sets. Finally, we had previously shown

that a set of literature-curated NK cell transcription factors (Hesslein and Lanier, 2011) was strongly en-

riched among nodes that had significant HCT intersections with ET1DREXNK genes (Hesslein NK nodes,

Figure 4C). We wished to compare the performance of this analysis with the popular ENRICHR (Xie et al.,

2021) and GSEA (Subramanian et al., 2005) enrichment analysis tools. Again consistent with the superior

accuracy of our analytics over these approaches, we failed to observe significant enrichment of the Hesslein

NK nodes among p < 0.05 intersections for either the ENRICHR or GSEA analyses (Table S21). In summary,
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this analysis demonstrates the value that the informatic approaches supporting this study add to existing

resources.

DISCUSSION

Datasets profiling gene expression in CICs have been of considerable value in demonstrating the transcrip-

tome-wide impact of deficits in T1D CIC signaling in individual clinical cohorts (Table S1). Independently

archived, however, these datasets are isolated both from each other, and from a broader universe of data-

sets that document regulatory relationships between signaling nodes and their transcriptional targets in a

reduced-bias manner (Ochsner et al., 2019). Here, we extended the value of these T1D CIC datasets along

three dimensions. We firstly surveyed across the datasets in aggregate to identify genes that exhibited sig-

nificant tendencies toward preferential induction or repression in T1D CICs. Secondly, computation of

these datasets against millions of archived transcriptomic and ChIP-Seq data points relevant to cellular

signaling nodes enabled the prediction of T1D transcriptional regulatory networks. Thirdly, we leveraged

a widely popular web-based visualization environment to promote engagement of these networks by the

broader research community.

In designing our study, we took into account the fact that rigorous validation against independent cross-

disciplinary indices would be critical to its reliability as a hypothesis generation resource. To this end, we

compiled a set of orthogonal validation strategies that ran the gamut of clinical, population genetic, and

mechanistic facets of T1D. The performance of our networks against gene sets generated by a recent in-

dependent clinical T1D cohort analysis was highly encouraging (Figures 1A and 1B). Moreover, the avail-

ability of a clinical transcriptomic dataset for the anti-CD3 antibody teplizumab represented a critical,

independent ‘‘reversal-of-function’’ benchmark that demonstrated alignment of our predictive networks

with resolution of clinical T1D (Figure 1C). Similarly, the degree of convergence between our predicted

T1D genes and those generated by large cohort GWAS studies was an additional strong source of valida-

tion (Figure 1D). On a mechanistic level, we leveraged a CRISPR screen for genes with critical roles in T cell

function and viability to demonstrate the important role of ET1DRE and ET1DIE nodes as non-redundant

points of failure in T cell function and viability (Figures 2C and 2D).

Our study introduces a previously unpublished informatic method, C-FLEE, which addresses the inherent

heterogeneity of transcriptomic datasets that can arise from, for example, differential regulation of alter-

native splice forms mapped to different probesets. Adding to this technical heterogeneity in our study was

the fact that the dataset source biosample was often multicellular in nature. In technical terms, this hetero-

geneity manifested itself in the modest gene level aggregate GMFCs of the original consensome analysis

(Table S3). It was only when we applied modified consensome analysis to include the FLEE module that

meaningful subsets of T1D-repressed or -induced transcripts were resolved that withstood subsequent

validation. Although heterogeneity of transcriptomic datasets has been typically cited as an obstacle to

their prognostic and diagnostic value (Bonifacio, 2015), other studies have demonstrated that such hetero-

geneity can actually be an asset in gleaning insights into fundamental mechanisms underlying human

disease (Cahan and Khatri, 2020). Indeed, our discovery of a compelling degree of identity between the

top-ranked NK-cell specific ET1DREs and a nine-gene signature that was consistently repressed in

MIS-C (Figures 4F–4H) would not have been possible without the use of C-FLEE analysis to resolve the orig-

inal set of ET1DREs. We noted with interest the fact that the performance of the ET1DREs against validation

gene sets was muchmore robust than that of the ET1DIEs. This discrepancy may to some extent reflect bias

in the validation gene sets, but can also be interpreted as evidence that transcriptional dysfunction of CICs

in T1D is dominated by depletion of gene expression programs in cell types with critical roles in tolerance.

Although this is a necessarily speculative interpretation, evidence exists that loss of function of specific CIC

populations is a contributing factor in T1D (Jeker et al., 2012; Oras et al., 2019; Visperas and Vignali, 2016).

A consistent computational theme across our use cases is the isolation of discrete groups of genes to

resolve deficits in CIC signaling pathways that were less apparent in the broader universe of T1D-regulated

genes from each dataset. Predicates for this strategy encompassed selective expression in specific immune

cell lineages, high confidence connections to downstream pathways indicated by genome-wide functional

screens, and preferential regulatory relationships with upstream signaling nodes predicted by our own

consensome analysis (Ochsner et al., 2019). In use case 1, for example, computation of ET1DREs against

scRNA-Seq immune cell expression atlases (Ota et al., 2021; Travaglini et al., 2020) drew our attention to

NK cells, from which additional community datasets (Collins et al., 2019; Hanna et al., 2004) enabled
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progressively finer resolution of the CD56dim CD57+ ET1DRE gene subset (Figure 3). In use case 3, although

we observed a modest enrichment of IR genes in the ST1D-induced gene set, it was not until we applied

HCT intersection clustering and consensome annotations that the potential role of clade 150c in connect-

ing alternative splicing events in macrophages to severity of type 1 diabetes became apparent (Figure 6).

Although scRNA-Seq approaches have exciting potential in type 1 diabetes, and would certainly add value

to our resource, they have not yet been archived in sufficient numbers to support meaningful meta-analysis.

Our use cases demonstrate however that while this situation persists it need not necessarily be an imped-

iment to discerning cell-type-specific signaling deficits contributing to T1D.

A critical component of our study is the availability of the predictive networks in a freely accessible, feder-

ated web resource. The broad, cross-domain userbases of NDEx and SPP will give investigators across

diverse fields the opportunity to bring their own domain- and paradigm-specific expertise to bear upon

the complexity of T1D. Making the data matrix available in two resources that place a high prioroty on

ease of use enables bench researchers to benefit from the results of analytical approaches that are more

typically the preserve of laboratories with advanced informatics expertise and computational infrastruc-

ture. That said, although researchers lacking informatics expertise are the primary focus of our resource,

sophisticated informaticians may develop alternative approaches to computing against the T1D gene

expression matrix that complement the networks generated by C-FLEE and HCT intersection analyses.

Supported by appropriate levels of funding, our resource will be supplemented with future T1D case con-

trol datasets that will serve to iteratively improve their predictive capacity. Placed in a broader context, our

approach demonstrates the role that judicious selection, biocuration, and computation of existing archived

omics-scale datasets can make to supporting hypothesis-driven research into human disease states.

Limitations of the study

Our study has a number of limitations. Abundant literature evidence emerging from both clinical cohorts

andmodel systems points to the complex, polygenic basis of T1D and its associated clinical complications.

As has been previously pointed out (Bonifacio, 2015), it is unrealistic for a meta-analysis of diverse, hetero-

geneous datasets to arrive at prognostic or diagnostic principles that apply across all cohorts, and no such

assertion is implied by our study. To assist users in resolving the heterogeneity of the underlying datasets,

we provided the complete feature-level differential data matrix (Table S4) such that users can identify spe-

cific patterns of differential expression in the underlying contrasts. Another limitation relates to the design

of the available studies; since most archived T1D are based upon peripheral blood samples, our study is

limited to the CIC compartment and does not address the important roles known to be played by local tis-

sue-resident immune cell populations in T1D. Moreover, since the transcriptomic datasets and ChIP-Seq-

based HCT intersection analysis are fundamentally transcriptional methodologies, the roles in T1D of

deficits at the protein and metabolite levels are not directly addressed by our study. Finally, although

extensively validated and statistically robust, our use cases are inferential in nature, and discerning specific

underlying mechanisms is beyond the scope of our informatic analysis. For example, it is unclear whether

enrichment of the CD56dim CD57+ NK cell genes among ET1DREs represents either reduced absolute

numbers of these cells, or selective repression of transcriptional programs within this cell type. Although

hypotheses such as those resolved by our analysis must be pressure-tested before their true clinical value

can be established, the value for laboratories with limited budgets to avoid the informatic heavy lifting

required to arrive at such predictions can be nonetheless be appreciated.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited Data

Gene Expression Omnibus SCR_007303

ArrayExpress SCR_002964

Type 1 Diabetes Knowledge Portal SCR_020936

ChIP-Atlas SCR_015511

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood mononuclear

cells (PBMCs)

10.1621/vA3dd7GjOJ

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human CD14+ monocytes isolated from

peripheral blood mononuclear cells (PBMCs)

10.1621/UVifeAYAbV

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human CD14+ monocytes isolated from

peripheral blood mononuclear cells (PBMCs)

10.1621/k7BYeTib2R

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human CD14+ monocytes isolated from

peripheral blood mononuclear cells (PBMCs)

10.1621/3HLF1qydpY

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human whole blood

10.1621/ooDpatg6cJ

Analysis of the type 1 diabetic (T1D), type 2 diabetic

(T2D), and non-diabetic transcriptome in human peripheral

blood mononuclear cells (PBMCs)

10.1621/8j3AQeLmFm

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood mononuclear

cells (PBMCs)

10.1621/GbS5YGB6aX

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood mononuclear

cells (PBMCs)

10.1621/o93ke5Km3V

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood mononuclear

cells (PBMCs)

10.1621/3LVkDefCXZ

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood mononuclear

cells (PBMCs)

10.1621/VosI2QKTZb

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human CD14+ monocytes isolated from

peripheral blood mononuclear cells (PBMCs)

10.1621/vYTTxDS6RR

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human whole blood

10.1621/fYxnk3NySG

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human hematopoietic stem cells

10.1621/VenFStgTOS

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human peripheral blood T-cells

10.1621/SQhBjEhdCZ

Analysis of the type 1 diabetic (T1D), at-risk pre-

symptomatic, and non-diabetic transcriptomes in

human peripheral blood neutrophils

10.1621/aJT6THuICG

(Continued on next page)
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead con-

tact, Neil McKenna (nmckenna@bcm.edu).

Materials availability

This study did not generate any new reagents.

Data and code availability

d This paper analyzes existing, publicly available datasets. The accession numbers for the datasets are

listed in the Key Resources table.

d All secondary data generated this study are available from the Signaling Pathways Project and Network

Data Exchange resources. RRIDs for these resources are provided in the Key Resources table.

d All code relevant to this study is available in the SPP GitHub account under a Creative Commons CC BY

4.0 license at https://github.com/signaling-pathways-project.

d Any additional information required to reanalyze the data reported in this paper is available from the

lead contact upon request.

METHOD DETAILS

Dataset collection

Searching the Gene Expression Omnibus and Array Express transcriptomic dataset repositories, we iden-

tified a total of 21 clinical studies comparing gene expression profiles between subjects diagnosed with

T1D and normoglycemic controls. A confirmatory literature search of PubMed identified a number of

studies that did not archive their full datasets but instead provided abridged gene lists as supplementary

data. To avoid introducing any bias associated with the criteria applied to generate these gene lists,

these studies were excluded in our study. Four datasets compared gene in T1D and control donor

pancreas samples; due to their limited number these datasets were not included in our study. Likely re-

flecting the relative ease with which these samples can be collected from subjects, the vast majority (n =

17) of the available archived T1D v control datasets were based upon RNA prepared from CICs. Of the 17

CIC datasets, 13 were expression array and four were high-throughput RNA-Seq-based (Table S1). One

of the CIC datasets included a type 2 diabetes v control contrast that was not included in our study. IRB

approval was not required since the original datasets were de-identified and archived in a public

repository.

Gene expression analysis

To process microarray expression data, we utilized the log2 summarized and normalized array feature

expression intensities provided by the investigator and housed in GEO. These data are available in the cor-

responding ‘‘Series Matrix Files(s)’’. The full set of summarized and normalized sample expression values

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human monocyte-derived dendritic cells

10.1621/1O6M5NThYy

Analysis of the type 1 diabetic (T1D) and non-diabetic

transcriptome in human CD14+ monocytes isolated from

peripheral blood mononuclear cells (PBMCs)

10.1621/ulQrgbGNvi

Signaling Pathways Project SCR_018412

Network Data Exchange SCR_003943

Software and algorithms

Signaling Pathways Project SCR_018412

Bioconductor GeneOverlap SCR_018419
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were extracted and processed using R software (http://cran.r-project.org). To calculate differential gene

expression for investigator-defined experimental contrasts, we used the linear modeling functions from

the Bioconductor limma analysis package. Initially, a linear model was fitted to a group-means parameter-

ization design matrix defining each experimental variable. Subsequently, we fitted a contrast matrix that

recapitulated the sample contrasts of interest, in this case viral infection versus mock infection, producing

fold-change and significance values for each array feature present on the array. The current BioConductor

array annotation library was used for annotation of array identifiers. p values obtained from limma analysis

were not corrected for multiple comparisons prior to consensome analysis. To process RNA-Seq expres-

sion data, we utilized the aligned, un-normalized, gene summarized read count data provided by the inves-

tigator and housed in GEO. These data are available in the corresponding ‘‘Supplementary file’’ section of

the GEO record. The full set of raw aligned gene read count values were extracted and processed in the

statistical program R using the limma and edgeR analysis packages. Read count values were initially filtered

to remove genes with low read counts. Gene read count values were passed to downstream analysis if all

replicate samples from at least one experimental condition had cpm >1. Sequence library normalization

factors were calculated to apply scale normalization to the raw aligned read counts using the TMM normal-

ization method implemented in the edgeR package followed by the voom function to convert the gene

read count values to log2-cpm. The log2-cpm values were initially fit to a group-means parameterization

design matrix defining each experimental variable. This was subsequently fit to a contrast design matrix

that recapitulates the sample contrasts of interest (case versus control contrasts) producing fold-change

and significance values for each aligned sequenced gene. If necessary, the current BioConductor human

organism annotation library was used for annotation of investigator-provided gene identifiers. p values ob-

tained from limma analysis were not corrected for multiple comparisons prior to consensome analysis.

Consensome-FLEE analysis

Differential expression values from individual case:control contrasts were committed to the consensome

analysis pipeline as previously described (Ochsner et al., 2019). Briefly, the consensome algorithm surveys

each experiment across all datasets and ranks genes according to the frequency with which they are signif-

icantly differentially expressed. For each transcript, we counted the number of experiments where the sig-

nificance for differential expression was%0.05, and then generated the binomial probability, referred to as

the consensome p value (CPV), of observing that many or more nominally significant experiments out of the

number of experiments in which the transcript was assayed, given a true probability of 0.05. p values were

adjusted using the p.adj function in R to generate q values (CQV). Genes were ranked firstly by CQV, then

by GMFC. Please refer to the main text for details on the FLEE component of this analysis.

High confidence transcriptional target intersection analysis

High confidence transcript intersection analysis (Ochsner et al., 2020) was used to compute overlap be-

tween T1D gene lists and ChIP-Seq consensome sets of 961 human signaling pathway nodes. Briefly,

ChIP-Seq consensomes rank genes based upon the average peak height of a gene over all public ChIP-

Seq datasets in which a specific node was an IP antigen (Ochsner et al., 2019). Source data were obtained

from the ChIP-Atlas resource (Oki et al., 2018). Genes in the top 5% of these consensomes were designated

as high confidence transcriptional targets (HCTs) for a given node (Ochsner et al., 2020). We then input

gene lists into the Bioconductor GeneOverlap analysis package implemented in R. Given a whole set I

of IDs and two sets A ˛ I and B ˛ I, and S = A X B, GeneOverlap calculates the significance of obtaining

S. With specific reference to this study, S represents the overlap between node HCTs and ET1DREs,

ET1DIEs and subsets thereof, or significantly induced or repressed gene sets from the underlying individual

case:control contrasts. The enrichment (ENR) number represents the ratio of the number of observed inter-

secting genes and the number of expected intersecting genes. The problem was formulated as a hyper-

geometric distribution or contingency table and solved by Fisher’s exact test. p values were adjusted for

multiple testing by using the method of Benjamini & Hochberg to control the false discovery rate as imple-

mented with the p.adjust function in R, to generate q values. The universe for the intersection was set at a

conservative estimate of the total number of transcribed (protein and non-protein-coding) genes in the hu-

man genome (25,000).

Pan-autoimmune GWAS genes

We retrieved the top 1000 common variant gene-level associations for (p % 0.05) for type 1 diabetes,

Crohn’s disease, ulcerative colitis and irritable bowel syndrome from T1DKP. To generate the list of

PAGGs, we ranked genes in each of the four categories then generated an average ranking
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Hierarchical clustering

Hierarchical cluster analysis of HCTI results was done using the hclust function in R with ‘‘complete’’

agglomeration to evaluate dissimilarities. Pearson correlation coefficients between MLP values were

used as a distance measure (1-coefficient). Functions from the dendextend and corrplot libraries were

used to visualize clustering results as dendrograms. All functions were run in R 3.6.3.

QUANTIFICATION AND STATISTICAL ANALYSIS

The hypergeometric test was used to calculate the significance of enrichment of a given gene set within

another gene set. In the interests of full transparency of our statistical approaches, gene set cut-offs for

all hypergeometric tests are itemized in the supplementary text. All hypergeometric test functions were

run in R 3.6.3.
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